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remains unclear. Recently, fMRI studies have shown that th@ognition atthe University of Oslo (“Neurocognitive Development” and
functional organization of the brain is shaped by an intrinsic*Cognition and Plasticity through the Life-Span”). The study was ap-
architecture that can be observed in the network patterns of botAroved by the Regional Committee for Medical and Health Research
task-related and resting fMRISfith et al., 2009Finn et al., Ethlcs in Norway. More information about inclusion and exclusion cri-
2015. Additional evidence has now begun to suggest that sucfi"ia can be found iDouaud etal. (2014) .
functional architecture topographically corresponds to an equiv- All participants underwent the same imaging protocolona 1.5 T Sie-

mens Avanto scanner at Oslo University Hospital, with no hardware

alent network-based structural organization, with particular net'upgrades and only minor software upgrades performed during the

works found to occur both in functional and structural imaging coyrse of the acquisition period (2006—2010). Whole-brain T1-weighted
(Greicius et al., 200Honey et al., 2009Segall et al., 2012 jmages were acquired using a 12-channel head coil and magnetization
Alexander-Bloch etal., 20:18porns, 201§ For instance, “struc- prepared rapid gradient echo (MPRAGE) with the following parameters:
tural covariance” studies, in which maps of covariation in the siz&R/TE/TI  2400/3.61/1000 ms, flip angle of 8°, matrix 19292, FOV
of gray matter regions at a population level are created usirZflO mm, voxelsize1.251.25 1.2mm?, 160 sagittal slices. Toincrease
regions of interest, have revealed gray matter architectures parsignal-to-noise ratio, the sequence was run twice within a single session.
resembling intrinsic functional resting-state networks (RSNs) Imaging processing. AS we aim to further our understanding of what the
(Chen et al., 200%Beeley et al., 20p9n addition, identification contributing factore to the gray matter volume networks m|ght be, for
of patterns in healthy brain structure have recently provided inEX@MPle, as described eeley et al. (2009ye assessed cortical thick-

. . . . . ness and area in addition to volume, as these are the two modalities
sights into the spread and selective targeting of disease proces

i d di fih | ks hiahl Iﬁ/%?cally used to disentangle the different contributions to, and possible
making an understanding of these structural networks highly re interpretations of, gray matter volume in numerous previous studies

evant to the clinical field §eeley et al., 200Raj et al., 2012 (pouaud et al., 20q¥oets et al., 2009albrzikowski et al., 201Storsve
Douaud et al., 2014&eighami et al., 2035 etal., 2014Winkler et al., 2018

However, fundamental questions remain unanswered on the T1-weighted images were processed using FSL-VBM4ud et al.,
extent and nature of this structure—function correspondence. Fa2007, an optimized voxel-based morphometry analysis protoéaih-
example, the following remain to be determined: (1) whethelburner and Friston, 20Q0using FMRIB Software Library (FSL) tools
gray matter volume structural covariance patterns reflect the erfs!.fmrib.ox.ac.uk/fsl/fsiwiki/FSLVBM(Smith et al., 2004 For each
tire repertoire of canonical functional architecture; that is,SUPiect, the input image for FSL-VBM was an average of the two
whether all of the brain regions present in canonical functionaf°i9n€d MPRAGE scans. The two runs were preprocessed using Free-

networks also covary in size across the population; (2) if stru Surfer ittp://surfer.nmr.mgh.harvard.edy/including motion correc-
y pop ; S0 averaging, and intensity nonuniformity correction. Before the

ture—.functlon correspondence can be detected at afiner d.egreelggnl_’_VBM processing, the volumes were masked by the full-brain seg-
detail than those canonical functional networks; and (3) if suchnented volume output from FreeSurfeFigchl et al., 2092excluding
volume variation across subjects is associated with variation {bnbrain compartments. A left-right symmetric, study-specific template
the folds and thickness of the cortex. was created by: (1) registering the 484 brain-extracted, gray matter-
To uncover the richness of structural patterns in the humarsegmented images to the MNI 152 standard space “avg152T1_gray” tem-
brain, we investigate here the gray matter structure of a largdate using nonlinear registration and (2) averaging and flipping the
healthy population covering most of the lifespan (8—85 yearg}esulting images along theaxis. After nonlinearly normalizing all the
with a data-driven approach. Using one structural MRI scan pe#'ay matter images onto_this symmetric stuo!y-specific gray matter tem-
subject, our multimodal approach (linked independent Compo_plate, the modulated registered gray matter images were smoothed with

. - - ) an isotropic Gaussian kernel withveof 2 mm ( 5 mm FWHM).
nentanalysis)@roves etal., 20} nakes it possible to co-model In addition, brain structural information was derived from two addi-

three types ef gfay matter information to reveal maps of p0pu|a‘fional, complementary types of gray matter information: vertexwise cor-
tion covariation in gray matter volume, as well as complementary ) thickness and surface area measures calculated using FreeSurfer by
maps of covariation in cortical area and cortical thickness to helpgeans of an automated surface reconstruction sché@ate(et al., 1999
disentangle the possible interpretations of gray matter volumeischl et al., 199Fischl and Dale, 2000Cortical thickness measure-
results. We decomposed the data into 70 modes of variation— @nents were obtained by reconstructing representations of the gray/white
independent components (ICs)—to allow further comparisonboundary and the pial surface and then by calculating the distance be-
with the functional network decompositions presented@mfith ~ tween the surfaces at each vertex across the cortical mantle. Surface area
et al., 2009that showed good correspondence between restingas estimated by registering each subject’s reconstructed surfaces to a
and task-related networks. Each of the spatial ICs obtained Wiﬁpmmontemplate (using folding information to drive the within-surface

this method represents a mode of covariation of gray matter Voiv_varping) and the relative amount of expansion or compression at each
ume. area. and thickness across all 484 particioants vertex was used as a proxy for regional area. These FreeSurfer maps
’ ’ P p : were resampled, mapped to a common coordinate system using a

Materials and Methods nonrigid high-dimensional spherical averaging method to align cor-

o ; ) . tical folding patterns, and smoothed with a Gaussian kernel with an
Participants and imaging protocol. A total of 484 right-handed healthy £\w/1Mm of 10 mm.

volunteers (264 females) covering most of the lifespan (aged 8to 85 years; ; .. .7 1~ analysis (ICA). Linked ICA is a data-driven approach that

39 13 years) were included in this study from two separate res_earcﬁm co-model multiple imaging modalities. Its main goal is to model the
projects run by the Research Group for Lifespan Changes in Brain ang,,qing data as a set of interpretable ICs, characterizing plausible modes
of variability across all subjects’ modalities. Multimodal and data-driven
(100309/Z/12/Z; 110027/2/15/Z). E.D. is a University of Oxford Excellence Fellow in Pagpiacts\sfisomientetisopts (linked ICA, but also joint ICA) have made these
ported by the SSNAP OSupportfor the Sick Newborn and their ParentsO Medical ReseaigbfacFoaviatigmigrilte, especially in mental health disordeus gt
for Integra}ive Neuroimaging is supported by core funding from the Wellcome Trust (%g{sllag(ﬁigéwﬁetﬁa@[( al., 201Brancx et al., 201@oan et al., 2017b
JacintaOOSheaforhelponthefunctionalspecializationofthevisuomotorareas,JiIIO%ﬁ@ygrﬁﬂ@ngigrg%e%rﬁﬁlﬁeterogeneity in symptoms, disease course, and
withthe functional specialization ofthe cerebellumandvisual areas, and AndersonWinliljtalgr)oraFc%ffjhcrt])awemrgﬂt]snolﬁgsmarquand etal 20])6but also recently with
cortical measurements. . . . o ’
The authors declare no competing financial interests. A_Izhelmer’s_dlsease and mild cognltlve impairmedoén et _al_., 201%a
Correspondence should be addresiedouaweasdouaud @fmrib.ox.ac.uk. Linked ICA is part of FSLH(tp://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FLICH
https://doi.org/10.1523/JINEUROSCI.2912-18.2019 and was described in detail in earlier FLICA pap&m{es et al., 2011
Copyright© 2019 the authors Douaud et al., 2014 Briefly, we ran the linked ICA decomposition on
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the 4D files obtained from our FSL-VBM and FreeSurfer processingto two groups of equal sizei( 242) perfectly age matched in mean
(GM_mod_merg_s2_4 mm.nii.gz, ?h.thick.fsaverage5.10.mgh, ?h.peahd in variance to the original population and to one another (to retain
area.fsaverage5.10.mgh) with 70 ICs to make this comparable to thdnat we believe is animportant feature of our original population, mean:
decomposition of resting-state and task-based fMRI datasets used 38.4 22.6 years of age), and ran FLICA with the same options on these
Smithetal. (2009and» 1000 maximum iterations. FLICA, which will two subgroups. We identified the two new sets of ICs by comparing them
eliminate unneeded components using Bayesian model order selectiomith the original analysis using voxelwise spatial cross-correlation, fol-
keptall 70 ICs. lowing the same procedure described above, and then compared the two
We identified all of the 70 ICs’ spatial distributions using, wherevenew sets of ICs with one another.
relevant, the Jich atlas, based on probabilistic cytoarchitectonic seg- The results and script are available attp://www.fmrib.ox.ac.
mentations performed by the team of Professors Zilles and Amunts angk/datasets/FLICA_ThickAreaVol/This experiment has not been
transformed into MNI spaceKickhoff et al., 2005 as well as a cerebel- preregistered.
lum probabilistic atlasiedrichsen et al., 2008@evised using anatomi-
cal labels and boundaries defingg@mortem (Schmahmann, 2000 Results
Post hoassociation with age. The result of the linked ICA is blind to  Global and age-related independent components
the participantsdemographics and s_olely relies on the inf_ormation ofOfthe 70 ICs, there were three global, spatially nonspecific com-
the structural scans. We thus determinest oc which ICs might show  54nents accounting for most of the structural variance across all
association (linear, quadratic, and cubic) with 4MATLAB2012, using he 484 healthy participants. IC1 was a multimodal component
glmfit). Results were corrected for multiple comparisons across all . . - . . - .
ICs. madg 'of 51% cortical thlcknes§ |nformat|on (accquntlng, in this
Spatial cross-correlation with resting-state and BrainMap networks. SpeCIfIC.lc_:, for 65% of the_ cortical thICkneSS_ variance across all
Matching networks is a notoriously challenging task. Spatial correlatiotne participants), 7% cortical area (accounting for 17% of the
can objectively quantify how similar the topographical distribution cortical area variance), and 42% gray matter volume (accounting
across maps isSfnith et al., 2009Douaud et al., 204 but ultimately ~ for 49% of the gray matter volume variancd)quaud et al.,
manual inspection is needed to help identifying maps as correspondir@014. IC2 was essentially composed of cortical area information
to the “canonical” DMN, executive, frontoparietal, visual, sensorimotor,(89%, accounting for 27% of the variance) and IC3 of cortical
and auditory networksgeckmann et al., 2095The level of fragmenta-  thjckness (98%, accounting for 10%).
tion can also vary across datasets. Here, to compare the spatial distribu- Overall, 13 ICs were statistically significantly associated with

tion of the gray matter networks (GMNSs) with those of the canonical ; ; . ;
functional networks, we adopted the approach of normalizing and aver:J¢€ either quadratically:( _6: 1C4, 6, 9, 18, 19, 24), cubically

aging across networks when the level of fragmentation was higherfororg 2:1C11, 49, 50, 5_2’ 67), quadratlcal.ly and CUbl?aﬂy (L:
dataset. We considered a whole gray matter mask and correlated all VA -5,)’ oralithree g 1:1C1), after correction for multiple com- .

els of the FLICA relevant ICs with both resting-state fMRI (RSN) and thé@risons. However, only two of these ICs showed also practical
BrainMap (BM) fMRI databaseF(OX and Lancaster, 20p2anonica| Slgnlflcance for these aSSOCiationS, that iS, Significance measured
functional networks fromSmith et al. (2009using voxelwise spatial using effect magnitude, such as the variance explained by age, as
cross-correlation. To assess the significance of the spatial crospposed tg-valuesKirk, 1996: IC1 and IC4, comprehensively
correlations between the structural and functional ICs, we randomlylescribed previouslyDouaud et al., 2014 Six ICs showed sig-
generated 1000 Gaussian noise images that we smoothed with the cofiigficant sex-related differences after correction for multiple com-
sponding estimated smoothness for each set of ICs. We then calcula§grisons, although only three ICs remained associated with sex

the 1000 cross-correlations between each pair of these ICs and compaiger adjusting for intracranial volume and only one IC consider-
the strength of our observed correlations with this empirically generateI g practical significance: ICDpuaud et al., 2024

null distribution. F d f structural variabilit fifactual
Hierarchical clustering between the structural components. \We used hi- ourmodes of structural variabiiity were artifactual compo-

erarchical clustering to investigate whether 36 of the most identifiabl@€Nts: IC6 related to the variable efficacy of the brain extraction
structural network ICs would form together functionally meaningful @round the basal arteries and IC9, IC19, and 1C63 were domi-
higher-order clusters. We used the correlation coefficient of the subjectated by only a few of the participants’ scans (between 1 and 3),
weight vectors between any two ICs as similarity measure, and complethough such ICs might still represent an anatomically meaning-
linkage as an algorithm to create the cluster tree in MATLAB versioful mode of variability for the remaining participants. For in-
7.14. In the hierarchical tree, the height of each inverted U links represtance, one of them defined precisely the basal ganglia structures,
sents the distance (here 1) between the two objects being connected.pt seemed very strongly driven by one elderly subject exhibiting

Hierarchical clustering on the transposed matrix, that is, using the COfumerous Virchow—Robin spaces in those structures. It is alto-
relatlc_)n coeﬁlglent between the ICs dlstrl_butlon of sut_)]ects Welghts_ fogether possible, however, that the remaining 483 participants’
two given subjects, revealed no pattern in the grouping of the subjec

that could be associated with demographics or cognitive measures. contribution to this IC might have been valuat_)le_ bec_ause, of the

The sub-Gaussian nature of the more spatially extended (global) confC |CS, no other one revealed mode of variation in the basal
ponents retained by FLICA and the rich complementarity between thganglia. By contrast, another structural covariance study found
different measures derived from the T1 data (volume, area, thicknesH)e strongest spatial cross-correlation with functional networks
might explain why our linked ICA approach performed so well with in the basal gangliéSegall et al., 2012
respect to identifying many—and functionally linked—distinct compo-
nents of covariation: for instance, in a previous study of just gray matteGMN's
“concentration,” six of 75 ICs were identified for network correlations toThe vast majority of the remaining structural components40
be compared here with 36 of 70 ICs that were included in our hierarchicgdt the 70 ICs) represented regional patterns of mostly spatially
clustering analysisSegall et al., 201.2Although the multimodality of ovarying gray matter volume and cortical area recapitulating
gray matter information resulted in clearer, more spatially well define unctionally meaningful networks across the entire brain (see
results and facilitated their interpretability, running FLICA (with the _. .

Jrigs. land2 and for more details of these networks, see below).

same set of options) solely based on the gray matter volume informati - . >
yielded similar results (data not shown). These components describing localized, well defined modes of

Replication. As an accessible replication sample covering this large ayariation ShPWGd no _re|ati0n5hip with age (linear, quadra_ltiC, or
range is not readily available, we empirically demonstrated the robusgubic), sex, intracranial volume, or education after correction for
ness of our findings via a split-half procedure. We split the 484 subjectaiultiple comparisons. Each of these “GMNs” explained a small
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Auditory

Visual 1 + Visual 2

Figure 1. GMNs map onto canonical functional netw@hstidenéfi¢d@dboth rest and task fMRI. The GMNs (GMNSs, left in each panel) spatially correspon
matched functional networks obtained using a data-driven approach (RSNs, middle of each panel; BrainMap teeskryebt @DMRbiexttsoBdd, olgtati meelfo
panel). Due to a higher degree of fragmentation in the structural data, we averaged the two structural DMNs, DMN soainaobivi Ne2ywamkisth EHb ispadiali C|
correlation coefficients obtained between GMNs and a given set of functional networks were mainly consistenttitthahdsadbtsp/@aticegited two fu

convention, leftis rightin all figures.

Sensori-motor

amount of the structural variancéléble

1), as most of such variance (and age rela-
tionship) was accounted for in the first
three global components that together ex-
plained 76% of the variance in cortical
thickness, 44% in area and 50% in volume
(see above). Indeed, these GMNs inher-
ently described modes of variation over
and above variation associated with all
other components, including the strongly
age-related IC1 and IC3, which are wide-
spread components of gray matter vol-
ume and cortical thickness. These GMNs
covered the entire brain and offered a
fine-grained, winner-take-all parcellation
with almost 500 areas in total (using
spherical connectivity; 200 with 20
voxels) Fig. 2. These parcelsrevealed, for
instance, a clear separation between BA44
and BA45 Amunts et al., 19990or be-

Figure 2. Parcellation across the entire brain based on the structural GMNs. Hard parcellation (fi@@en tElte ainfcReda dbiagnferior parietal
the absoluteaps for the 36 structural GMNs used in the hierarchical clustering analysis, semitrarﬁﬁﬁ@h(@ﬁ@pﬁﬁm ahto2APaespite Cyto-
gray matter average across all 484 participants. Note the bilateral aspect of most networks, exceégiGhitecioniopbosce retlvetkeeen adjacent

(top row, fourth right for parietal node; bottom row, second right for frontal node).

association cortices (such as in these two
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cases) being considerably more subtle than in primary aféas ( Table 1. Variance explained by each of the GMNs (%)

chletal., 2008 as well as between crus | and Il in the cerebellumc number CT CA VOL GMNs

(see more details belowp{edrichsen et al., 2009
The average map across all these GMNs revealed that the mdbt

shared brain regions were the dorsal lateral prefrontal corte

(particularly ontheright), Broca’s area (BA45, particularly on th

04 23 1.0 Visuall

0.1 15 1.2 Executive

0.0 0.0 2.0 Cerebellum3(cruslversuscrusll)
01 1.0 1.4 Visual2

left), supplemente_lry motor area, poste_rior intraparietal sulcus, 4 03 20 07 Auditory

precuneus, Wernicke's area (OP1, mainly on the left), angulass 05 12 0.9 Visual3

and midtemporal gyrus, temporal pole, fusiform gyrus, andy7 0.1 1.1 1.3 DMN1

V5/MT (mainly on the left) Fig. 3. These mostly associative, 18 26 0.0 0.0 Sensorimotor(M1,premotor), CT
transmodal regionsMesulam, 1998seem to spatially corre- 20 0.4 0.8 11 Language

spond to those which have been consistently found to be the moat 01 1.6 1.0 Othervisual/motor(supplementary eye field)
structurally connected nodes using white matter connectivity22 00 18 0.8 Precentralversusinferiorfrontalgyrus

03 04 13 Visual6

0.0 0.0 1.6 Cerebelluml

0.2 0.2 1.1 Frontoparietal (parietal) R

0.6 0.8 0.3 Sensorimotorl (lateral: M1, premotor)

most particularly the precuneus and intraparietal sulcisdrns,
2014. In other words, the regions that emerged from the FLICAgg
decomposition the most often across all the GMNs in this health

population are also the regions that share the most white mattey, 02 13 04 Sensorimotor2 (lateral:sensory)
connections to other parts of the brain (“hubsfiagmannetal., 3, 0.0 1.8 05 Frontoparietal(frontal)L

2008 Gong et al., 20QNijhuis et al., 2018 A future approachto 32 00 1.1 0.7 Visuald

directly test this hypothesis would be to concurrently run FLICA34 0.0 1.1 0.7 Oculomotor 1 (frontal/premotor/cingulate eye
on gray matter information and white matter connectivity, as op-35 0.1 0.8 0.8 Othervisual(parieto-occipital fissure)
posed to voxelwise diffusion measures, which only reveal very locaf 00 0.8 0.8 Sensorimotor3(medial)

ized covarying effects in the subjacent white mat@&noges et al., 40 01 0.8 0.8 Middletemporalsulcus

0.1 06 0.7 DMN2
1.3 0.1 0.2 Auditory,CT
0.3 0.6 0.6 Olfactory (piriform)

2019. Although these most-shared gray matter nodes show sonfe
similarities with the cortical hubs defined from “myelination” (T 1w/

T2w) maps in the same subjects (Broca’s areas, angular ayrus, tef- 02 08 05 Posteriorsuperiortemporal sulcus
poral pole, V5/MT on the left), the absence of the precuneus inthesg, 01 09 05 Othervisual(fusiform area: occipital)
T1w/T2wimages is conspicuous, demonstrating the complementgg 0.0 0.0 1.0 Frontoparietal (parietal)L

rity of gray matter and cortical myelination informatio®fydeland 49 00 00 1.0 Cerebellum?2

etal., 201p These most-shared gray matter areas also display a veny 0.1 1.1 0.3 Visual7

different pattern from that found when looking at the main nodes of54 00 00 0.9 Visual8

structural differences between healthy subjects and those with a v&@- 0.0 1.0 0.5 Frontoparietal(frontal 1) R

riety of brain disordersGauda et al., 20)8This transdiagnostic 57 00 06 0.6 Visual5

VBM meta-analysis obtained from BrainMap indeed revealed th&° 01 12 02 Frontoparietal(frontal2)R

the main areas of structural alterations were located in subcortic 01 1.2 0.3 Oculomotor2 (posterior supplementary eyef

structures and the insula, as well as the anterior cingulate cort 0.0 0.0 0.7 Cerebellum4
' “Toralvariance 8.3 30.7 28.3

These gray matter areas therefore mostly describe the salience ret

. . . , Cortical thickness; CA, cortical area; VOL, grey matter volume. In total, the most identifiabl
work, prObany asadirect consequence of havmg a hlgher repres§ out 8% of the variance in CT, 31% of CA, and 28% of VOL, as most of the variance is capture

tation of schizophrenia and other mental health disorders in th@global© ICs: 76% for CT, 44% for CA, and 50% for VOL.
meta-analysisgoodkind et al., 2005

Structural networks arise from the
covariation of gray matter volume and
cortical area

One key advantage of our linked ICA ap- j
proach was its multimodal aspect, inte- ',l
grating gray matter volume, cortical area,
and cortical thickness information simul- % &
taneously. This multimodal feature re- \
vealed that modes of variation in gray
matter volume across participants mainly
colocalized with modes of variation in
cortical area; that is, presumably differ-
ences in shapdepth or number of foldings I
(Fig. 4. Gray matter volume networks in- 2
volving primary sensory and motor areas i"r -
such as V1, M1, S1, or Al also partially co- 'q;"‘-f‘-.,___ 4
varied with local cortical thickness, perhaps ~ ™=_-

as a result of being highly myelinated corti-

cal regionskig. 9. Exceptin those primary iqyre 3. Most shared gray matter regions across all structural GMNs. This shows that, on average, th
sensory regions, thickness contributed littlgegions across all GMNs (pre&@s)mre mainly the precuneus, the fusiform area (particularly on the right)
to those most interpretable GMNs and/orintraparietal sulcus, and the (right) DLPFC (iremed) rseavieraiggparent and overlaid onto the gray matter a
was below threshold. As mentioned abovegcross all 484 healthy participargk (
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Visual 4
Volume

Executive

Volume Area

Figure 4. Gray matter volume networks covary with regional, colocalized cortical area. The vast majority of the well ideviified séttetegiaralomticakane iy
thatis, both gray matter volume and colocalized cortical area variations appeared in the same IC. In this figur&/iNe3hWi rerekamEbbRbeeaetakaa Pl
gray matter volume is onthe left (red-yellow), and colocalized cortical area obtlerigial (reckpeksw)d not pass the threshold). The medial aspect of the Gl
was notreproduced as wellinthe cortical area (often just below threshold), possibly suggesting that the reeqgmistiletiatioftiaa foe thel lstefat bésmephere
FreeSurfer. Cortical areais projected in volume (an approximation) and smoothed wifbel@ttessiandlezatdaf 1.5 mm

Auditory Sensori-motor

Volume Area Thickness Volume Area Thickness

Figure 5. Gray matter volume networks covary with cortical area and cortical thickness in primary sensory areas. Althdaghdhemaajetviypdisimeaietgbra
covariedwith corticalarea, some ICs also showed a substantial contribution of cortical thicknessin primarg sétisay diteay Gid eawe she wfitheasenspimo
GMNSs. For both examples, gray matter volume is on the left, colocalized cortical area in the middle, and colo&)ligestticatiasd dracktbssoreHserigprOjecte
in volume and smoothed with a Gaussian kefoebeftiebuismalization.

by construction, our data-driven approach reveals these GMNs &MNss follow a functionally meaningful architecture

modes of variation beyond age-related, more spatially widespreatie functionally relevant level of detail described by these GMNs
ICs (the majority of which were driven by cortical thickness). Thisactually extended beyond the coarse spatial organization de-
likely explains differences with thickness studi@&sgn et al., 2008  scribed by the canonical RSNs; that is, those most consistently
where a seed-based approach showed correlations between cortitlegdcribed in the literature and that are common to both rest and
regions that may have been age-mediated to some extent. task fMRI Beckmann et al., 200Smith et al., 2009 By decom-
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a the corresponding vermig=g. 9. In the visual cortex, we also
identified the same fine detailed architecture as seen in func-
tional data. Specifically, we identified in the GMNs the same
eight visual functional networks identified both at rest and
during task Smith et al., 2009(Fig. 7. We also replicated the
separation of the DMN into anterior and posterior subnet-
works that are well established in functional ddtal¢lin et al.,
2009 Leech et al., 20} 1Fig. 8.

Remarkably, the spatial distribution of these GMNs was quan-
titatively very comparable to their rest and task fMRI counter-
parts Smith et al., 2009(Fig. 1 Tables 23). Due to the higher
degree of fragmentation in the structural data, we averaged the
two structural DMN 1 and DMN 2 to compare them with the
canonical functional DMN and averaged the three SMN 1-3 net-
works for comparison with the canonical functional sensorimo-
tor network. This yielded spatial correlation coefficients that were
mainly consistent with those observed between the two func-
tional datasetsTable 3. Next, we also compared the spatial dis-
tribution of the eight visual GMNs and the eight rest and task
functional networks that had been matched previouSiin(th et
al., 2009. We found that there was in generalsérong, and
sometimes indeed even stronger, spatial correspondence be-
tween structural networks and one set of functional networks
(mostly the task-derived networks) than between the two sets
of functional networks Table 3.

Cerebellum 1 Cerebellum 2

=
= &

- - Tt o2

DV %
¢ JADE‘ Q‘g’}b GMN:is cluster into functionally relevant

larger-scale networks
Finally, we investigated whether the fine-grained GMNs would
Cerebellum 3 Cerebellum 4 aggregate together to form functionally relevant larger-scale net-

Figure 6. Fine-grained, functionally meaningfulcerebellargrayan‘&ttera\rl\clzglr%(%tulzg.r this, we used hierarchical clustering, a method that

four cerebellar GMNs correspond to functionally different parts of the Etglr gfﬁ[ﬁll r?(ﬁrﬁalgs ar!d groups of ICs based on S|m|_Iar|ty of

distinct functional connectivity with the ceSebigietaite3@12 5)b, Left, associated subject-weight vectors (by analogy to associated fMRI

Magnification of cerebellum 3 showing a clear distinction between crus t{BIg38HE erEaeM@terials and Methods).

VIIb (red-yellow); right, lobule VIl from an anatomical cerebellagiiohsbiiisticiadywo strongest pairings brought together GMNs that are

etal., 2008rus | (in green), crus lland Vllb (in red). functionally associated: (1) visual 1 clustered with visual 3
(within the yellow clusterfig. 9 and (2) the auditory GMN

clustered with a language-related network (within the red cluster;

posing MR data into a higher number of dimensions or by usm?ﬁ. 9. The left frontal and parietal networks were also explicitly

very localized regions ofinterest, studies have .demonstrated.t ired in this hierarchical analysis to make the lateralized left
single RSNs can be consistently broken down into more detalil ntoparietal network, and the same could be seen for the right

functional subnetworks Mlargulies et al., 2008 mith et al., frontal and parietal ICs (bl lust d within the liaht
2009. Similarly, the GMNs in our study exhibited functionally Jﬁgéri?g ga”ea s (blue cluster and within the light green

meaningful fragmented organization, supporting the idea of a
fine-grained correspondence between structural and function%erebellum

architectures. The hierarchical clustering drew the cerebellum networks to-

. Athese GMNSs covered all of the canonical RSN, they showgdiner in one cognitive cluster and a separate sensorimotor clus-
in most cases a higher degree of fragmentation. We identified fgg, (green and dark blue, respectiveirg. 9. In the cognitive

instance: (1) four cerebellum networks (cerebellum 1M¢; §; ¢ |yster, cerebellum 3 (crus I/11, and posterior part of lobules VIib

(2) eight visual networks (visual 1-Big. 7; (3) two default- 54 v/|j1a) paired with a cerebral region centered around the
mode networks (DMN 1 and DMN 2Fig. §; (4) an executive  miqqle temporal sulcus, which precisely corresponds to the re-
network (Figs. Jand4); (5) three primary sensorimotor networks  gion identified in rest fMRI as connecting both cerebellar lobules
split into lateral primary sensorimotor cortex centered around(sang et al., 20)2as well as with cerebellum 4 (anterior part of
BA3 and BA 4 (SMN 1), BA 1 and BA2 (SMN 2), as well as thgypules Viib and Vllla). The other, more sensorimotor cluster
medial sensorimotor cortex (SMN 35eyer et al., 1992000  encompassed cerebellum 1 (sensorimotor lobules I-VI) and cer-
(Figs. 1and5); (6) an auditory network Eigs. land5); (7) two  ebellum 2 (lobules Vilib and IX).
left frontoparietal networks split into frontal and parietal unilat-
eral networksfig. 9; and (8) two right frontoparietal networks, Visual areas
similarly split Fig. 9. The aforementioned, strongest cluster including early visual ar-
In particular, we found within the cerebellum a notable, func-eas visual 1 (medial) and visual 3 (lateral) was in turn paired with
tionally meaningful separation between the mainly sensorimotoa cluster consisting of visual 2 and visual 7, which anatomically
lobules (I-VI), the cognitive lobules VII and Vllla (with a clear matched regions of lower and higher-level object processing re-
delineation of crus | and 1) and lobules VIIIb and 1X, including spectively, to form the entire yellow cluster seerFigure 9
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Figure 7. Fine-grainedvisual gray matterarchitecture matchesthatofrestandtask fMRI. The eight visual GMNs corsespomadtotthiostiftasiteamiies tuRie
presente@mith etal. (2Q09%, exceptinvisual 7, im wBicFor each GMN, top rightinsert shows Smith et al. corresponding visual functional networks for the
fromrest fMRI, right from task3VRich structuralbfunctional corpespiOnilea@able Bor easier visualization, only the volume-based modality of the structu
variation is overlaid onto the gray matter average across all 484 participants.

Another two visual clusters recapitulated all brain areas whodgasiform area (violet clusteEig. 9. The GMN corresponding to
function specifically involves the perception of faces, places atide visual connections of the precuneus along the parieto-
bodies Kanwisher and Dilks, 20)3one cluster made of the occipital fissure (visual 8), which extended into primary visual
structural equivalent of the temporal fusiform face area (FFArortex as has been observed in macaques and humans previously
(visual 6), the posterior superior temporal sulcus and parahip{Margulies et al., 2009formed a cluster together with a struc-
pocampal place area/retrosplenial complex (visual 5); and ortaral network of regions centered around the supplementary eye
made of the extrastriate body area (visual 4) and the occipitdield (Sharika et al., 20} 3within the red clusterFig. 9. Finally,
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GMN BM DMN

The posterior DMN clustered with a prefrontal GMN encom-
passing two distinct regions in the anterior precentral gyrus (peak
at the intersection with the middle frontal gyrus) extending into
the frontal operculum and one in the inferior frontal gyrus ante-
rior to the ascending ramus. These two networks (posterior
DMN and prefrontal) in turn clustered with a GMN following the
inferior parietal lobule/anterior intraparietal sulcus (purple clus-
ter; Figs. 910). The anterior DMN clustered with the executive
GMN, and this cluster in turn paired with the structural equiva-
lent of the right frontoparietal network (light green clusté&igs.

9, 10.

GMNs can be found in both half-split populations

We ran the linked ICA on our two subgroupsef 242 subjects,
each age matched to the original sample. The Bayesian model
order selection retained 56 ICs in the first half-split and 54 ICs in
the second (less than the 70 ICs requested). We identified from
each run the ICs corresponding to our main GMN results (all
withp 10 3, although with a rougher spatial aspect due to the
lower sample siz&able 4. Some of our GMNsvere more readily
identified in one of the subgroups ( 0.5) or were found merged
(e.g., visual 3 and 7, the two oculomotor networks). All of these
identified ICs were significantly replicated (in terms of spatial corre-
lation,p 10 °) between the two half-split decompositions, except
for visual 5, cerebellum 4, and two of the three frontal unilateral
networks, the location of the latter two having been shown in the past
to be particularly difficult to predict based on folding patterns (Free-
Surfer cortical area)Hischl et al., 2008

Discussion

In this study, we demonstrate that human structural architecture
is functionally relevant across the entire brain. Modes of inter-
subject structural variability at a population level spatially corre-
spond to functional organization that can be observed using both
rest and task fMRI. Our analysis reveals fine-grained and highly
functionally relevant anatomical networks, in particular in the
cerebellum and visual cortex, and notably provides structural
correspondence for the anterior DMN, the posterior DMN, and
its anticorrelated functional network=px et al., 2009 As these
intersubject brain structure networks emerge at a population
level, this indicates that the trophic processes that render these
distant parts of the brain functionally connected at the single-
subject level may be developmental and evolutionary in nature.

Cerebellum

We identified four cerebellar GMNs with segregation that was
functionally relevant: the lobules present together in each net-
work are known to be functionally connected to the same regions
of the cerebral cortex and subcorteSeng et al., 2012rus | and
Figure 8. Functionally meaningful separation between anterior and postgribemimegafuraich is selectively expanded in hum&@adsters et
gray matter structure. These two DMN GYisigsipond to the well knowndlin2010, notably emerged together in one distinct network (cer-
tional connectivity patterns of cognitive (posterior, DMN 1) and limbic (arseedi P\8Y. 2 piesistent with the functional relevance of these seg-
neusMargulies et al.) 2008 segregation also corresponds to a natural gpigiviisthehierarchical clustering yielded two higher-level
BrainMap (BM/rigB) task-related fMRI database observed at higher dimg(isidtde§9B-sensorimotor cluster (cerebellum 1 and 2), with a

positio8(nith et al., 2008hen combined, the two gray matter DMNs spatigl fﬂ?&ﬁ - ; -
canonical functional DMN identified in both rest and task fMRI aplower |L¥1?q§|ogléh%y metry around the horizontal flssure,_ spatla_lly
matche omatomotor map in the cerebellum obtained using

3
10 %\ Tablg2 functional connectivity of the cerebral, task-based location of
movement Buckner et al., 20)1Regions of the sensorimotor
a structural network composed of two nodes, the bilateral frontatluster show stronger motor activation relative to cognitive task
and premotor eye field and the cingulate eye field, was paired wifstoodley et al., 20}2probably explaining the segregation ob-
a GMN extending into the posterior part of the supplementaryserved between the cognitive (including cerebellum 3 and 4) and
eye field (magenta clustdfig. 9. sensorimotor cerebellar clusters in our structural data.

DMN 2
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Figure 9. Hierarchical clustering of GMNs reveals functionally meaningful higher-order organization. Left, Dendeciramerépeatistaatpiiiitee olusters: |
eachmode of variationis, thatis, the height of the inverted U-shaped colored lines linking each mode, the stroaci@a(attlye nstersledd gipst sitaore
were considered). Right, We included in this hierarchical clustering analysis 36 of the most identifiable GMNsacdpmesE bety fone aselahisu@iatatie
(exceptcortical thickness in M1, orande ekestptvisual 7, yellow cluster, and the 2 ICs in M1, oraBye cluster, all at

Table 2. Spatial correlation between structural and functional canonicalTetleds3kSpatial correlation between structural and functional eight visual

(p<1079) networkg(< 1079

Spatial correlajion ( Spatial correlajion (
Canonical network GMN/BM GMN/RSN BM/RSN GMN/BM GMN/RSN BM/RSN
Default-mode network 0.47 0.47 OwB8ual 1 0.58 0.39 0.53
Cerebellum network 0.66 0.20* 0.50 Visual2 0.70 0.48 0.49
Sensorimotor network 0.38 0.52 Ovddual 3 0.23* 0.25* 0.68
Auditory network 0.56 0.40 0.46  Visual4 0.42 0.33 0.32
Executive network 0.44 0.40 0.27 Visual 5 0.18 0.31 0.38
Frontoparietal network (left) 0.26 _0.22 Vis8al 6 0.46 0.32 0.39
Frontoparietal network (right) N** N** 0.4¥isual 7 0.37 0.33 0.56
Medial visual network (Smith0gyisuald.67 0.71 0.75 Visual8 0.63 0.47 0.63
Lateral visual network (Smiths visualB51 0.38 0.54 Spatial correlation was calculated for the eight visual GMN and the eight visual networks identifi

matched3mith et al. (2008 rest fMRI, RSN; from task fMRI using BrainMap, BM). Bold indicate

Spatial correlation was calculated in a whole-brain grey matter mask for the GMNs arti et RSt ipeR! Gpeespondence than functionalbfunctional correspondence.
identified3mith etal. (2(f@@n rest IMRI, RSN; from task fMRI using BrairaheRépeshr *rreduced for structuralbfunctional correspondence by a negative node in dorsal visual stream ¢
theright frontoparietal network, where the parietal node around the angular gyrus was |cgfststlrebGpvertke GMN,

whereas for the rest functional network, it was located in PGa, and in PFm for the task functional network. Bold

indicates stronger structuralbfunctional correspondence than functionalbfunctional correspondence.

"Partial coverage for the RSN dataset (cut FOV). bringing together all cortical oculomotor control areas (magenta
p 107 0.137or GMN/RSN18 for GMN/BM). cluster;Fig. 9 (Amiez and Petrides, 2009
Visual areas DMN

We identified in the gray matter structure the same eight visualhe well documented functional segregation of the DMN into
networks (visual 1—-8) previously matched between rest and tasko anterior and posterior subnetworks was replicated by two
fMRI (Smith et al., 2009 five of which actually better corre- structural modes of variation at the population level. This segre-
sponded between structural and one functional dataset than begation not only corresponded to a natural division in the Brain-
tween the two functional dataset$gble 3. Our hierarchical Map fMRI database decomposed into higher dimensionality
clustering approach demonstrated further the functional rele{Fig. § (Smith et al., 2009 but also to that of the limbic and
vance of these subnetworks by creating, for instance, structuragnitive connectivity patterns of the precuneus common to hu-
clusters underpinning perception of faces, places, and bodies mrans and macaques (whereby the more ventral region of the
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Table 4. Spatial correlations between the GMNs obtained in the full sample

Structural Functional (N = 484) and in each of the two half-split sanspfeE2( matched for age to
the original samplepatl 10~%), as well as between the two half-split samples
GMNs Groupl Group2 Group 1BGroup
Visual 1 0.90 0.80 0.66
Cerebellum 3 (crusIversuscrus l) 0.91 0.71 0.55
Auditory 0.80 0.79 0.53
Middle temporal sulcus 0.76 0.78 0.52
Executive 0.71 0.71 0.50
Other visual/motor (supplementary eye field) 0.71 0.71 0.50
Visual 6 0.71 0.68 0.64
Precentral versus inferior frontal gyrus 0.76 0.57 0.45
Visual 8 0.54 0.71 0.38
DMN 1 0.66 0.56 0.35
Sensorimotor 2 (lateral: sensory) 0.75 0.46 0.32
Frontoparietal (frontal 1) R 0.64 0.56 0.37
Cerebellum 1 0.58 0.59 0.64
Sensorimotor 1 (lateral: M1, premotor) 0.64 0.50 0.14
Visual 4 0.60 0.53 0.25

Structural Visual 2 0.66 0.46 0.35
Other visual (parieto-occipital fissure) 0.53 0.59 0.35
Cerebellum 2 0.65 0.43 0.19
Frontoparietal (parietal) L 0.76 0.32 0.22
Frontoparietal (parietal) R 0.64 0.41 0.28
Olfactory (piriform) 0.32 0.72 0.23
Language 0.44 0.54 0.15
Sensorimotor 3 (medial) 0.40 0.56 0.32
Other visual (fusiform area: occipital) 0.32 0.59 0.23
Visual 3 0.55 0.35 0.39
Visual 7 0.55 0.35 0.39
Cerebellum4 0.55 0.35 NS
DMN 2 0.29 0.61 0.16
Oculomotor 2 (posterior supplementary eye field)  0.49 0.34 0.46
Posterior superior temporal sulcus 0.55 0.25 0.35
Oculomotor 1 (frontal/premotor/cingulate eye field) 0.47 0.30 0.25
Frontoparietal (frontal) L 0.44 0.28 NS

Figure 10. Two higher-level clustersinvolving DMN GMNs obtained using/#iatchical clus- 040 031 NS
terings, Left, structural DMN 1 clustered with prefrontal regions and the iffRAQR&L @ (Epntal 2) R 028 031 NS

(2l 5),providingastructural underpinning for most of the functional DMNenditsfieglttivslyfICswereidentified by their similarities (spatial correlationinawhole-brai
correlated network (right, DMN in red-yellow and its anticorrelated netwéﬂkfﬁﬂll‘ﬂ’i?éq fnsed ?CC,EE”QtOthe'ff"efagi aﬁmsiboﬁh SL;t;QFOLQPS-A"fF;a“a' 00"9'?“(
adapted frBox etal., 200@o0 visual areas (middle temporal visual area/exﬂ%ﬁiﬁi%ﬁ (f-s were signifigarf exceptfor cerebellum 4, visual 5, and two of the three unilat

area and posterior intraparietal sulcus) are noticeably absent from this (ﬁué?ﬁ@&% ihesgregions
clustered more strongly with othervisual areas (aninherentlimitation of hierarchical clustering
in that each GMN can only appear once, in a sinb|®yN¢A vlasteajred with
executive (|gft, 5), the GMN resembling the executive control RSN, tochesterditusderThe frontoparietal network is thought to mediate
comparable to the limbic precuneus functional network Wighditidagteal fieen DMN and its anticorrelated network/fncent et al., 2008
200P The two struct_ural clustadsinade up the entire DMN and its negativgjpp@ﬁg; 2012 Our hierarchical clustering analysis thus shows
lated network (top right). that the structure underlying anterior DMN and (right) fronto-
parietal network on the one hand, posterior DMN and dorsal
precuneus is functionally connected to the medial orbitofrontakttention network on the other, varies together in size across the
regions) Margulies et al., 2009This segregation may also be human population.
related to distinct connectivity of the two DMN subnetworks A few GMN maps showed a positive/negative pattern suggest-
with their respective anticorrelated netwotdddin et al., 200R  ing the expansion of one region at the expense of another at the
Consistent with this, the posterior DMN was strongly paired withpopulation level. This pattern was in some cases found within the
a prefrontal GMN and in turn with a network centered around same brain region, pointing at known variability in the number of
the anterior intraparietal sulcus; together, these three networksortical folds in the healthy human brain, but in the majority of
made up a structural equivalent for the functional posteriorstructural networks exhibiting this pattern, the positive and neg-
DMN and its negatively correlated functional netwoRaok etal., ative peaks were more distal. This was the case for crus | and crus
2009 (Fig. 10. This demonstrates that, whereas the two func4l, which exhibited this positive/negative pattern within their
tionally anticorrelated networks represent a natural dichotomystructural network, as can be seerfigure 6 Although the evo-
between internally and externally directed cognitive processasionary reason for this competition between the two regions is
(Spreng, 2012they are structurally correlated at the populationunclear, it has been shown that crus | and Il have in fact distinct
level. Furthermore, the anterior DMN paired with the executivefunction and relative size in humanBélsters et al., 20]18tood-
GMN to create a cluster similar to the limbic precuneus funcdey et al., 2012 Visual 3 provided another example, with positive
tional network (Fig. 10 (Margulies et al., 20Q9and this cluster contours broadly corresponding to V3 and VRdttschy et al.,
itself paired with the right frontoparietal network (light green 2007, but with negative nodes in the dorsal visual stream (cen-
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tered exactly around the positive nodes of visual 7) in the postelasticity Evans, 2003 are likely to be (epi)genetically guided
rior intraparietal sulcus. This might reinforce the idea of a(Fjelletal.,2015 oroetal., 201pand be growth driven or due to
dichotomy between dorsal and ventral V3 in humans that haaxonal tensionayly et al., 20)4although there is currently no
been previously observed in the macadghewWsome etal., 1986 clear understanding of the cellular and molecular mechanisms
A further way to witness competition between two regions of theinderlying the emergence of such structural covariance networks
brain was to look directly at negative correlations across the entif@lexander-Bloch et al., 201L3There are still some opposing
population. We found one correlation surviving Bonferroni cor- views on a “concerted” or “mosaic” evolution of the brain, i.e.,
rection between visual 1, centered around the calcarine fissumghether evolutionary changes in the size of one part of the brain
and visual 6, the temporal FFA. This possibly hints at a develogan (“concerted”) or cannot (“mosaic”) co-occur with changesin
mentin humans of the latter, a cognitively highly specialized areall other parts Finlay and Darlington, 1995ropak et al., 2010
at the expense of the former, a primary visual ai€anwisher Hager et al., 20)2What seems to emerge increasingly is concil-
and Yovel, 2006 iatory; however, although there is evidence for a mosaic evolution

Previous studies have shown some degree of correspondendehe brain with certain brain regions evolving independently
between functional connectivity and white matter connectivity from others, functionally related parts of the brain seem to vary
but have also found that strong functional connectivity can ariséogether across specidBafton and Harvey, 200Moore and
in the absence of direct white matter connectiviBréicius etal., DeVoogd, 201)Z Our cortical folding results not only suggest this
2009 Honey et al., 20QRlexander-Bloch et al., 2003 his pos-  is something that might also be reflected in human development,
sibly is in part due to limitation of the diffusion imaging tech- but also support the concept that there might exist a close rela-
nigue itself in assessing long-range connections and in resolvitignship between convolutional anatomy and the organization of
crossing pathwayskabdi et al., 20)5~or example, inthe DMN, cortical function Bayly et al., 2004
which has been arguably the most studied RSN for structural—
functional connectivity correspondence, one such example Cfaf
be seen in the medial orbitofrontal region. Although it is promi- elerences ; ;

: Alexander-Bloch A, Giedd JN, Bullmore E (2013) Imaging structural cova-

nent in the functional DMN and in our gray matter structural  riance between human brain regions. Nat Rev Neurosci 14:322—336.
connectivity network, it is absent from white matter structural Amiez C, Petrides M (2009) Anatomical organization of the eye fields in the
connectivity analysis finding&(eicius et al., 200®ioney et al., human and non-human primate frontal cortex. Prog Neurobiol 89:
2009. Another example can be seen in the prominence of the 220-230. _ _ _
fusiform gyrus in our FLICA decomposition, something clearly MUt K, Schieicher A, Bgel U, Mohiberg H, Uylings HB, Zilles K (1999)

> . . Broca’'s region revisited: cytoarchitecture and intersubject variability.
reflected in the map showing the most shared gray matter regions Comp Neurol 412:319-341.

across all structural GMNd=(g. 3. The fusiform gyrus is, how-  ashburner J, Friston KJ (2000) Voxel-based morphometry—the methods.
ever, essentially absent from maps drawn from white matter con- Neuroimage 11:805-821.
nectivity Hagmann et al., 200&ong et al., 20QNijhuis et al.,  Balsters JH, Cussans E, Diedrichsen J, Phillips KA, Preuss TM, Rilling JK,
2013. Again, this likely is a consequence of the difficulty in re- Ramnani N (2010) EvquFion_of the cerebellar cortex: the sglective ex-
constructing, both postmortem ané: vivo, the white matter 282?0;0 g; prefrontal-projecting cerebellar lobules. Neuroimage 49:
tra.CtS Conr]ec'glng this §peC|f|C gray matte.r region, ma',nl,y the NBarton RA, Harvey PH (2000) Mosaic evolution of brain structure in mam-
ferior longitudinal fasciculus and the inferior frontooccipital fas-  yis. Nature 405:1055-1058.
ciculus Martino et al., 2010Latini et al., 2017Panesar et al., Bayly PV, Taber LA, Kroenke CD (2014) Mechanical forces in cerebral cor-
2018. Conversely, one clear limitation of deriving structural net- tical folding: a review of measurements and models. J Mech Behav
works from gray matter covariance, as opposed to white matter Biomed Mater 29:568-581. . o
tractograms, is that these can only be estimated at the populati¢ifckmann CF, DeLuca M, Devlin JT, Smith SM (2005) Investigations into
level. However, our fine-grained, functionally meaningful results resting-state connectlylty using independent component analysis. Philos
. ' ) R S . Trans R Soc Lond B Biol Sci 360:1001-1013.
unde_r“ne the b_enef't of looking at Conn_eCt'V'ty_ 'nfo_rmat'on_ Buckner RL, Krienen FM, Castellanos A, Diaz JC, Yeo BT (2011) The orga-
obtained from simple, yet powerful T1-weighted imaging to effi-  nization of the human cerebellum estimated by intrinsic functional con-
ciently capture covariations between far- or indirectly connected nectivity. J Neurophysiol 106:2322-2345.
regions. Interestingly, those structural networks that can béaspers S, Geyer S, Schleicher A, Mohlberg H, Amunts K, Zilles K (2006)
formed at the population level seem to also partially overlap with The human inferior parietal cortex: cytoarchitectonic parcellation and

: - ; interindividual variability. Neuroimage 33:430—448.
the patterns of regions maturing together at the subject IeV%auda F, Nani A, Manuello J, Premi E, Palermo S, Tatu K, Duca S, Fox PT,
(Geng et al., 202 Khundrakpam et al., 2039

A L Costa T (2018) Brain structural alterations are distributed following
Our multimodal approach also revealed that, similar to what  functional, anatomic and genetic connectivity. Brain 141:3211-3232.

is seen at the whole-brain levéV(nkler et al., 201)) most of the  Chen zJ, He Y, Rosa-Neto P, Germann J, Evans AC (2008) Revealing mod-
gray matter volume networks colocalized with variation in corti- uI._':lr architecture of human brain structural networks by using cortical
cal area and, importantly, that age and intracranial volume bore thickness from MRI. Cereb Cortex 18:2374-2381. _

no effect on the results (after overall scaling was removed in tHe#!e AM. Fischi B, SerenoMI (1999) Cortical surface-based analysis. I. Seg-
registration stage). As none of these GMNs was associated wi mentation and surface reconstruction. Neuroimage 9:179-194.

. g ) ge). . ) Hgdrichsen J, Balsters JH, Flavell J, Cussans E, Ramnani N (2009) A prob-
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