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Genetic architecture of the white matter connectome of
the human brain
Zhiqiang Sha1, Dick Schijven1, Simon E. Fisher1,2, Clyde Francks1,2,3*

White matter tracts form the structural basis of large-scale brain networks. We applied brain-wide tractography
to diffusion images from 30,810 adults (U.K. Biobank) and found significant heritability for 90 node-level and
851 edge-level network connectivity measures. Multivariate genome-wide association analyses identified 325
genetic loci, of which 80% had not been previously associated with brain metrics. Enrichment analyses impli-
cated neurodevelopmental processes including neurogenesis, neural differentiation, neural migration, neural
projection guidance, and axon development, as well as prenatal brain expression especially in stem cells, astro-
cytes, microglia, and neurons. The multivariate association profiles implicated 31 loci in connectivity between
core regions of the left-hemisphere language network. Polygenic scores for psychiatric, neurological, and be-
havioral traits also showed significant multivariate associations with structural connectivity, each implicating
distinct sets of brain regions with trait-relevant functional profiles. This large-scale mapping study revealed
common genetic contributions to variation in the structural connectome of the human brain.
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INTRODUCTION
Cognitive functions and behaviors are supported by dynamic inter-
actions of neural signals within large-scale brain networks (1).
Neural signals propagate along white matter connections that link
cortical, subcortical, and cerebellar regions to form the structural
connectome (2). White matter connections also modulate neural
signals and distribute trophic factors between brain regions (3),
helping to establish and maintain functional specialization of sub-
networks. Various heritable psychiatric and neurological disorders
can involve altered white matter structural connectivity, relating, for
example, to cognitive deficits, clinical presentation, or recovery (4,
5). It is therefore of great interest to understand which DNA vari-
ants, genes, and pathways affect white matter connections in the
human brain, as they are likely to influence cognitive and behavioral
variability in the population, as well as predisposition to brain
disorders.
Diffusion tensor imaging (DTI) enables in vivo noninvasive

study of white matter in the brain (6). This technique characterizes
the diffusion of water molecules, which occurs preferentially in par-
allel to nerve fibers due to constraints imposed by axonal mem-
branes and myelin sheaths (7). Metrics commonly derived from
DTI, such as fractional anisotropy or mean diffusivity, reflect
white matter microstructure and can index its integrity (7, 8). In
contrast, tractography involves defining white matter connections
at the macroanatomical scale, which permits the measurement of
connectivity strengths by counting the streamlines that link each
pair of regions. Streamlines are constructed to pass through multi-
ple adjacent voxels in DTI data, when the principal diffusion tensor
per voxel aligns well with some of its direct neighbors (9). Tractog-
raphy therefore produces subject-specific measures of regional in-
terconnectivity that are ideally suited for brain network-level
analysis.

Recently, genome-wide association studies (GWAS) have report-
ed that a substantial proportion of interindividual variability in
white matter microstructural measures can be explained by
common genetic variants, with single-nucleotide polymorphism
(SNP)–based heritabilities ranging from 22 to 66% (10, 11). These
studies also identified specific genomic loci associated with white
matter microstructural measures (10, 11). However, microstructural
measures do not necessarily capture topological properties of mac-
roscale brain networks, such as the total amount of structural con-
nectivity between distant pairs of brain regions. In principal,
interindividual variability in topological features of the white
matter connectome may be influenced by genetic variants that are
partly distinct from those that influence white matter microstruc-
ture. For example, genetic influences on axon outgrowth and guid-
ance during the development of long-distance connections may be
most detectable in terms of connection strengths as measured
through tractography, without necessarily affecting the microstruc-
tural integrity of those connections. However, to our knowledge,
nerve fiber tractography has not previously been used for large-
scale genome-wide association analysis of brain structural net-
works, likely because of heavy computational requirements for
running tractography in tens of thousands of individuals.
Here, we aimed to characterize the genetic architecture of white

matter structural network connectivity in the human brain, using
fiber tractography. DTI data from 30,810 participants of the U.K.
Biobank adult population dataset were used to construct the
brain-wide structural connectivity network of each individual. In
combination with genome-wide genotype data, we then carried
out a set of genetic analyses of tractography-derived metrics, in
terms of the sum of white matter connectivity linking to each of
90 brain regions as network nodes and 947 connectivity measures
as network edges linking specific pairs of regions. The total connec-
tivity of a node (brain region) likely relates to its global role in in-
formation transfer within multiple subnetworks, whereas
individual connections between specific pairs of regions are more
locally restricted measures. We anticipated that genetic influences
on node-level and edge-level network measures might therefore
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be partly distinct, where some genetic effects are more relevant at
larger scales whereas others could affect relatively specific circuit
components.
Our genetic analyses included SNP-based heritability estima-

tion, multivariate GWAS (mvGWAS), and biological annotation
of associated loci. Then, to illustrate how multivariate gene-brain
associations arose in the data and how the brain-wide mvGWAS
results could be queried in relation to any specific brain network
of interest, we used the results to identify genomic loci that are as-
sociated with structural connections between core language–related
regions of the left hemisphere. Various aspects of language function
—especially related to language production—show strong hemi-
spheric lateralization, with roughly 85% of people having left-hemi-
sphere dominance (12).
Last, we assessed how genetic disposition to brain disorders and

other behavioral traits manifests in terms of white matter connec-
tivity in the general population. To do so, we mapped multivariate
associations of the brain-wide, white matter tractography metrics
with polygenic scores for a variety of heritable brain disorders or
behavioral traits: schizophrenia, bipolar disorder, autism, atten-
tion-deficit hyperactivity disorder, left-handedness, Alzheimer’s
disease, amyotrophic lateral sclerosis, and epilepsy. We annotated
the resulting brain maps with cognitive functions, using large-
scale meta-analyzed functional neuroimaging data, to describe
aspects of brain function that may be affected by polygenic dispo-
sitions to different forms of neurodivergence in the general
population.

RESULTS
White matter connectomes of 30,810 adults
For each of 30,810 adult participants with diffusion magnetic reso-
nance imaging (MRI) and genetic data after quality control, we per-
formed deterministic fiber tractography (9) between each pair of
regions defined in the Automated Anatomical Labeling atlas (13)
(45 regions per hemisphere comprising cerebral cortical and sub-
cortical structures) (Fig. 1 andMaterials andMethods). In the struc-
tural connectivity matrix of each individual, each region was
considered a node, and each connection between a pair of regions
was considered an edge. We excluded edges whenmore than 20% of
individuals had no streamlines connecting a given pair of regions,
resulting in 947 network edges. To quantify a given edge in each
individual, the streamline count for that edge was divided by the
individual-specific gray matter volume of the two regions being
connected (as larger regions tend to havemore streamlines connect-
ing to them). These volume-adjusted network edge measures were
also used to calculate the node-level connectivity of each region, i.e.,
the sum of all volume-weighted edge measures connecting with a
given region, for each participant. The resulting node and edge
measures were adjusted for demographic and technical covariates
and normalized across individuals (see the “Network construction
and analysis” section), before being used for genetic analyses.
Of the 947 network edges, 377 connected pairs of left-hemi-

sphere regions, 355 connected pairs of right-hemisphere regions,
and 215 involved interhemispheric connections. The top 10% of
regions in terms of connectivity included the supplementary
motor cortex, precuneus, medial superior frontal cortex, and sub-
cortical regions bilaterally—caudate and thalamus (fig. S1 and
table S1). The latter observation is consistent with previous

studies showing that subcortical regions connect widely with the ce-
rebral cortex, to generate reciprocal cortical-subcortical interactions
that together support many cognitive functions (14).

Heritabilities of connectivity measures
The GCTA (Genome-wide Complex Trait Analysis) software (15)
was used to estimate the SNP-based heritability (h2) for each
network measure, that is, the extent to which variance in each con-
nectivity measure was explained by common genetic variants across
the autosomes (Materials and Methods). All of the 90 node-level
(region-based) connectivity measures were significantly heritable
(Bonferroni-corrected P < 0.05 after testing 90 measures), ranging
from 7.8 to 29.5% (mean h2 = 18.5%; Fig. 2A, fig. S2, and table S2).
Most homologous nodes of the left and right hemispheres showed
similar heritabilities, but some nodes showed prominent differences
of heritability between hemispheres, such as the inferior parietal
cortex (left: 27.0% versus right: 19.42%), pars triangularis (left:
23.4% versus right: 16.9%), and inferior occipital cortex (left:
8.0% versus right: 15.7%; Fig. 2A and table S2). Eleven node-level
connectivities showed h2 estimates of >25% (table S2), with the su-
perior temporal cortex in the left hemisphere being the highest
(h2 = 29.5%, P < 1 × 10−20).
Eight hundred fifty-one of 947 edge-level connectivities (i.e.,

connections between specific pairs of regions) showed significant
heritability (Bonferroni-corrected P < 0.05 after testing 947 mea-
sures; fig. S2), ranging from 4.6 to 29.5% (mean, 9.6%). Eleven
edges had h2 > 20%, primarily for connections linking frontal
regions (e.g., superior and middle frontal cortex) and supplementa-
ry motor and occipital cortex (e.g., cuneus and lingual). The mean
h2 was 9.9% for 351 edges within the left hemisphere, 10.0% for 333
edges within the right hemisphere, and 8.1% for 167 interhemi-
spheric edges (Fig. 2B and tables S3 to S6). Across the 851 signifi-
cantly heritable edges, heritability was not correlated with mean
fiber length (rho = 0.01; fig. S3), suggesting that short-range and
long-range white matter connections are similarly affected by
genetic variation overall.
Reliability of heritable network measures was assessed using data

from 1005 of the 30,810 individuals who had undergone brain scans
on two separate occasions (Materials and Methods): Intraclass cor-
relation coefficients (ICCs) based on the same processing pipeline
applied to data from the first and second scanning visits had a
median of 0.83 (range, 0.45 to 0.93) for the 90 heritable node-
level measures and a median of 0.66 (range, 0.28 to 0.94) for the
851 heritable edge-level measures (fig. S4 and tables S7 and S8).
Measurement reliability was positively correlated with heritability:
r = 0.67 across 90 node-level connectivities and r = 0.60 across 851
heritable edge-level connectivities (fig. S4). This is consistent with
the fact that measurement error is assigned to the “environmental”
(i.e., nongenetic) component of trait variance in heritability analy-
sis, so that less reliable measures tend to be less heritable. Regard-
less, we reasoned that all significantly heritable network measures
had enough reliably measured variation to contribute to subsequent
mvGWAS analysis. This is because detecting heritability relies on
trait similarity being increased in pairs of individuals with higher
genetic similarity and therefore necessitates at least a small propor-
tion of trait variance being reliably measured across and within in-
dividuals, while single genetic loci are only expected to explain very
small amounts of that heritable variance. The heritability data can
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be visualized interactively in a dynamic Web-based interface (see
“Data and materials availability” statement).

Multivariate genome-wide association analyses of white
matter connectivity
The multivariate omnibus statistical test (MOSTest) software (16)
was used to perform two separate mvGWAS analyses, first for the
90 node-level connectivity measures in a single multivariate
genome-wide screen and then for the 851 edge-level connectivities
in another single multivariate genome-wide screen, both times in
relation to 9,803,735 SNPs spanning the genome. This analysis ex-
amined each SNP separately for its associations with multiple struc-
tural network measures, by simultaneously modeling the
distributed nature of genetic influences across the brain (Materials
and Methods). FUMA (17) was used to clump mvGWAS results on
the basis of linkage disequilibrium (LD) and to identify indepen-
dent lead SNPs at each associated genomic locus (Materials and
Methods). At the P = 2.5 × 10−8 significance level (i.e., the standard
GWAS significance threshold of P = 5 × 10−8 but Bonferroni-cor-
rected for two mvGWAS), we identified 140 lead SNPs in 117 dis-
tinct genomic loci associated with node-level connectivities
(Fig. 2C, fig. S5, and table S9) and 211 lead SNPs in 166 distinct
genomic loci associated with edge-level connectivities (Fig. 2C,
fig. S5, and table S10). Permutation analysis under the null hypoth-
esis of no association indicated that MOSTest correctly controlled
type I error (Materials and Methods and figs. S6 and S7). Except for
chromosome 21, each chromosome had at least one locus associated
with either node-level or edge-level connectivity.
Twenty-six lead SNPs were found in common between the node-

level mvGWAS and edge-level mvGWAS. While a degree of overlap
was to be expected given that the node-level metrics were computed
from the edge-level metrics (i.e., are not independent), the fact that

the large majority of lead SNPs were detected for either node-level
or edge-level connectivity, but not both, supports the importance of
performing genetic association analyses at these different
network levels.
For each lead SNP, MOSTest indicated the contribution of each

brain metric to its multivariate association, by reporting a z score
derived from each metric’s univariate association with that SNP
(Materials and Methods and tables S11 and S12). In the node-
level mvGWAS, regions with the greatest magnitude z scores con-
sidered across all lead SNPs were the bilateral putamen (left mean
|z| = 2.05, right mean |z| = 1.86), left pallidum (mean |z| = 2.02),
bilateral middle frontal cortex (left mean |z| = 1.98, right mean
|z| = 1.89), and middle cingulate cortex (mean |z| = 1.82; fig. S8 and
table S13). For example, the left putamen, which had the highest
overall contribution across lead SNPs (mean |z| = 2.05), was espe-
cially strongly associated with rs12146713 on 12q23.3 (z = −10.48),
rs72748148 on 9q31.3 (z = 7.35), rs798528 on 7p22.3 (z = −6.74),
rs7935166 on 11p11.2 (z = 6.22), and rs3795503 on 1q25.3 (z = 6.01;
table S13).
In the mvGWAS of edge-level connectivity, edges that showed

high magnitude z scores considered across all lead SNPs mainly
connected the precuneus, calcarine, middle temporal, and pre-
and postcentral cortex (table S14 and fig. S9). The edge linking
the left and right precuneus had the greatest contribution across
lead SNPs (mean |z| = 1.60) and was especially associated with
the variants rs946711 on 10p12.31 (z = −5.58) and
3:190646282_TA_T on 3q28 (z = −5.53).

The majority of genomic loci associated with structural
connectivity were previously unidentified
Together, our node-level connectivity mvGWAS and edge-level
connectivity mvGWAS identified 325 lead SNPs, of which only

Fig. 1. Schematic of white matter network construction within an individual brain. Network nodes were defined by mapping the Automated Anatomical Labeling
atlas from commonMNI space to individual space, with 45 regions per hemisphere (including cortical and subcortical structures). The edge between each pair of regions
was defined as the number of streamlines constructed by tractography based on the corresponding diffusion tensor image, adjusted for the combined volume of the two
connected regions. The process yielded a zero-diagonal symmetrical 90 × 90 undirected connectivity matrix for each of 30,810 participants (the top triangles were then
used for subsequent analyses).
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Fig. 2. SNP-based heritability and mvGWAS analyses of node-level connectivity and edge-level connectivity in 30,810 participants. (A) All 90 node-level (i.e.,
regional) connectivities showed significant SNP-based heritability after Bonferroni correction, ranging from 7.8 to 29.5%. (B) Eight hundred fifty-one of 947 edge-level
connectivities showed significant SNP-based heritability after Bonferroni correction, ranging from 4.6 to 29.5%. Right: Brain maps. Left: Nodes grouped by frontal, pre-
frontal, parietal, temporal, and occipital cortical lobes and subcortical structures. Heritabilities can be visualized interactively in a dynamic Web-based interface (see “Data
and materials availability” statement). (C) Miami plot for mvGWAS of 90 node-level connectivities (top) and 851 edge-level connectivities (bottom). The black lines in-
dicate the genome-wide significance threshold P < 2.5 × 10−8 (Materials and Methods).
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101 were previously associated with at least one trait in the NHGRI-
EBI GWAS catalog (tables S9 and S10) (18). This indicates that the
majority (68.92%) of loci implicated here in the structural connec-
tomewere not identified by previous studies. There were 65 SNPs in
common with those reported in previous GWAS of brain measures
(11, 16, 19–21). Specifically, 46 of our lead SNPs were previously
associated with brain regional volumes (19, 22), 29 with regional
cortical thicknesses (16, 21), 33 with regional cortical surface
areas (21, 23), and 20 with white matter microstructure (11, 24).
Apart from brain measures, 11 of our lead SNPs were associated
with mental health traits (e.g., autism, schizophrenia, and anxiety)
(25, 26), 11 of our lead SNPs with cognitive functions (e.g., cognitive
ability and performance) (27, 28), 4 of our lead SNPs with neuro-
logical diseases (e.g., Alzheimer’s disease and epilepsy) (29, 30), and
40 of our lead SNPs with nonbrain physiological and physical var-
iables (e.g., waist-hip ratio, cholesterol levels, and lung function)
(31, 32). In addition, we compared our results with those reported
in a recent GWAS of white matter microstructure integrity for
which the results have not been deposited in the GWAS catalog
(10): Thirty-two of their lead SNPs overlapped with those from
our mvGWAS analyses (table S15).

Functional annotations of genomic loci associated with the
structural connectome
We used FUMA (17) to annotate SNPs to genes at significantly as-
sociated loci by three strategies: physical position, expression quan-
titative trait locus (eQTL) information, and chromatin interactions.
For the node-level connectivity mvGWAS, 879 unique genes were
identified through these three strategies (table S16 and fig. S10).
Ninety-five of 140 lead SNPs had at least one eQTL or chromatin
interaction annotation, indicating that these variants (or other var-
iants in high LD with them) affect gene expression. For example,
rs7935166 on 11p11.2 (multivariate z = 5.71, P = 1.15 × 10−8) is in-
tronic to CD82, which has been reported to promote oligodendro-
cyte differentiation and myelination of white matter (33). This lead
SNP is a brain eQTL (34, 35) of CD82 and also shows evidence for
cross-locus chromatin interaction via the promoter ofCD82 in adult
brain (34). As another example, rs35396874 on 6q21 (multivariate
z = 6.64, P = 3.17 × 10−11) affects the expression of its surrounding
gene FOXO3, a core element of the TLR/AKT/FoxO3 pathway that
is important for repairing white matter injury mediated by oligo-
dendrocyte progenitor cell differentiation (36, 37).
For the edge-level connectivity mvGWAS, functional annotation

identified 1464 unique genes (table S17 and fig. S10). One hundred
thirty-five of 211 lead SNPs had at least one eQTL annotation or
chromatin interaction. For example, rs13084442 on 3q26.31 (mul-
tivariate z = 6.34, P = 2.32 × 10−10) is an eQTL (38) of TNIK, a gene
associated with neurogenesis and intellectual disability (39). Simi-
larly, the SNP rs28413051 on 4q31.23 (multivariate z = 6.28,
P = 3.47 × 10−10) is an eQTL of DCLK2 that is important for
axon growth cone formation and neural migration (40) and is
also within a region interacting with the promoter of DCLK2 in
neural progenitor cells (36). As a further example, allele C of
rs13107325 on 4q24 (multivariate z = 5.77, P = 7.99 × 10−9 in the
node-level connectivity mvGWAS and multivariate z = 8.74,
P = 2.37 × 10−18 in the edge-level connectivity mvGWAS) is a mis-
sense coding variant in the gene SLC39A8 that showed a high com-
bined annotation-dependent depletion score of 23.1, which
indicates that this SNP is deleterious (its frequency was 7.01%).

The same SNP has been associated with white matter microstruc-
ture integrity (20), schizophrenia (41), and children’s behavioral
problems (42).

Gene-based association analysis and gene set enrichment
analysis for the brain’s structural connectome
We used MAGMA (Multi-marker Analysis of GenoMic Annota-
tion) (23) to perform gene-based association analysis, which com-
bines the mvGWAS evidence for association at each SNP within a
given gene while controlling for LD. For node-level connectivities,
we identified 296 significant genes with P < 0.05 (after Bonferroni
correction for testing 20,146 genes and two sets of mvGWAS
results) (table S18 and fig. S11), 237 of which overlapped with
those annotated by at least one of the three strategies used above
(i.e., physical location, eQTL annotation, or chromatin interaction).
The gene-based P values were then used as input to perform
gene-set enrichment analysis, in relation to 15,488 previously
defined functional sets within the MSigDB database (43).
Sixty-one gene sets showed significant enrichment (Bonferroni
adjusted P < 0.05 for testing 15,488 sets; Fig. 3A and table S19),
which mainly implicated neurodevelopmental processes, such as
“go_neurogenesis” (β = 0.18, P = 5.53 × 10−13; the most significant
set), “go_neuron_differentiation” (β = 0.18, P = 1.55 × 10−10), and
“go_cell_morphogenesis_involved_in_neuron_differentiation”
(β = 0.25, P = 3.39 × 10−10).
For edge-level connectivities, we identified 561 genes with

significant gene-based association (Bonferroni-corrected
P < 0.05 for testing 20,146 genes and two sets of mvGWAS
results), 444 of which overlapped with genes mapped through
physical location, eQTL annotation, or chromatin interaction
(table S20 and fig. S11). Seventy-two gene sets were
significant after Bonferroni correction for 15,488 sets (Fig. 3B and
table S21), related especially to neural migration and
the development of neural projections, such as
“go_substrate_dependent_cerebral_cortex_tangential_migration”
(β = 3.98, P = 2.61 × 10−14; the most significant set),
“go_neuron_projection_guidance” (β = 0.41, P = 8.59 × 10−12), and
“go_axon_development” (β = 0.29, P = 3.45 × 10−11).
We tested our genome-wide, gene-based P values with respect to

human brain gene expression data from the BrainSpan database
(44), grouped according to 11 life-span stages or 29 different age
groups. Genes associated with node-level connectivity showed up-
regulation on average across much of the prenatal period, ranging
from early (β = 0.04, P = 5.84 × 10−5) to late (β = 0.08,
P = 1.01 × 10−5) prenatal stages or from 9 (β = 0.002,
P = 4.15 × 10−5) to 26 (β = 0.003, P = 1.18 × 10−3) postconceptional
weeks (Bonferroni-corrected P < 0.05; Fig. 3C and table S22). Sim-
ilarly, genes associated with edge-level connectivities showed up-
regulation on average during early (β = 0.06, P = 2.35 × 10−8) to
late (β = 0.06, P = 1.01 × 10−3) prenatal stages or from 9
(β = 0.003, P = 5.92 × 10−8) to 24 (β = 0.003, P = 2.67 × 10−5) post-
conceptional weeks (Bonferroni-corrected P < 0.05; Fig. 3D and
table S23).
We also examined our genome-wide, gene-based association P

values with respect to two independent single-cell gene expression
datasets derived from human prefrontal cortex samples of different
ages (GSE104276) (45). Combining across age groups, average up-
regulation was observed in astrocytes for genes associated with both
node-level connectivity (β = 0.05, P = 4.34 × 10−5) and edge-level
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connectivity (β = 0.04, P = 1.27 × 10−3) (Bonferroni-corrected P <
0.05; Fig. 3, E and F, and tables S24 and S25). Breaking down by age,
genes associated with node-level connectivity were up-regulated on
average in microglia (β = 0.02, P = 3.72 × 10−5) and stem cells
(β = 0.05, P = 3.51 × 10−4) at 10 gestational weeks of age (GW), as-
trocytes at 19 GW (β = 0.02, P = 1.48 × 10−4) and 26 GW (β = 0.05,
P = 1.35 × 10−7), and GABAergic neurons at 26 GW (β = 0.04,

P = 3.97 × 10−4) (Fig. 3E and table S24). Similarly, genes associated
with edge-level connectivities showed up-regulation on average in
microglia (β = 0.02, P = 5.07 × 10−4) and stem cells (β = 0.06,
P = 5.18 × 10−6) at 10 GW, neurons at 16 GW (β = 0.06,
P = 9.32 × 10−5), and astrocytes (β = 0.05, P = 3.50 × 10−6) and GA-
BAergic neurons at 26 GW (β = 0.05, P = 1.01 × 10−4; Fig. 3F and
table S25).

Fig. 3. Genes associated with variation in the adult white matter connectome
are enriched for specific neurodevelopmental roles. (A) Sixty-one functionally
defined gene sets showed significant enrichment of association with node-level
connectivity. (B) Seventy-two functionally defined gene sets showed significant
enrichment of association with edge-level connectivity. (C and D) On the basis of
BrainSpan data from 11 life-span stages or 29 age groups, genes associated with
variation in (C) adult node-level connectivity and (D) adult edge-level connectivity
show up-regulation in the human brain prenatally. (E and F) On the basis of single-
cell gene expression data from the prenatal brain, genes associated with variation
in (E) adult node-level connectivity show up-regulation in astrocytes when con-
sidering all prenatal age groups combined and in stem cells and microglia at 10
gestational weeks (GW), astrocytes at 19 GW, and GABAergic neurons and astro-
cytes at 26 GWwhen breaking down by developmental stages, and similarly, genes
associated with variation in (F) adult edge-level connectivity show up-regulation in
astrocytes when considering all prenatal age groups combined and in stem cells
and microglia at 10 GW, neurons at 16 GW, and GABAergic neurons and astrocytes
at 26 GW when breaking down by developmental stages. (C to F) Black lines in-
dicate the significance threshold P < 0.05 after Bonferroni correction within each
analysis. PCW, postconceptional weeks.
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Genetics of left-hemisphere language network
connectivity
To illustrate how the brain-wide mvGWAS results can be queried in
relation to any specific brain network of interest, we selected four
left-hemisphere regions that correspond to a network that is reliably
activated by sentence-level language tasks in a left-lateralized
manner in the majority of people and across languages (46), i.e.,
the opercular and triangular parts of inferior frontal cortex
(Broca’s region) and the superior and middle temporal cortex (in-
cluding the Wernicke’s region; Fig. 4). These four nodes are linked
by six edges with heritabilities ranging from 7.3 to 17.1% (table S3),
which together correspond well to the arcuate fasciculus and also
probably include streamlines via the uncinate fasciculus—two
prominent fiber tracts involved in language (Fig. 4) (47). Of the
211 lead SNPs from our brain-wide mvGWAS of edge-level connec-
tivity, 31 were significantly associated with at least one of these six
edges according to the edge-specific z scores derived fromMOSTest
(Bonferroni correction at 0.05; table S26). For example, rs12636275
on 3p11.1 is located within an intron of EPHA3, a gene that encodes
an ephrin receptor subunit that regulates the formation of axon pro-
jection maps (48), and has also been associated with functional con-
nectivity between language-related regions (49). As another
example, rs7580864 on 2q33.1 is an eQTL of PLCL1 that is impli-
cated in autism (50), a neurodevelopmental disorder that often
affects language and social skills. Other positional candidate genes
based on the 31 SNPs include CRHR1, encoding corticotropin re-
leasing hormone receptor 1, and CENPW (centromere protein W)
involved in chromosome maintenance and the cell cycle (Fig. 4 and
table S26).

Multivariate associations of the structural connectomewith
polygenic scores for brain disorders and behavioral traits
For each of the 30,810 individuals in our study sample, we calculated
polygenic scores (51) for various brain disorders or behavioral traits
that have shown associations with white matter variation, using pre-
viously published GWAS summary statistics: schizophrenia (10, 52–
54), bipolar disorder (55, 56), autism (10, 53, 57, 58), attention-
deficit/hyperactivity disorder (59, 60), left-handedness (61, 62),
Alzheimer’s disease (63, 64), amyotrophic lateral sclerosis (65,
66), and epilepsy (67, 68) (Materials and Methods). There were 18
significant partial correlations (i.e., adjusted for demographic and
technical covariates; see Materials and Methods) between different
pairs of these polygenic scores across individuals (Bonferroni-cor-
rected P < 0.05): 16 correlations were positive, with the highest
between polygenic scores for schizophrenia and bipolar disorder
(r = 0.36, P < 1 × 10−200) and between attention-deficit/hyperactiv-
ity disorder and autism (r = 0.33, P < 1 × 10−200), while 2 were neg-
ative, between polygenic scores for amyotrophic lateral sclerosis and
bipolar disorder (r = −0.03, P = 2.26 × 10−6) and amyotrophic
lateral sclerosis and autism (r = −0.03, P = 8.81 × 10−6; table S27
and fig. S12).
Separately, for each of these polygenic scores, we used canonical

correlation analysis to investigate their multivariate associations
with the 90 heritable node-level connectivity measures across the
30,810 individuals. All canonical correlations were highly signifi-
cant: schizophrenia: r = 0.07, P = 8.98 × 10−34; bipolar disorder:
r = 0.07, P = 1.53 × 10−35; autism: r = 0.06, P = 7.87 × 10−24; atten-
tion-deficit/hyperactivity disorder: r = 0.08, P = 7.84 × 10−44; left-
handedness: r = 0.07, P = 1.74 × 10−31; Alzheimer’s disease: r = 0.07,
P = 4.14 × 10−33; amyotrophic lateral sclerosis: r = 0.06,

Fig. 4. Genetics of left-hemisphere language network connectivity. (A) Four regions with core functions in the left-hemisphere language network, encompassing the
classically defined Broca’s (frontal lobe) and Wernicke’s (temporal lobe) areas. Also shown are the six edges connecting these four regions when considered as network
nodes. (B) Visualization of the six edges in an example individual, with red representing connections between the pars opercularis and pars triangularis, green repre-
senting connections between the middle temporal and superior temporal cortex, gold representing connections between the pars opercularis and middle temporal
cortex, blue representing connections between the pars opercularis and superior temporal cortex, purple representing connections between the pars triangularis and
middle temporal cortex, and yellow representing connections between pars triangularis and superior temporal cortex. (C) The closest genes to independent lead SNPs
from the brain-wide mvGWAS of edge-level connectivity, which showed significant association with at least one of the six left-hemisphere language network edges
(Bonferroni correction at 0.05; table S26).
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P = 1.29 × 10−25; epilepsy: r = 0.05, P = 1.49 × 10−20. Therefore,
polygenic dispositions to these various disorders or behavioral
traits in the general population are partly reflected in the brain’s
white matter connectivity.
Canonical correlation analyses yielded loadings for each node-

level connectivity measure, reflecting the extent and direction of
each measure’s association with polygenic disposition for a given
disorder/behavioral trait. For psychiatric disorders, the majority
of loadings were negative, i.e., increased polygenic risk for these dis-
orders was more often associated with reduced than increased con-
nectivity across brain regions (Fig. 5 and table S28). This was
especially marked for polygenic risks for schizophrenia (85
regions with negative loadings, 5 regions with positive loadings),
bipolar disorder (81 negative, 9 positive), and autism (64 negative,
26 positive). Polygenic disposition to left-handedness was also asso-
ciated with more reduced node-level connectivities (62 negative
loadings) than increased node-level connectivities (28 positive load-
ings). In contrast, increased polygenic risk for Alzheimer’s disease
was associated with increased white matter connectivity for a ma-
jority of brain regions (62 of 90) in the U.K. Biobank data, even
while some known regions of disorder pathology showed decreased
connectivity, such as medial temporal cortex (69). (These results re-
mained stable when excluding theAPOE locus that is known to have
a substantial individual effect on Alzheimer’s disease risk; see Ma-
terials and Methods and table S29). Similar observations were made
for polygenic risk for amyotrophic lateral sclerosis, where 74 of 90
regions showed positive loadings (Fig. 5 and table S28).
For each polygenic score, we identified the specific node-level

connectivities that showed the strongest loadings in canonical cor-
relation analyses, i.e., brain regions with loadings of >0.2 or <−0.2.
These regions were used to create a single brain mask for each poly-
genic score, which was then used to query the Neurosynth database
of 14,371 functional brain imaging studies (70). In this process, a
brain-wide coactivation map was generated for each mask, based
on all functional maps in the database, and these were then corre-
lated with cognitive and behavioral term-specific maps derived
from the studies included in the database (70).
For example, the mask for schizophrenia polygenic risk com-

prised 32 regions showing the strongest associations with white
matter connectivity, distributed in the bilateral temporal, dorsoven-
tral, and posterior cingulate cortex (Fig. 5A and table S28), and there
were seven functional term-based correlations of >0.2 with the cor-
responding coactivationmap for these regions (Fig. 5A, fig. S13, and
table S30), including “working memory” and “language.” This sug-
gests that polygenic disposition to schizophrenia influences the con-
nectivity of brain regions especially involved in working memory
and language (see Discussion). The mask for bipolar disorder poly-
genic risk comprised 30 regions, including temporal, medial frontal,
superior parietal, and visual cortex, as well as hippocampus and
caudate, and these regions together received functional annotations
of “mood,” working memory, and language-related processes
(Fig. 5B, fig. S13, and tables S28 and S30). Polygenic risk for
autism was mainly associated with white matter connectivity of
the right dorsolateral prefrontal, right temporal, right sensorimotor,
and bilateral visual cortex, as well as the left amygdala, and these
regions were annotated with visual, working memory, executive,
and attention functions (Fig. 5C, fig. S13, and tables S28 and
S30). Polygenic disposition to left-handedness was associated with
node-level connectivity of Broca’s area, left superior temporal

cortex, left medial prefrontal and left visual cortex, and right thala-
mus, functionally annotated with language-related cognitive func-
tions (Fig. 5E, fig. S13, and tables S28 and S30). See Fig. 5, fig. S13,
and tables S28 and S30 for the equivalent maps and functional an-
notations for all disorder/trait polygenic scores. The polygenic risks
for bipolar disorder and schizophrenia had the most similar brain
maps, in terms of node-level structural connectivity associated with
each of these polygenic risks (r = 0.56 between the loadings for these
two polygenic scores, across the 90 nodes; fig. S14 and table S31).

DISCUSSION
This large-scale mapping study used white matter tractography and
multivariate analysis to characterize the contributions of common
genetic variants to individual differences in structural connectivity
of the adult human brain. Multivariate associations between struc-
tural connectivity and polygenic dispositions to brain-related disor-
ders or behavioral traits were also characterized and described in
terms of functional activations of the implicated brain regions. To-
gether, these various analyses in over 30,000 individuals from the
general population linked multiple levels of biological organization:
from genes and cell types through developmental stages to adult
brain structure and function, behavior, and individual differences,
implicating hundreds of genomic loci that had not previously been
associated with human brain measures.
Different brain regions are interconnected through white matter

nerve fibers; this fundamental property subserves functional net-
works involved in cognition and behavior. In over 30,000 adults
from the general population, we found that interindividual varia-
tion in white matter connectivity is especially influenced by genes
that are (i) active in the prenatal developing brain; (ii) up-regulated
in stem cells, astrocytes, microglia, and neurons of the embryonic
and fetal brain; and (iii) involved in neurodevelopmental processes
including neural migration, neural projection guidance, and axon
development. A likely neurodevelopmental origin of much interin-
dividual variation of adult white matter connectivity is consistent
with findings from large-scale imaging genetic studies of other
aspects of brain structural and functional variation (10, 21, 58).
These statistical enrichment findings serve as a strong biological val-
idation of our mvGWAS findings, as there was no reason for such
clearly relevant functional enrichment to occur by chance in rela-
tion to brain white matter tracts.
Astrocytes are the largest class of brain glial cells with a range of

known functions, including neuronal homeostasis and survival,
regulation of synaptogenesis, and synaptic transmission (71). Less
well known is that during neurodevelopment, astrocytes can
express positional guidance cues, such as semaphorin 3a, that are
required for neuronal circuit formation, through mediating the at-
traction or repulsion of the growth cone at the axonal tip (72). In
our gene-based association analysis, SEMA3Awas the most signifi-
cantly associated individual gene with edge-level connectivity in the
whole genome. Together, our data suggest that the formation of
fiber tracts in the developing human brain may be affected substan-
tially by positional cues provided by astrocytes, in addition
to neurons.
As regard microglia, these phagocytic cells not only are well

known for immune functions but also help to remove dying
neurons and prune synapses, as well as modulate neuronal activity
(73). Less is known of their roles during development, but
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embryonic microglia are unevenly distributed in the brain and as-
sociate with developing axons, which again suggests roles in regu-
lating axonal growth and positional guidance (74). Mouse brains
without microglia, or with immune activated microglia, show ab-
normal dopaminergic axon outgrowth (75), while disruption of mi-
croglial function or depletion of microglia results in a failure of
growing axons to adhere and form bundles in the corpus callosum,
the largest fiber tract of the brain (76). Our data support such

observations, through showing that genes up-regulated in microglia
in the embryonic human brain are enriched for variants that asso-
ciate with individual differences in adult white matter connectivity.
Further research on the roles of astrocytes and microglia in fiber
tract development is therefore warranted.
While our results point especially to genes involved in neurode-

velopment, it is also likely that some genetic effects on white matter
connectivity act later in life. For example, astrocytes and microglia

Fig. 5. Polygenic dispositions to various brain-related disorders or behavioral traits show multivariate associations with regional (node-level) white matter
connectivities in 30,810 participants. Loadings are shown from canonical correlation analyses that indicate the extent and direction to which each node-level con-
nectivity is associated with polygenic scores for (A) schizophrenia, (B) bipolar disorder, (C) autism, (D) attention-deficit/hyperactivity disorder, (E) left-handedness, (F)
Alzheimer’s disease, (G) amyotrophic lateral sclerosis, and (H) epilepsy. A positive loading (red) indicates a higher–node-level connectivity associated with increased
polygenic disposition for a given disorder/behavioral trait, while a negative loading (blue) represents a lower–node-level connectivity associated with increased poly-
genic disposition for a given disorder/behavioral trait. Word clouds represent functions associated with the map of regions (nodes) showing the strongest loadings
(|r| > 0.2) for each polygenic score. Functions were assigned using large-scale meta-analyzed functional neuroimaging data (Materials and Methods). The font sizes in
theword clouds represent correlationmagnitudes between themeta-analyzed functional maps for those terms and the coactivationmap for the set of regions associated
with each polygenic score. See table S30 for the correlation coefficients. wm, working memory; dmn, default-mode network.
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may affect the maintenance and aging of brain fiber tracts during
adulthood, with implications for brain disorders and possibly sug-
gesting therapeutic targets. We mapped the multivariate associa-
tions of polygenic scores for various brain-related disorders and
behavioral traits with regional white matter connectivities and an-
notated the resulting brain maps using meta-analyzed functional
imaging data. Some maps and their annotations were consistent
with the symptomatology of the traits in question—for example,
polygenic disposition to bipolar disorder was associated with
white matter connectivity of brain regions prominently involved
in mood, while polygenic dispositions to attention-deficit/hyperac-
tivity disorder or autism were associated with the connectivity of
regions important for executive functions. Polygenic scores for
left-handedness and for schizophrenia were associated with the
connectivity of language-related regions, consistent with altered
left-hemisphere functional dominance for language in both of
these traits (12, 77) and a phenotypic association between them
(78). Polygenic scores for left-handedness and schizophrenia have
also been associated with altered structural asymmetry of gray
matter in language-related regions (53, 61).
Regarding genetic risks for neurological disorders, polygenic

scores for Alzheimer ’s disease and amyotrophic lateral sclerosis
were associated with the connectivity of regions important for
working memory, while polygenic scores for epilepsy were associat-
ed with connectivity of the default mode network, a set of brain
regions involved in internally initiated thoughts and semantic and
episodic memory (79). Previous analysis of white matter tracts in
Alzheimer’s disease has indicated a broad-based reduction of con-
nectivity (80), so it was unexpected that the majority of brain
regions in the U.K. Biobank adult population dataset showed in-
creased connectivity with higher polygenic risk for this disorder,
even while some core regions of pathology showed decreased con-
nectivity as expected. A similarly notable pattern was seen for amyo-
trophic lateral sclerosis, where increased polygenic risk was
associated with increased structural connectivity for a majority of
brain regions. It may be that increased connectivity of some
regions occurs as a compensatory reconfiguration in response to de-
creased connectivity of others, or at least that white matter connec-
tivity is relatively spared while cortical graymatter is reduced during
aging of those at higher polygenic risk.
The brain-wide mvGWAS approach that we used provided high

statistical power to detect relevant genomic loci, compared to amass
univariate approach (16). At the same time, the multivariate results
could be queried post hoc to identify loci associated with particular
edge-level connectivities of interest. We illustrated this by querying
the results with respect to six connections linking four core regions
of the left-hemisphere language network, together approximating to
Broca’s and Wernicke’s classically defined functional areas (46). As
expected, these connections together formed an overall feature that
closely resembles the arcuate fasciculus plus some connections
running through the uncinate fasciculus (Fig. 4), the two major lan-
guage-related tracts (47, 81). Thirty-one implicated loci included
the EPHA3 locus, encoding an ephrin receptor subunit that acts
as a positional guidance cue for the formation of axon projection
maps and has also been associated with functional connectivity
between regional components of the language network that are es-
pecially involved in semantics (49). This is therefore a concordant
genetic finding with respect to both structural and functional con-
nectivity of the human brain’s language network.

In this study, we used deterministic tractography which we
found to be computationally feasible in more than 30,000 individ-
uals (and which took roughly 4 months of processing on a cluster
server). An alternative approach, probabilistic tractography, is gen-
erally more demanding in terms of run time and storage require-
ments but can have advantages, especially as it permits modeling
of multiple tract orientations per voxel and therefore allows for
crossing fibers (82). However, it has been reported that determinis-
tic tractography tends to have a lower likelihood of generating false-
positive connections than probabilistic approaches (83). This is im-
portant because false positives can be more detrimental to the
correct calculation of network measures than false negatives (83).
Similarly, Sarwar et al. (84) assessed the performance across tractog-
raphy models and reported that deterministic tractography yielded
the most accurate connectome reconstructions, especially when
omitting connections with the fewest number of streamlines. Ac-
cordingly, we only included a connection in our structural connec-
tivity matrix when it was detected in at least 80% of participants.
Applying this threshold removed 3058 weak or spurious connec-
tions from our study, leaving 947 for further analysis, of which
851 showed significant heritability and were taken forward into
mvGWAS analysis. This threshold has been found to be suitable
for white matter network property analysis, as it provides a
balance between the elimination of false-positive connections and
creating false-negative connections (85). Anatomical connectivity
constructed by deterministic tractography has been well confirmed
by microdissection in the postmortem human brain (86), indicating
robustness and reliability of this approach (87). In addition, deter-
ministic tractography has been widely used to construct white
matter connectivity patterns in previous diffusion MRI studies,
which investigated structural characteristics during neurodevelop-
ment, aging, and in brain disorders (4, 88, 89).
It has been reported that tract specificity can be lost through bot-

tlenecks such as the corpus callosum when applying DTI-based
tractography (90), although other studies have reported that deter-
ministic tractography can achieve successful reconstruction of in-
terhemispheric connections via the corpus callosum (91, 92). In
addition, interhemispheric connectivity via the corpus callosum
that was reconstructed from conventional diffusion imaging data
has been supported by high angular resolution diffusion imaging
and also by postmortem examination of white matter anatomy
(93–95). We found the average heritability of interhemispheric con-
nections to be only slightly lower than for intrahemispheric connec-
tions, which suggests that the interhemispheric connections were
measured reliably enough to contribute to the identification of
genetic effects.
We measured structural connectivity linking pairs of regions

defined according to parcellation at the macroscopic level, using
the AAL (Automatic Anatomical Labeling) atlas (13). This atlas
was created by manual neuroanatomical delineation on the basis
of high-resolution structural imaging. Previous studies have found
that this atlas, in combination with DTI data, reliably indexes struc-
tural connectivity (96–98). In addition, the AAL atlas in combina-
tion with deterministic tractography has been applied before in a
study of vascular burden and cognitive ability in the U.K.
Biobank dataset (99), which showed that this protocol is suitable
and practical given the large size and scanning resolution of this
dataset. Furthermore, AAL atlas regions are defined in volume
space and are therefore consistent to apply across cortical and
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subcortical structures (unlike cortical surface–based segmenta-
tions), which was a goal of the present study. Tractography using
volume-based atlases, such as AAL, has also been shown to
capture variation arising from cortical thickness or bundle shape
better than surface-based atlases (100, 101). The AAL labeling
system integrates anatomical features from sulcal and gyral geome-
try, while the relatively large regions help to overcome variability
arising during spatial registration and normalization of brain
images from different individuals. While it would be informative
to apply different atlases in future studies, it is likely that the per-
centage of interregional connections not detected (i.e., with zero
streamlines) would increase with a more fine-grained atlas having
more, smaller parcellations.
This study had some limitations: (i) We maximized our statisti-

cal power for GWAS using the available data as one large discovery
sample, but this did not permit a discovery-replication design.
Nonetheless, ultimately, the total combined analysis in the largest
available sample is the most representative of the available evidence
for association. As mentioned earlier in this section, the various en-
richment analyses indicated biological validity of the GWAS find-
ings. It has been argued that discovery-replication designs have less
utility in the current era of Biobank-scale genetic studies than they
used to and that other forms of validation such as biological enrich-
ment should be given increased weight in interpretation (102). (ii)
This was a large-scale observational mapping study, which meant
that many of the analyses were screen-based and descriptive.
Science proceeds through a combination of observation and hy-
pothesis testing—this study incorporated both to varying degrees.
Some of the biological observations were notable and informative,
for example, the likely involvements of microglia and astrocytes in
affecting white matter tracts during embryonic and fetal develop-
ment, which should now be studied more extensively in animal
models. (iii) This study did not consider rare genetic variants
(with population frequencies below 1%). Future analysis of the
U.K. Biobank’s exome and genome sequence data in relation to
white matter connectivity may reveal further genes and suggest ad-
ditional mechanisms, cell types, and life-span stages in affecting in-
terindividual variation.
In summary, we used large-scale analysis to chart the white

matter connectivity of the human brain, its multivariate genetic ar-
chitecture, and its associations with polygenic dispositions to brain-
related disorders and behavioral traits. The analyses implicated spe-
cific genomic loci, genes, pathways, cell types, developmental stages,
brain regions, fiber tracts, and cognitive functions, thus integrating
multiple levels of analysis and suggesting a range of future research
directions at each of these levels.

MATERIALS AND METHODS
Sample quality control
This study was conducted under U.K. Biobank application 16066,
with C.F. as principal investigator. The U.K. Biobank received
ethical approval from the National Research Ethics Service Com-
mittee North West-Haydock (reference 11/NW/0382), and all of
their procedures were performed in accordance with the World
Medical Association guidelines (103). Written informed consent
was provided by all of the enrolled participants. We used the
dMRI (diffusion MRI) data released in February 2020, together
with the genome-wide genotyping array data. For individuals

with available dMRI and genotype data, we first excluded partici-
pants with amismatch of their self-reported and genetically inferred
sex, with putative sex chromosome aneuploidies, or who were out-
liers according to heterozygosity (principle component corrected
heterozygosity > 0.19) and genotype missingness (missing
rate > 0.05) as computed by Bycroft et al. (104). To ensure a high
degree of genetic homogeneity, analysis was limited to participants
with white British ancestry, which was defined by Bycroft et al.
(104), using a combination of self-report and cluster analysis
based on the first six principal components that capture genetic an-
cestry. We also randomly excluded one participant from each pair
with a kinship coefficient of >0.0442, as calculated by Bycroft et al.
(104). All of these metrics are available within U.K. Biobank data
category 263 or 100313. Our inclusion procedure lastly resulted in
30,810 participants, with a mean age of 63.84 years (range, 45 to 81
years), 14,636 were male and 16,174 were female.

Genetic quality control
We downloaded imputed SNP and insertion/deletion genotype data
from the U.K. Biobank (i.e., v3 imputed data released in March
2018; U.K. Biobank data category 263 and data field 22828).
QCTOOL (v.2.0.6) and PLINK v2.0 (105) were used to perform ge-
notype quality control. Specifically, we excluded variants with a
minor allele frequency of <1%, a Hardy-Weinberg equilibrium
test P < 1 × 10−7, and an imputation INFO score of <0.7 (a
measure of genotype imputation confidence), followed by removing
multiallelic variants that cannot be handled by many programs used
in genetic-related analyses. This pipeline lastly yielded 9,803,735
biallelic variants.

Diffusion MRI-based tractography
DiffusionMRI data were acquired from Siemens Skyra 3 T scanners
running protocol VD13A SP4, with a standard Siemens 32-channel
RF receive head coil (106). We downloaded the quality-controlled
dMRI data that were preprocessed by the U.K. Biobank brain
imaging team (106, 107) (U.K. Biobank data field: 20250, first
imaging visit). The preprocessing pipeline included corrections
for eddy currents, head motion, outlier slices, and gradient distor-
tion. We did not make use of imaging-derived phenotypes released
by the U.K. Biobank team, such as FA (fractional anisotropy) and
mean diffusivity (microstructural measures). Rather, we used the
quality-controlled dMRI data to perform tractography in volume
space in each individual, which generated three-dimensional
curves that characterize white matter fiber tracts. Briefly, diffusion
tensors were modeled to generate an FA image in native diffusion
space, which was used for deterministic diffusion tensor tractogra-
phy usingMRtrix3 (108). Streamlines were seeded on a 0.5-mm grid
for every voxel with an FA of 0.15 and propagated in 0.5-mm steps
using fourth-order Runge-Kutta integration. Tractography was ter-
minated if the streamline length was <20 or >250mm, if it turned an
angle of >45°, or reached a voxel with an FA of <0.15. These param-
eters were consistent with a previous study exploring the structural
network correlates of cognitive performance using the U.K.
Biobank dataset (99). Tens of thousands of streamlines were gener-
ated to reconstruct the white matter connectivity matrix of each in-
dividual on the basis of the Automated Anatomical Labelling atlas
(13) comprising a total of 90 regions encompassing cortical and
subcortical structures (45 regions per hemisphere). This
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deterministic tractography process took roughly 16 weeks on six
cluster server nodes running in parallel.
From the streamline data, we computed the mean lengths of all

interregional connections reconstructed by the deterministic trac-
tography, using the “scale_length” option of the “tck2connectome”
function in the MRtrix3 toolbox (109).

Network construction and analysis
Describing the structural network of each participant requires the
definition of network nodes and edges. In this study, the network
nodes corresponded to the 90 regions of the Automated Anatomical
Labeling atlas, a three-dimensional volume-based parcellation
scheme (13). The labeling system integrates detailed anatomical fea-
tures from sulcal and gyral geometry, reducing anatomical variabil-
ity that can arise from spatial registration and normalization of
brain images taken from different individuals (13). For each partic-
ipant, the T1 images (U.K. Biobank data field: 20252, first imaging
visit) were nonlinearly transformed into the ICBM152 T1 template
in the MNI (Montreal Neurological Institute) space to generate the
transformation matrix (110). Inverse transformation was used to
warp the Automated Anatomical Labeling atlas (13) from the
MNI volume space to native volume space. Discrete labeling
values were preserved using a nearest-neighbor interpolation
method (110). Two nodes were considered connected if they were
joined by the end points of at least one reconstructed streamline.
Separately, for each individual in the dataset, network edges were
computed by the number of streamlines connecting a given pair
of regions, divided by the volume of the two regions, because
regions with larger volumes tend to have more streamlines connect-
ing to them. This is a common approach in studies of white matter
networks (111–113). We only included edges that were detected in
at least 80% of participants, which removed 3058 weak or spurious
connections from our study. This yielded a zero-diagonal symmet-
rical 90 × 90 undirected connectivity matrix for each participant, in
which 947 edges were retained. The node-level connectivity of a
region was then defined as the sum of all existing volume-weighted
edges between that node and all other nodes in the network, reflect-
ing the total connectivity of that node within the overall network.
Rank-based inverse normalization across individuals was per-

formed on each network measure and regression on age (U.K.
Biobank field: 21003), nonlinear age [i.e., (age-mean_age)2], assess-
ment center (U.K. Biobank data field: 54), genotype measurement
batch (data field: 22000), and sex (data field: 31). Residuals were
then further regressed on the first 10 genetic principal components
that capture population genetic diversity (U.K. Biobank field:
22009) (104), followed by rank-based inverse normalization of the
residuals once more, and visual inspection of their distributions to
confirm normality. The normalized, transformed measures were
used for subsequent genetic analyses.

SNP-based heritability
We constructed a genetic relationship matrix using 9,516,306 vari-
ants on the autosomes with minor allele frequencies of >1%, an
INFO score of >0.7, and Hardy-Weinberg equilibrium P >
1 × 10−7, using GCTA (version 1.93.0beta) (15). We further exclud-
ed one random participant from each pair having a kinship coeffi-
cient higher than 0.025 (as SNP-based heritability analysis is
especially sensitive to participants with higher levels of relatedness),
yielding 29,027 participants for this particular analysis. Genome-

based restricted maximum likelihood analyses were then performed
to estimate the SNP-based heritability for each normalized structur-
al network measure, again using GCTA (15). Bonferroni correction
was applied separately for each type of network measure to identify
those that were significantly heritable at adjusted P < 0.05: 90 node-
level connectivities and 851 edge-level connectivities.

Reliability of heritable network measures
For our main analysis of the 30,810 individuals (above), we used
data from the first scanning visit at a U.K. Biobank assessment
center. One thousand five of these individuals had also undergone
brain scans (T1 structural and DTI) on a subsequent, separate oc-
casion, from 733 to 974 days after their first scan. To examine the
reliability of significantly heritable brain network measures we re-
ran deterministic tractography on the “second scan” data from these
1005 individuals, with the same set of parameters and quality filters
as the primary analysis, and recomputed the same edge-wise con-
nectivity metrics as in the primary analysis. Each edge measure was
then linearly adjusted for the same covariates as the main analysis,
and rank-based inverse normalization was applied as in the main
analysis. The adjusted, normalized values from the first and
second scans were then used to compute the ICC for each heritable
network measure, to evaluate reliability (114). ICC was calculated
by the following formula

ICC ¼
BMS � WMS

BMSþ ðm � 1ÞWMS

where BMS represents the between-individual mean square, WMS
represents the within-individual mean square, and m indicates the
number of repeat measures (here, m = 2).

Multivariate genome-wide association analysis
A total of 9,803,735 biallelic variants were used for mvGWAS anal-
ysis, spanning all autosomes and chromosome X. The sample size
for mvGWAS was 30,810 (see the “Sample quality control” section
above). We applied theMOSTest toolbox (16) to performmvGWAS
analysis for the significantly heritable measures, separately for
node-level connectivities and edge-level connectivities. MOSTest
can leverage the distributed nature of genetic influences across hun-
dreds of spatially distributed brain phenotypes while accounting for
their covariances, which can boost statistical power to detect
variant-phenotype associations (16). Specifically, the multivariate
correlation structure is determined on randomly permuted geno-
type data. MOSTest calculates the Mahalanobis norm as the sum
of squared decorrelated z values across univariate GWAS
summary statistics, to integrate effects across measures into a mul-
tivariate z statistic for each genetic variant, and uses the gamma cu-
mulative density function to fit an analytic form for the null
distribution. This permits extrapolation of the null distribution
below the P = 5 × 10−8 significance threshold without performing
an unfeasible number of permutations [5 × 10−8 is a widely used
threshold for GWAS multiple test correction in European-descent
populations (115)]. Close matching of the null P value distributions
from the permuted and analytic forms indicates that the method
correctly controls type 1 error; this was the case for all four of our
mvGWAS analyses (figs. S6 and S7). In this framework, the signs
(positive or negative) of univariate z scores indicate the correspond-
ing directions of effects (with respect to increasing numbers of
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minor alleles at a given SNP), whereas multivariate z scores are
always positive.

Identification of genomic loci, functional annotations, and
SNP-to-gene mapping
We used FUMA (version v1.4.0) (17) to identify distinct genomic
loci showing significant multivariate associations with brain struc-
tural connectivity and applied functional annotations, using default
parameters. LD structure was applied according to the 1000
Genomes European reference panel (116). SNPs with genome-
wide significant mvGWAS P < 2.5 × 10−8 that had LD r2 < 0.6
with any others were identified. For each of these SNPs, other
SNPs that had r2 ≥ 0.6 with them were included for further anno-
tation (see below), and independent “lead SNPs” were also defined
among them as having low LD (r2 < 0.1) with any others. If LD
blocks of significant SNPs were located within 250 kb of each
other, then they were merged into one genomic locus. Therefore,
some genomic loci could include one or more independent lead
SNPs. The major histocompatibility complex region on chromo-
some 6 was excluded from this process by default, because of its es-
pecially complex and long-range LD structure. Functional
annotation and SNP-to-gene mapping were carried out in FUMA
according to previously published criteria (58).

Multivariate association profiles of independently
associated lead SNPs
For each SNP, MOSTest derives a z score for each brain measure,
calculated from the P value of the univariate association of that
SNP with each individual measure. The z scores give an indication
of which measures contribute most to the multivariate association
for a given SNP (16). We used the z scores from the mvGWAS of
fiber tracts to identify lead SNPs that were significantly associated
with at least one from a set of six left-hemisphere language-related
fiber tracts (see Results: Genetics of left-hemisphere language con-
nectivity). To determine significance in this context, a threshold z
score with an unsigned magnitude of >3.56 was applied, corre-
sponding to a P value of 2.37 × 10−4 (i.e., P < 0.05 after Bonferroni
correction for all 211 lead SNPs from the mvGWAS of fiber tracts
and considering six fiber tracts). To determine which structural
connectivity measures contributed most to the multivariate associ-
ations as considered across lead SNPs, we summed the unsigned
univariate z scores separately for each measure across all lead
SNPs (separately for the mvGWAS analyses of node-level connec-
tivities and fiber tracts).

Gene-based association analysis
MAGMA (v1.08) (23), with default parameters as implemented in
FUMA (SNP-wise mean model), was used to test the joint associa-
tion arising from all SNPs within a given gene (including 50-kb up-
stream to 50-kb downstream) while accounting for LD between
SNPs. SNPs were mapped to 20,146 protein-coding genes on the
basis of National Center for Biotechnology Information build
37.3 gene definitions, and each gene was represented by at least
one SNP. Bonferroni correction was applied for the number of
genes (P < 0.025/20,146), separately for each mvGWAS.

Gene-set enrichment analysis
MAGMA (v1.08), with default settings as implemented in FUMA,
was used to examine the enrichment of association for predefined

gene sets. This process tests whether gene-based P values among all
20,146 genes are lower for those genes within predefined functional
sets than the rest of the genes in the genome while correcting for
other gene properties such as the number of SNPs. A total of
15,488 gene sets from the MSigDB database version 7.0 (43)
[5500 curated gene sets, 7343 gene ontology (GO) biological pro-
cesses, 1644 GOmolecular functions, and 1001 GO cellular compo-
nents] were tested. Bonferroni correction was applied to correct for
the number of gene sets (P < 0.05/15,488), separately for
each mvGWAS.

Cell type–specific expression analysis in developing
human cortex
On the basis of a linear regression model, the CELL TYPE function
of FUMA was used to test whether gene-based association z scores
were positively associated with higher expression levels in certain
cell types, based on single-cell RNA sequencing data from the de-
veloping human prefrontal cortex (GSE104276) (45). This dataset
comprised (i) expression per cell type per age group, ranging
from 8 to 26 postconceptional weeks, and (ii) expression profiles
per cell type, averaged over all ages combined. Results were consid-
ered significant if the association P values were smaller than the rel-
evant Bonferroni threshold for the number of cell types/age groups.
Analysis was performed separately for each mvGWAS.

Developmental stage analysis
We used MAGMA (default settings as implemented in FUMA) to
examine whether lower gene-based association P values tended to
be found for genes showing relatively higher expression in Brain-
Span gene expression data (44) from any particular life-span stage
when contrasted with all other stages, separately for 29 different age
groups ranging from 8 postconceptional weeks to 40 years old, and
11 defined life-span stages from early prenatal to middle adulthood.
A false discovery rate threshold of 0.05 was applied separately for
each analysis. Positive β coefficients for this test indicate that
genes showing more evidence for association are relatively up-reg-
ulated on average at a given life-span stage.
The Brainspan study originally collected and assigned human

brain postmortem tissue samples to 1 of 31 developmental/life-
span stages (44), but FUMA’s implementation excluded two age
groups that had less than three samples each (i.e., 25 postconcep-
tional weeks and 35 postconceptional weeks), resulting in 29 age
groups being specified for this analysis by FUMA.

Polygenic disposition to brain-related disorders or
behavioral traits
We used PRS-CS (51) to compute polygenic scores for 30,810 U.K.
Biobank individuals (see the “Sample quality control” section) for
each of the following brain-related disorders or behavioral traits,
using GWAS summary statistics from previously published, large-
scale studies: schizophrenia (n = 82,315) (52), bipolar disorder
(n = 51,710) (55), autism (n = 46,350) (57), attention-deficit/hyper-
activity disorder (n = 55,374) (60), left-handedness (n = 306,377)
(61), Alzheimer’s disease (n = 63,926) (63), amyotrophic lateral
sclerosis (n = 152,268) (66), and epilepsy (n = 44,889) (68). None
of these previous studies used U.K. Biobank data, except for the
GWAS of left-handedness (61); however, the individuals in that
GWAS were selected to be nonoverlapping and unrelated to those
with brain image data from the February 2020 data release, so that
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none of the 30,810 U.K. Biobank individuals from the present study
had been included in that GWAS. This ensured that training and
target sets for polygenic score calculation were independent. PRS-
CS infers posterior effect sizes of autosomal SNPs on the basis of
genome-wide association summary statistics, within a high-dimen-
sional Bayesian regression framework. We used default parameters
and the recommended global effect size shrinkage parameter
ϕ = 0.01, together with LD information based on the 1000
Genomes Project phase 3 European-descent reference panel
(117). Polygenic scores were calculated using 1,097,390 SNPs for
schizophrenia, 1,098,372 SNPs for bipolar disorder, 1,092,080
SNPs for autism, 1,042,054 SNPs for attention-deficit/hyperactivity
disorder, 1,103,632 SNPs for left-handedness, 1,105,067 SNPs for
Alzheimer’s disease, 1,085,071 SNPs for amyotrophic lateral sclero-
sis, and 852,343 SNPs for epilepsy (these numbers came from three-
way overlaps between U.K. Biobank data, GWAS results, and 1000
Genomes data). PRS-CS has been shown to perform in a highly
similar manner to other established polygenic risk algorithms,
with noticeably better out-of-sample prediction than an approach
based on P value thresholds and LD clumping (118, 119).
Polygenic scores were linearly adjusted for the effects of age,

nonlinear age [i.e., (age-mean_age)2], assessment center, genotype
measurement batch, sex, and the first 10 genetic principal compo-
nents that capture population genetic diversity, before performing
rank-based inverse normalization (i.e., the same set of covariate
effects that the brain metrics were adjusted for; see the “Network
construction and analysis” section) and visual inspection of their
distributions to confirm normality. The adjusted and normalized
polygenic scores were used as input for subsequent analyses.
Separately, for polygenic scores for each disorder or behavioral

trait, canonical correlation analysis across 30,810 participants (“can-
oncorr” function in MATLAB) was used to test multivariate associ-
ation with the 90 heritable node-level connectivity measures (which
had also been adjusted for covariates and normalized; see the
“Network construction and analysis” section). This multivariate
analysis identified a linear combination of the 90 node-level con-
nectivity measures (i.e., a canonical variable) that maximally corre-
lated with the polygenic score for a particular disorder or behavioral
trait across participants. Separately, for the polygenic score of each
disorder or behavioral trait, the cross-participant Pearson correla-
tion between each node-level connectivity and the canonical vari-
able was used as a loading, reflecting the extent and direction of
the contribution that a node-level connectivity made to a particular
multivariate association. We also assessed the pairwise correlations
across individuals between adjusted and normalized polygenic
scores for the different disorders and behavioral traits.
As the APOE locus is known to have a substantial effect on the

risk of Alzheimer’s disease, we also recalculated polygenic scores for
this disease after excluding a region from Chr19:45,116,911 to
Chr19:46,318,605 (GRCh37) (120) around this locus and repeated
the residualization, normalization, and canonical correlation anal-
yses to check that the results stably reflected the polygenic contribu-
tion to risk.

Functional annotation of brain regions associated most
strongly with polygenic scores
From each separate canonical correlation analysis of polygenic
scores and node-level connectivity, we identified the regions
showing loadings of >0.2 or <−0.2, which were then used to

define a single mask in standard brain space (Montreal Neurological
Institute space 152) (i.e., one mask for each polygenic score). Each
mask was analyzed using the “decoder” function of the Neurosynth
database (http://neurosynth.org), a platform for large-scale synthe-
sis of functional MRI data (70). This database defines brain-wide
activation maps corresponding to specific cognitive or behavioral
task terms using meta-analyzed functional activation maps. The da-
tabase included 1334 term-specific activation maps corresponding
to cognitive or behavioral terms from 14,371 studies. Eachmask that
we created was used separately as input to define a brain-wide co-
activation map based on all studies in the database. The resulting
coactivation maps were then correlated with each of the 1334
term-specific activation maps (70). We report only terms with cor-
relation coefficients r > 0.2 while excluding anatomical terms, non-
specific terms (e.g., “Tasks”), and one from each pair of virtually
duplicated terms (such as “Words” and “Word”). This method
does not use inferential statistical testing but rather ranks terms
based on the correlations between their activation maps and that
of the input mask.

Supplementary Materials
This PDF file includes:
Figs. S1 to S14
Legends for tables S1 to S31

Other Supplementary Material for this
manuscript includes the following:
Tables S1 to S31

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

REFERENCES AND NOTES
1. D. S. Bassett, O. Sporns, Network neuroscience. Nat. Neurosci. 20, 353–364 (2017).
2. M. Thiebaut de Schotten, C. Foulon, P. Nachev, Brain disconnections link structural

connectivity with function and behaviour. Nat. Commun. 11, 5094 (2020).
3. R. E. Passingham, K. E. Stephan, R. Kötter, The anatomical basis of functional localization

in the cortex. Nat. Rev. Neurosci. 3, 606–616 (2002).
4. S. C. de Lange, L. H. Scholtens; Alzheimer’s Disease Neuroimaging Initiative, L. H. van den

Berg, M. P. Boks, M. Bozzali, W. Cahn, U. Dannlowski, S. Durston, E. Geuze, N. E. M. van
Haren, M. H. J. Hillegers, K. Koch, M. A. Jurado, M. Mancini, I. Marqués-Iturria, S. Meinert,
R. A. Ophoff, T. J. Reess, J. Repple, R. S. Kahn, M. P. van den Heuvel, Shared vulnerability for
connectome alterations across psychiatric and neurological brain disorders. Nat. Hum.
Behav. 3, 988–998 (2019).

5. M. P. van den Heuvel, O. Sporns, A cross-disorder connectome landscape of brain dys-
connectivity. Nat. Rev. Neurosci. 20, 435–446 (2019).

6. S. Pajevic, C. Pierpaoli, Color schemes to represent the orientation of anisotropic tissues
from diffusion tensor data: Application to white matter fiber tract mapping in the human
brain. Magn. Reson. Med. 42, 526–540 (1999).

7. P. J. Basser, J. Mattiello, D. LeBihan, MR diffusion tensor spectroscopy and imaging.
Biophys. J. 66, 259–267 (1994).

8. C. Beaulieu, P. S. Allen, Determinants of anisotropic water diffusion in nerves. Magn.
Reson. Med. 31, 394–400 (1994).

9. P. J. Basser, S. Pajevic, C. Pierpaoli, J. Duda, A. Aldroubi, In vivo fiber tractography using
DT-MRI data. Magn. Reson. Med. 44, 625–632 (2000).

10. B. Zhao, T. Li, Y. Yang, X. Wang, T. Luo, Y. Shan, Z. Zhu, D. Xiong, M. E. Hauberg, J. Bendl,
J. F. Fullard, P. Roussos, Y. Li, J. L. Stein, H. Zhu, Common genetic variation influencing
human white matter microstructure. Science 372, eabf3736 (2021).

11. B. Zhao, J. Zhang, J. G. Ibrahim, T. Luo, R. C. Santelli, Y. Li, T. Li, Y. Shan, Z. Zhu, F. Zhou,
H. Liao, T. E. Nichols, H. Zhu, Large-scale GWAS reveals genetic architecture of brain white
matter microstructure and genetic overlap with cognitive and mental health traits (n =
17,706). Mol. Psychiatry 26, 3943–3955 (2021).

Sha et al., Sci. Adv. 9, eadd2870 (2023) 17 February 2023 14 of 19

SC I ENCE ADVANCES | R E S EARCH ART I C L E
D

ow
nloaded from

 https://w
w

w
.science.org at M

ax Planck Society on February 19, 2023

http://neurosynth.org
https://en.bio-protocol.org/cjrap.aspx?eid=10.1126/sciadv.add2870


12. B. Mazoyer, L. Zago, G. Jobard, F. Crivello, M. Joliot, G. Perchey, E. Mellet, L. Petit,
N. Tzourio-Mazoyer, Gaussian mixture modeling of hemispheric lateralization for lan-
guage in a large sample of healthy individuals balanced for handedness. PLOS ONE 9,
e101165 (2014).

13. N. Tzourio-Mazoyer, B. Landeau, D. Papathanassiou, F. Crivello, O. Etard, N. Delcroix,
B. Mazoyer, M. Joliot, Automated anatomical labeling of activations in SPM using a
macroscopic anatomical parcellation of theMNI MRI single-subject brain.Neuroimage 15,
273–289 (2002).

14. J. McFadyen, R. J. Dolan, M. I. Garrido, The influence of subcortical shortcuts on disor-
dered sensory and cognitive processing. Nat. Rev. Neurosci. 21, 264–276 (2020).

15. J. Yang, S. H. Lee, M. E. Goddard, P. M. Visscher, GCTA: A tool for genome-wide complex
trait analysis. Am. J. Hum. Genet. 88, 76–82 (2011).

16. D. van der Meer, O. Frei, T. Kaufmann, A. A. Shadrin, A. Devor, O. B. Smeland,
W. K. Thompson, C. C. Fan, D. Holland, L. T. Westlye, O. A. Andreassen, A. M. Dale, Un-
derstanding the genetic determinants of the brain with MOSTest. Nat. Commun. 11,
3512 (2020).

17. K. Watanabe, E. Taskesen, A. van Bochoven, D. Posthuma, Functional mapping and an-
notation of genetic associations with FUMA. Nat. Commun. 8, 1826 (2017).

18. J. MacArthur, E. Bowler, M. Cerezo, L. Gil, P. Hall, E. Hastings, H. Junkins, A. McMahon,
A. Milano, J. Morales, Z. M. Pendlington, D. Welter, T. Burdett, L. Hindorff, P. Flicek,
F. Cunningham, H. Parkinson, The new NHGRI-EBI Catalog of published genome-wide
association studies (GWAS Catalog). Nucleic Acids Res. 45, D896–D901 (2017).

19. B. Zhao, T. Luo, T. Li, Y. Li, J. Zhang, Y. Shan, X. Wang, L. Yang, F. Zhou, Z. Zhu; Alzheimer’s
Disease Neuroimaging Initiative; Pediatric Imaging, Neurocognition and Genetics, H. Zhu,
Genome-wide association analysis of 19,629 individuals identifies variants influencing
regional brain volumes and refines their genetic co-architecture with cognitive and
mental health traits. Nat. Genet. 51, 1637–1644 (2019).

20. L. T. Elliott, K. Sharp, F. Alfaro-Almagro, S. Shi, K. L. Miller, G. Douaud, J. Marchini,
S. M. Smith, Genome-wide association studies of brain imaging phenotypes in UK
Biobank. Nature 562, 210–216 (2018).

21. 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. I. Thomopoulos, A. H. Zhu, L. T. Strike, I. Agartz, S. Alhusaini, M. A. A. Almeida, D. Alnaes,
I. 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. Bulow, C. Burger, D. M. Cannon, M. Chakravarty, Q. Chen,
J. W. Cheung, B. Couvy-Duchesne, A. M. Dale, S. Dalvie, T. K. de Araujo, G. I. 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, I. O. 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, I. 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. Muhleisen, B. Muller-Myhsok, P. Najt, S. Nakahara, K. Nho, L. M. O. Loohuis,
D. P. Orfanos, J. F. Pearson, T. L. Pitcher, B. Putz, Y. Quide, 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. Sonderby,
E. Sprooten, K. E. Tansey, A. Teumer, A. Thalamuthu, D. Tordesillas-Gutierrez, 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. 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. Nothen, D. S. O’Leary, N. Opel, M. 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; I. Alzheimer’s Disease
Neuroimaging Initiative, CHARGE Consortium, EPIGEN Consortium; IMAGEN Consortium;
S.Y.S. 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. I. 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. Desrivieres,
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. Le Hellard, C. M. Loughland,
N. G. Martin, J. L. Martinot, C. McDonald, 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. Penninx, T. J. C. Polderman, D. Posthuma, M. Rietschel, J. L. Roffman, L. M. Rowland,
P. S. Sachdev, P. G. Samann, 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 NeuroImaging Genetics through
Meta-Analysis Consortium (ENIGMA)—Genetics working group, The genetic architecture
of the human cerebral cortex. Science 367, eaay6690 (2020).

22. D. van der Meer, J. Rokicki, T. Kaufmann, A. Cordova-Palomera, T. Moberget, D. Alnaes,
F. Bettella, O. Frei, N. T. Doan, I. E. Sonderby, O. B. Smeland, I. Agartz, A. Bertolino, J. Bralten,
C. L. Brandt, J. K. Buitelaar, S. Djurovic, M. van Donkelaar, E. S. Dorum, T. Espeseth,
S. V. Faraone, G. Fernandez, S. E. Fisher, B. Franke, B. Haatveit, C. A. Hartman, P. J. Hoekstra,
A. K. Haberg, E. G. Jonsson, K. K. Kolskar, S. Le Hellard, M. J. Lund, A. J. Lundervold,
A. Lundervold, I. Melle, J. M. Sanchez, L. C. Norbom, J. E. Nordvik, L. Nyberg, J. Oosterlaan,
M. Papalino, A. Papassotiropoulos, G. Pergola, D. J. F. de Quervain, G. Richard,
A. M. Sanders, P. Selvaggi, E. Shumskaya, V. M. Steen, S. Tonnesen, K. M. Ulrichsen,
M. P. Zwiers, O. A. Andreassen, L. T. Westlye; Alzheimer’s Disease Neuroimaging Initiative,
Pediatric Imaging, Neurocognition Genetics Study, Brain scans from 21,297 individuals
reveal the genetic architecture of hippocampal subfield volumes. Mol. Psychiatry 25,
3053–3065 (2020).

23. C. A. de Leeuw, J. M. Mooij, T. Heskes, D. Posthuma, MAGMA: Generalized gene-set
analysis of GWAS data. PLoS Comput. Biol. 11, e1004219 (2015).

24. E. Persyn, K. B. Hanscombe, J. M. M. Howson, C. M. Lewis, M. Traylor, H. S. Markus,
Genome-wide association study of MRI markers of cerebral small vessel disease in 42,310
participants. Nat. Commun. 11, 2175 (2020).

25. J. G. Thorp, A. I. Campos, A. D. Grotzinger, Z. F. Gerring, J. An, J. S. Ong, W. Wang; 23andMe
Research, S. Shringarpure, E. M. Byrne, S. MacGregor, N. G. Martin, S. E. Medland,
C. M. Middeldorp, E. M. Derks, Symptom-level modelling unravels the shared genetic
architecture of anxiety and depression. Nat. Hum. Behav. 5, 1432–1442 (2021).

26. Autism Spectrum Disorders Working Group of The Psychiatric Genomics Consortium,
Meta-analysis of GWAS of over 16,000 individuals with autism spectrum disorder high-
lights a novel locus at 10q24.32 and a significant overlap with schizophrenia.Mol. Autism.
8, 21 (2017).

27. J. E. Savage, P. R. Jansen, S. Stringer, K. Watanabe, J. Bryois, C. A. de Leeuw, M. Nagel,
S. Awasthi, P. B. Barr, J. R. I. Coleman, K. L. Grasby, A. R. Hammerschlag, J. A. Kaminski,
R. Karlsson, E. Krapohl, M. Lam, M. Nygaard, C. A. Reynolds, J. W. Trampush, H. Young,
D. Zabaneh, S. Hagg, N. K. Hansell, I. K. Karlsson, S. Linnarsson, G. W. Montgomery,
A. B. Munoz-Manchado, E. B. Quinlan, G. Schumann, N. G. Skene, B. T. Webb, T. White,
D. E. Arking, D. Avramopoulos, R. M. Bilder, P. Bitsios, K. E. Burdick, T. D. Cannon, O. Chiba-
Falek, A. Christoforou, E. T. Cirulli, E. Congdon, A. Corvin, G. Davies, I. J. Deary, P. DeRosse,
D. Dickinson, S. Djurovic, G. Donohoe, E. D. Conley, J. G. Eriksson, T. Espeseth, N. A. Freimer,
S. Giakoumaki, I. Giegling, M. Gill, D. C. Glahn, A. R. Hariri, A. Hatzimanolis, M. C. Keller,
E. Knowles, D. Koltai, B. Konte, J. Lahti, S. Le Hellard, T. Lencz, D. C. Liewald, E. London,
A. J. Lundervold, A. K. Malhotra, I. Melle, D. Morris, A. C. Need, W. Ollier, A. Palotie,
A. Payton, N. Pendleton, R. A. Poldrack, K. Raikkonen, I. Reinvang, P. Roussos, D. Rujescu,
F. W. Sabb, M. A. Scult, O. B. Smeland, N. Smyrnis, J. M. Starr, V. M. Steen, N. C. Stefanis,
R. E. Straub, K. Sundet, H. Tiemeier, A. N. Voineskos, D. R. Weinberger, E. Widen, J. Yu,
G. Abecasis, O. A. Andreassen, G. Breen, L. Christiansen, B. Debrabant, D. M. Dick, A. Heinz,
J. Hjerling-Leffler, M. A. Ikram, K. S. Kendler, N. G. Martin, S. E. Medland, N. L. Pedersen,
R. Plomin, T. J. C. Polderman, S. Ripke, S. van der Sluis, P. F. Sullivan, S. I. Vrieze, M. J. Wright,
D. Posthuma, Genome-wide association meta-analysis in 269,867 individuals identifies
new genetic and functional links to intelligence. Nat. Genet. 50, 912–919 (2018).

28. M. Lam, J. W. Trampush, J. Yu, E. Knowles, G. Davies, D. C. Liewald, J. M. Starr, S. Djurovic,
I. Melle, K. Sundet, A. Christoforou, I. Reinvang, P. DeRosse, A. J. Lundervold, V. M. Steen,
T. Espeseth, K. Raikkonen, E. Widen, A. Palotie, J. G. Eriksson, I. Giegling, B. Konte,
P. Roussos, S. Giakoumaki, K. E. Burdick, A. Payton, W. Ollier, O. Chiba-Falek, D. K. Attix,
A. C. Need, E. T. Cirulli, A. N. Voineskos, N. C. Stefanis, D. Avramopoulos, A. Hatzimanolis,
D. E. Arking, N. Smyrnis, R. M. Bilder, N. A. Freimer, T. D. Cannon, E. London, R. A. Poldrack,
F. W. Sabb, E. Congdon, E. D. Conley, M. A. Scult, D. Dickinson, R. E. Straub, G. Donohoe,
D. Morris, A. Corvin, M. Gill, A. R. Hariri, D. R. Weinberger, N. Pendleton, P. Bitsios,
D. Rujescu, J. Lahti, S. Le Hellard, M. C. Keller, O. A. Andreassen, I. J. Deary, D. C. Glahn,

Sha et al., Sci. Adv. 9, eadd2870 (2023) 17 February 2023 15 of 19

SC I ENCE ADVANCES | R E S EARCH ART I C L E
D

ow
nloaded from

 https://w
w

w
.science.org at M

ax Planck Society on February 19, 2023



A. K. Malhotra, T. Lencz, Large-scale cognitive GWAS meta-analysis reveals tissue-specific
neural expression and potential nootropic drug targets. Cell Rep. 21, 2597–2613 (2017).

29. G. W. Beecham, K. Hamilton, A. C. Naj, E. R. Martin, M. Huentelman, A. J. Myers,
J. J. Corneveaux, J. Hardy, J. P. Vonsattel, S. G. Younkin, D. A. Bennett, P. L. De Jager,
E. B. Larson, P. K. Crane, M. I. Kamboh, J. K. Kofler, D. C. Mash, L. Duque, J. R. Gilbert,
H. Gwirtsman, J. D. Buxbaum, P. Kramer, D. W. Dickson, L. A. Farrer, M. P. Frosch, B. Ghetti,
J. L. Haines, B. T. Hyman, W. A. Kukull, R. P. Mayeux, M. A. Pericak-Vance, J. A. Schneider,
J. Q. Trojanowski, E. M. Reiman; Alzheimer’s Disease Genetics Consortium (ADGC),
G. D. Schellenberg, T. J. Montine, Genome-wide association meta-analysis of neuro-
pathologic features of Alzheimer’s disease and related dementias. PLOS Genet. 10,
e1004606 (2014).

30. EPICURE Consortium; EMINet Consortium, M. Steffens, C. Leu, A. K. Ruppert, F. Zara,
P. Striano, A. Robbiano, G. Capovilla, P. Tinuper, A. Gambardella, A. Bianchi, A. La Neve,
G. Crichiutti, C. G. de Kovel, D. K.-N. Trenité, G. J. de Haan, D. Lindhout, V. Gaus, B. Schmitz,
D. Janz, Y. G. Weber, F. Becker, H. Lerche, B. J. Steinhoff, A. A. Kleefuß-Lie, W. S. Kunz,
R. Surges, C. E. Elger, H. Muhle, S. von Spiczak, P. Ostertag, I. Helbig, U. Stephani,
R. S. Møller, H. Hjalgrim, L. M. Dibbens, S. Bellows, K. Oliver, S. Mullen, I. E. Scheffer,
S. F. Berkovic, K. V. Everett, M. R. Gardiner, C. Marini, R. Guerrini, A. E. Lehesjoki, A. Siren,
M. Guipponi, A. Malafosse, P. Thomas, R. Nabbout, S. Baulac, E. Leguern, R. Guerrero,
J. M. Serratosa, P. S. Reif, F. Rosenow, M. Mörzinger, M. Feucht, F. Zimprich, C. Kapser,
C. J. Schankin, A. Suls, K. Smets, P. De Jonghe, A. Jordanova, H. Caglayan, Z. Yapici,
D. A. Yalcin, B. Baykan, N. Bebek, U. Ozbek, C. Gieger, H. E. Wichmann, T. Balschun,
D. Ellinghaus, A. Franke, C. Meesters, T. Becker, T. F. Wienker, A. Hempelmann, H. Schulz,
F. Ruschendorf, M. Leber, S. M. Pauck, H. Trucks, M. R. Toliat, P. Nurnberg, G. Avanzini,
B. P. Koeleman, T. Sander, Genome-wide association analysis of genetic generalized
epilepsies implicates susceptibility loci at 1q43, 2p16.1, 2q22.3 and 17q21.32. Hum. Mol.
Genet. 21, 5359–5372 (2012).

31. T. G. Richardson, E. Sanderson, T. M. Palmer, M. Ala-Korpela, B. A. Ference, G. Davey Smith,
M. V. Holmes, Evaluating the relationship between circulating lipoprotein lipids and
apolipoproteins with risk of coronary heart disease: A multivariable Mendelian random-
isation analysis. PLoS Med. 17, e1003062 (2020).

32. S. L. Pulit, C. Stoneman, A. P. Morris, A. R. Wood, C. A. Glastonbury, J. Tyrrell, L. Yengo,
T. Ferreira, E. Marouli, Y. Ji, J. Yang, S. Jones, R. Beaumont, D. C. Croteau-Chonka,
T. W. Winkler; GIANT Consortium, A. T. Hattersley, R. J. F. Loos, J. N. Hirschhorn,
P. M. Visscher, T. M. Frayling, H. Yaghootkar, C. M. Lindgren, Meta-analysis of genome-
wide association studies for body fat distribution in 694 649 individuals of European
ancestry. Hum. Mol. Genet. 28, 166–174 (2019).

33. A. Mela, J. E. Goldman, The tetraspanin KAI1/CD82 is expressed by late-lineage oligo-
dendrocyte precursors and may function to restrict precursor migration and promote
oligodendrocyte differentiation and myelination. J. Neurosci. 29, 11172–11181 (2009).

34. M. Fromer, P. Roussos, S. K. Sieberts, J. S. Johnson, D. H. Kavanagh, T. M. Perumal,
D. M. Ruderfer, E. C. Oh, A. Topol, H. R. Shah, L. L. Klei, R. Kramer, D. Pinto, Z. H. Gumus,
A. E. Cicek, K. K. Dang, A. Browne, C. Lu, L. Xie, B. Readhead, E. A. Stahl, J. Xiao, M. Parvizi,
T. Hamamsy, J. F. Fullard, Y. C. Wang, M. C. Mahajan, J. M. Derry, J. T. Dudley, S. E. Hemby,
B. A. Logsdon, K. Talbot, T. Raj, D. A. Bennett, P. L. De Jager, J. Zhu, B. Zhang, P. F. Sullivan,
A. Chess, S. M. Purcell, L. A. Shinobu, L. M. Mangravite, H. Toyoshiba, R. E. Gur, C. G. Hahn,
D. A. Lewis, V. Haroutunian, M. A. Peters, B. K. Lipska, J. D. Buxbaum, E. E. Schadt, K. Hirai,
K. Roeder, K. J. Brennand, N. Katsanis, E. Domenici, B. Devlin, P. Sklar, Gene expression
elucidates functional impact of polygenic risk for schizophrenia. Nat. Neurosci. 19,
1442–1453 (2016).

35. THE GTEX The Genotype-Tissue Expression (GTEx) pilot analysis: Multitissue gene regu-
lation in humans. Science 348, 648–660 (2015).

36. A. D. Schmitt, M. Hu, I. Jung, Z. Xu, Y. Qiu, C. L. Tan, Y. Li, S. Lin, Y. Lin, C. L. Barr, B. Ren, A
compendium of chromatin contact maps reveals spatially active regions in the human
genome. Cell Rep. 17, 2042–2059 (2016).

37. T. Srivastava, P. Diba, J. M. Dean, F. Banine, D. Shaver, M. Hagen, X. Gong, W. Su, B. Emery,
D. L. Marks, E. N. Harris, B. Baggenstoss, P. H. Weigel, L. S. Sherman, S. A. Back, A TLR/AKT/
FoxO3 immune tolerance-like pathway disrupts the repair capacity of oligodendrocyte
progenitors. J. Clin. Invest. 128, 2025–2041 (2018).

38. D. Wang, S. Liu, J. Warrell, H. Won, X. Shi, F. C. P. Navarro, D. Clarke, M. Gu, P. Emani,
Y. T. Yang, M. Xu, M. J. Gandal, S. Lou, J. Zhang, J. J. Park, C. Yan, S. K. Rhie,
K. Manakongtreecheep, H. Zhou, A. Nathan, M. Peters, E. Mattei, D. Fitzgerald, T. Brunetti,
J. Moore, Y. Jiang, K. Girdhar, G. E. Hoffman, S. Kalayci, Z. H. Gumus, G. E. Crawford,
E. C. Psych, P. Roussos, S. Akbarian, A. E. Jaffe, K. P. White, Z. Weng, N. Sestan,
D. H. Geschwind, J. A. Knowles, M. B. Gerstein, Comprehensive functional genomic re-
source and integrative model for the human brain. Science 362, eaat8464 (2018).

39. S. Anazi, H. E. Shamseldin, D. AlNaqeb, M. Abouelhoda, D. Monies, M. A. Salih, K. Al-
Rubeaan, F. S. Alkuraya, A null mutation in TNIK defines a novel locus for intellectual
disability. Hum. Genet. 135, 773–778 (2016).

40. H. Nawabi, S. Belin, R. Cartoni, P. R. Williams, C. Wang, A. Latremoliere, X. Wang, J. Zhu,
D. G. Taub, X. Fu, B. Yu, X. Gu, C. J. Woolf, J. S. Liu, C. V. Gabel, J. A. Steen, Z. He, Dou-
blecortin-like kinases promote neuronal survival and induce growth cone reformation via
distinct mechanisms. Neuron 88, 704–719 (2015).

41. Q. Luo, Q. Chen, W. Wang, S. Desrivieres, E. B. Quinlan, T. Jia, C. Macare, G. H. Robert, J. Cui,
M. Guedj, L. Palaniyappan, F. Kherif, T. Banaschewski, A. L. W. Bokde, C. Buchel, H. Flor,
V. Frouin, H. Garavan, P. Gowland, A. Heinz, B. Ittermann, J. L. Martinot, E. Artiges,
M. L. Paillere-Martinot, F. Nees, D. P. Orfanos, L. Poustka, J. H. Frohner, M. N. Smolka,
H. Walter, R. Whelan, J. H. Callicott, V. S. Mattay, Z. Pausova, J. F. Dartigues, C. Tzourio,
F. Crivello, K. F. Berman, F. Li, T. Paus, D. R. Weinberger, R. M. Murray, G. Schumann, J. Feng;
IMAGEN consortium, Association of a Schizophrenia-Risk nonsynonymous variant with
putamen volume in adolescents: A voxelwise and genome-wide association study. JAMA
Psychiat. 76, 435–445 (2019).

42. K. E. Wahlberg, S. Guazzetti, D. Pineda, S. C. Larsson, C. Fedrighi, G. Cagna, S. Zoni,
D. Placidi, R. O. Wright, D. R. Smith, R. G. Lucchini, K. Broberg, Polymorphisms in man-
ganese transporters SLC30A10 and SLC39A8 are associated with Children’s neurodevel-
opment by influencing manganese homeostasis. Front. Genet. 9, 664 (2018).

43. A. Liberzon, A. Subramanian, R. Pinchback, H. Thorvaldsdottir, P. Tamayo, J. P. Mesirov,
Molecular signatures database (MSigDB) 3.0. Bioinformatics 27, 1739–1740 (2011).

44. J. A. Miller, S. L. Ding, S. M. Sunkin, K. A. Smith, L. Ng, A. Szafer, A. Ebbert, Z. L. Riley,
J. J. Royall, K. Aiona, J. M. Arnold, C. Bennet, D. Bertagnolli, K. Brouner, S. Butler,
S. Caldejon, A. Carey, C. Cuhaciyan, R. A. Dalley, N. Dee, T. A. Dolbeare, B. A. Facer, D. Feng,
T. P. Fliss, G. Gee, J. Goldy, L. Gourley, B. W. Gregor, G. Gu, R. E. Howard, J. M. Jochim,
C. L. Kuan, C. Lau, C. K. Lee, F. Lee, T. A. Lemon, P. Lesnar, B. McMurray, N. Mastan,
N. Mosqueda, T. Naluai-Cecchini, N. K. Ngo, J. Nyhus, A. Oldre, E. Olson, J. Parente,
P. D. Parker, S. E. Parry, A. Stevens, M. Pletikos, M. Reding, K. Roll, D. Sandman, M. Sarreal,
S. Shapouri, N. V. Shapovalova, E. H. Shen, N. Sjoquist, C. R. Slaughterbeck, M. Smith,
A. J. Sodt, D. Williams, L. Zollei, B. Fischl, M. B. Gerstein, D. H. Geschwind, I. A. Glass,
M. J. Hawrylycz, R. F. Hevner, H. Huang, A. R. Jones, J. A. Knowles, P. Levitt, J. W. Phillips,
N. Sestan, P. Wohnoutka, C. Dang, A. Bernard, J. G. Hohmann, E. S. Lein, Transcriptional
landscape of the prenatal human brain. Nature 508, 199–206 (2014).

45. S. Zhong, S. Zhang, X. Fan, Q. Wu, L. Yan, J. Dong, H. Zhang, L. Li, L. Sun, N. Pan, X. Xu,
F. Tang, J. Zhang, J. Qiao, X. Wang, A single-cell RNA-seq survey of the developmental
landscape of the human prefrontal cortex. Nature 555, 524–528 (2018).

46. S. Malik-Moraleda, D. Ayyash, J. Gallee, J. Affourtit, M. Hoffmann, Z. Mineroff, O. Jouravlev,
E. Fedorenko, An investigation across 45 languages and 12 language families reveals a
universal language network. Nat. Neurosci. 25, 1014–1019 (2022).

47. A. S. Dick, P. Tremblay, Beyond the arcuate fasciculus: Consensus and controversy in the
connectional anatomy of language. Brain 135, 3529–3550 (2012).

48. J. G. Flanagan, P. Vanderhaeghen, The ephrins and Eph receptors in neural development.
Annu. Rev. Neurosci. 21, 309–345 (1998).

49. Y. Mekki, V. Guillemot, H. Lemaitre, A. Carrion-Castillo, S. Forkel, V. Frouin, C. Philippe, The
genetic architecture of language functional connectivity. Neuroimage 249,
118795 (2022).

50. F. Zheng, G. Liu, T. Dang, Q. Chen, Y. An, M. Wu, X. Kong, Z. Qiu, B. L. Wu, GABA signaling
pathway-associated Gene PLCL1 rare variants may be associated with autism spectrum
disorders. Neurosci. Bull. 37, 1240–1245 (2021).

51. T. Ge, C. Y. Chen, Y. Ni, Y. A. Feng, J. W. Smoller, Polygenic prediction via Bayesian re-
gression and continuous shrinkage priors. Nat. Commun. 10, 1776 (2019).

52. Schizophrenia Working Group of the Psychiatric Genomics Consortium, Biological in-
sights from 108 schizophrenia-associated genetic loci. Nature 511, 421–427 (2014).

53. Z. Sha, D. Schijven, C. Francks, Patterns of brain asymmetry associated with polygenic
risks for autism and schizophrenia implicate language and executive functions but not
brain masculinization. Mol. Psychiatry 26, 7652–7660 (2021).

54. E.-M. Stauffer, R. A. Bethlehem, V. Warrier, G. K. Murray, R. Romero-Garcia, J. Seidlitz,
E. T. Bullmore, Grey and white matter microstructure is associated with polygenic risk for
schizophrenia. Mol. Psychiatry 26, 7709–7718 (2021).

55. E. A. Stahl, G. Breen, A. J. Forstner, A. McQuillin, S. Ripke, V. Trubetskoy, M. Mattheisen,
Y. Wang, J. R. I. Coleman, H. A. Gaspar, C. A. de Leeuw, S. Steinberg, J. M. W. Pavlides,
M. Trzaskowski, E. M. Byrne, T. H. Pers, P. A. Holmans, A. L. Richards, L. Abbott, E. Agerbo,
H. Akil, D. Albani, N. Alliey-Rodriguez, T. D. Als, A. Anjorin, V. Antilla, S. Awasthi, J. A. Badner,
M. Baekvad-Hansen, J. D. Barchas, N. Bass, M. Bauer, R. Belliveau, S. E. Bergen,
C. B. Pedersen, E. Boen, M. P. Boks, J. Boocock, M. Budde, W. Bunney, M. Burmeister,
J. Bybjerg-Grauholm, W. Byerley, M. Casas, F. Cerrato, P. Cervantes, K. Chambert,
A. W. Charney, D. Chen, C. Churchhouse, T. K. Clarke, W. Coryell, D. W. Craig, C. Cruceanu,
D. Curtis, P. M. Czerski, A. M. Dale, S. de Jong, F. Degenhardt, J. Del-Favero, J. R. DePaulo,
S. Djurovic, A. L. Dobbyn, A. Dumont, T. Elvsashagen, V. Escott-Price, C. C. Fan, S. B. Fischer,
M. Flickinger, T. M. Foroud, L. Forty, J. Frank, C. Fraser, N. B. Freimer, L. Frisen, K. Gade,
D. Gage, J. Garnham, C. Giambartolomei, M. G. Pedersen, J. Goldstein, S. D. Gordon,
K. Gordon-Smith, E. K. Green, M. J. Green, T. A. Greenwood, J. Grove, W. Guan, J. Guzman-

Sha et al., Sci. Adv. 9, eadd2870 (2023) 17 February 2023 16 of 19

SC I ENCE ADVANCES | R E S EARCH ART I C L E
D

ow
nloaded from

 https://w
w

w
.science.org at M

ax Planck Society on February 19, 2023



Parra, M. L. Hamshere, M. Hautzinger, U. Heilbronner, S. Herms, M. Hipolito, P. Hoffmann,
D. Holland, L. Huckins, S. Jamain, J. S. Johnson, A. Jureus, R. Kandaswamy, R. Karlsson,
J. L. Kennedy, S. Kittel-Schneider, J. A. Knowles, M. Kogevinas, A. C. Koller, R. Kupka,
C. Lavebratt, J. Lawrence, W. B. Lawson, M. Leber, P. H. Lee, S. E. Levy, J. Z. Li, C. Liu, S. Lucae,
A. Maaser, D. J. MacIntyre, P. B. Mahon, W. Maier, L. Martinsson, S. McCarroll, P. McGuffin,
M. G. McInnis, J. D. McKay, H. Medeiros, S. E. Medland, F. Meng, L. Milani,
G. W. Montgomery, D. W. Morris, T. W. Muhleisen, N. Mullins, H. Nguyen, C. M. Nievergelt,
A. N. Adolfsson, E. A. Nwulia, C. O’Donovan, L. M. O. Loohuis, A. P. S. Ori, L. Oruc, U. Osby,
R. H. Perlis, A. Perry, A. Pfennig, J. B. Potash, S. M. Purcell, E. J. Regeer, A. Reif, C. S. Reinbold,
J. P. Rice, F. Rivas, M. Rivera, P. Roussos, D. M. Ruderfer, E. Ryu, C. Sanchez-Mora,
A. F. Schatzberg, W. A. Scheftner, N. J. Schork, C. S. Weickert, T. Shehktman, P. D. Shilling,
E. Sigurdsson, C. Slaney, O. B. Smeland, J. L. Sobell, C. S. Hansen, A. T. Spijker, D. S. Clair,
M. Steffens, J. S. Strauss, F. Streit, J. Strohmaier, S. Szelinger, R. C. Thompson,
T. E. Thorgeirsson, J. Treutlein, H. Vedder, W. Wang, S. J. Watson, T. W. Weickert, S. H. Witt,
S. Xi, W. Xu, A. H. Young, P. Zandi, P. Zhang, S. Zollner; eQTLGen Consortium; BIOS Con-
sortium, R. Adolfsson, I. Agartz, M. Alda, L. Backlund, B. T. Baune, F. Bellivier,
W. H. Berrettini, J. M. Biernacka, D. H. R. Blackwood, M. Boehnke, A. D. Borglum, A. Corvin,
N. Craddock, M. J. Daly, U. Dannlowski, T. Esko, B. Etain, M. Frye, J. M. Fullerton,
E. S. Gershon, M. Gill, F. Goes, M. Grigoroiu-Serbanescu, J. Hauser, D. M. Hougaard,
C. M. Hultman, I. Jones, L. A. Jones, R. S. Kahn, G. Kirov, M. Landen, M. Leboyer, C. M. Lewis,
Q. S. Li, J. Lissowska, N. G. Martin, F. Mayoral, S. L. McElroy, A. M. McIntosh, F. J. McMahon,
I. Melle, A. Metspalu, P. B. Mitchell, G. Morken, O. Mors, P. B. Mortensen, B. Muller-Myhsok,
R. M. Myers, B. M. Neale, V. Nimgaonkar, M. Nordentoft, M. M. Nothen, M. C. O’Donovan,
K. J. Oedegaard, M. J. Owen, S. A. Paciga, C. Pato, M. T. Pato, D. Posthuma, J. A. Ramos-
Quiroga, M. Ribases, M. Rietschel, G. A. Rouleau, M. Schalling, P. R. Schofield, T. G. Schulze,
A. Serretti, J. W. Smoller, H. Stefansson, K. Stefansson, E. Stordal, P. F. Sullivan, G. Turecki,
A. E. Vaaler, E. Vieta, J. B. Vincent, T. Werge, J. I. Nurnberger, N. R. Wray, A. Di Florio,
H. J. Edenberg, S. Cichon, R. A. Ophoff, L. J. Scott, O. A. Andreassen, J. Kelsoe, P. Sklar;
Bipolar Disorder Working Group of the Psychiatric Genomics Consortium, Genome-wide
association study identifies 30 loci associated with bipolar disorder. Nat. Genet. 51,
793–803 (2019).

56. C. M. Torgerson, A. Irimia, A. D. Leow, G. Bartzokis, T. D. Moody, R. G. Jennings, J. R. Alger,
J. D. Van Horn, L. L. Altshuler, DTI tractography and white matter fiber tract characteristics
in euthymic bipolar I patients and healthy control subjects. Brain Imaging Behav. 7,
129–139 (2013).

57. J. Grove, S. Ripke, T. D. Als, M. Mattheisen, R. K. Walters, H. Won, J. Pallesen, E. Agerbo,
O. A. Andreassen, R. Anney, S. Awashti, R. Belliveau, F. Bettella, J. D. Buxbaum, J. Bybjerg-
Grauholm, M. Baekvad-Hansen, F. Cerrato, K. Chambert, J. H. Christensen, C. Churchhouse,
K. Dellenvall, D. Demontis, S. De Rubeis, B. Devlin, S. Djurovic, A. L. Dumont, J. I. Goldstein,
C. S. Hansen, M. E. Hauberg, M. V. Hollegaard, S. Hope, D. P. Howrigan, H. Huang,
C. M. Hultman, L. Klei, J. Maller, J. Martin, A. R. Martin, J. L. Moran, M. Nyegaard, T. Naerland,
D. S. Palmer, A. Palotie, C. B. Pedersen, M. G. Pedersen, T. dPoterba, J. B. Poulsen,
B. S. Pourcain, P. Qvist, K. Rehnstrom, A. Reichenberg, J. Reichert, E. B. Robinson, K. Roeder,
P. Roussos, E. Saemundsen, S. Sandin, F. K. Satterstrom, G. D. Smith, H. Stefansson,
S. Steinberg, C. R. Stevens, P. F. Sullivan, P. Turley, G. B. Walters, X. Xu; Autism Spectrum
Disorder Working Group of the Psychiatric Genomics Consortium; BUPGEN; Major De-
pressive Disorder Working Group of the Psychiatric Genomics Consortium; 23andMe
Research, K. Stefansson, D. H. Geschwind, M. Nordentoft, D. M. Hougaard, T. Werge,
O. Mors, P. B. Mortensen, B. M. Neale, M. J. Daly, A. D. Borglum, Identification of common
genetic risk variants for autism spectrum disorder. Nat. Genet. 51, 431–444 (2019).

58. Z. Sha, D. Schijven, A. Carrion-Castillo, M. Joliot, B. Mazoyer, S. E. Fisher, F. Crivello,
C. Francks, The genetic architecture of structural left-right asymmetry of the human brain.
Nat. Hum. Behav. 5, 1226–1239 (2021).

59. R. Beare, C. Adamson, M. A. Bellgrove, V. Vilgis, A. Vance, M. L. Seal, T. J. Silk, Altered
structural connectivity in ADHD: A network based analysis. Brain Imaging Behav. 11,
846–858 (2017).

60. D. Demontis, R. K. Walters, J. Martin, M. Mattheisen, T. D. Als, E. Agerbo, G. Baldursson,
R. Belliveau, J. Bybjerg-Grauholm, M. Baekvad-Hansen, F. Cerrato, K. Chambert,
C. Churchhouse, A. Dumont, N. Eriksson, M. Gandal, J. I. Goldstein, K. L. Grasby, J. Grove,
O. O. Gudmundsson, C. S. Hansen, M. E. Hauberg, M. V. Hollegaard, D. P. Howrigan,
H. Huang, J. B. Maller, A. R. Martin, N. G. Martin, J. Moran, J. Pallesen, D. S. Palmer,
C. B. Pedersen, M. G. Pedersen, T. Poterba, J. B. Poulsen, S. Ripke, E. B. Robinson,
F. K. Satterstrom, H. Stefansson, C. Stevens, P. Turley, G. B. Walters, H. Won, M. J. Wright;
ADHD Working Group of the Psychiatric Genomics Consortium (PGC); Early Lifecourse &
Genetic Epidemiology (EAGLE) Consortium; 23andMe Research Team, O. A. Andreassen,
P. Asherson, C. L. Burton, D. I. Boomsma, B. Cormand, S. Dalsgaard, B. Franke, J. Gelernter,
D. Geschwind, H. Hakonarson, J. Haavik, H. R. Kranzler, J. Kuntsi, K. Langley, K. P. Lesch,
C. Middeldorp, A. Reif, L. A. Rohde, P. Roussos, R. Schachar, P. Sklar, E. J. S. Sonuga-Barke,
P. F. Sullivan, A. Thapar, J. Y. Tung, I. D. Waldman, S. E. Medland, K. Stefansson,
M. Nordentoft, D. M. Hougaard, T. Werge, O. Mors, P. B. Mortensen, M. J. Daly, S. V. Faraone,

A. D. Borglum, B. M. Neale, Discovery of the first genome-wide significant risk loci for
attention deficit/hyperactivity disorder. Nat. Genet. 51, 63–75 (2019).

61. Z. Sha, A. Pepe, D. Schijven, A. Carrion-Castillo, J. M. Roe, R. Westerhausen, M. Joliot,
S. E. Fisher, F. Crivello, C. Francks, Handedness and its genetic influences are associated
with structural asymmetries of the cerebral cortex in 31,864 individuals. Proc. Natl. Acad.
Sci. U.S.A. 118, e2113095118 (2021).

62. A. Wiberg, M. Ng, Y. Al Omran, F. Alfaro-Almagro, P. McCarthy, J. Marchini, D. L. Bennett,
S. Smith, G. Douaud, D. Furniss, Handedness, language areas and neuropsychiatric dis-
eases: Insights from brain imaging and genetics. Brain 142, 2938–2947 (2019).

63. B. W. Kunkle, B. Grenier-Boley, R. Sims, J. C. Bis, V. Damotte, A. C. Naj, A. Boland,
M. Vronskaya, S. J. van der Lee, A. Amlie-Wolf, C. Bellenguez, A. Frizatti, V. Chouraki,
E. R. Martin, K. Sleegers, N. Badarinarayan, J. Jakobsdottir, K. L. Hamilton-Nelson,
S. Moreno-Grau, R. Olaso, R. Raybould, Y. Chen, A. B. Kuzma, M. Hiltunen, T. Morgan,
S. Ahmad, B. N. Vardarajan, J. Epelbaum, P. Hoffmann, M. Boada, G. W. Beecham,
J. G. Garnier, D. Harold, A. L. Fitzpatrick, O. Valladares, M. L. Moutet, A. Gerrish, A. V. Smith,
L. Qu, D. Bacq, N. Denning, X. Jian, Y. Zhao, M. Del Zompo, N. C. Fox, S. H. Choi, I. Mateo,
J. T. Hughes, H. H. Adams, J. Malamon, F. Sanchez-Garcia, Y. Patel, J. A. Brody,
B. A. Dombroski, M. C. D. Naranjo, M. Daniilidou, G. Eiriksdottir, S. Mukherjee, D. Wallon,
J. Uphill, T. Aspelund, L. B. Cantwell, F. Garzia, D. Galimberti, E. Hofer, M. Butkiewicz, B. Fin,
E. Scarpini, C. Sarnowski, W. S. Bush, S. Meslage, J. Kornhuber, C. C. White, Y. Song,
R. C. Barber, S. Engelborghs, S. Sordon, D. Voijnovic, P. M. Adams, R. Vandenberghe,
M. Mayhaus, L. A. Cupples, M. S. Albert, P. P. De Deyn, W. Gu, J. J. Himali, D. Beekly,
A. Squassina, A. M. Hartmann, A. Orellana, D. Blacker, E. Rodriguez-Rodriguez,
S. Lovestone, M. E. Garcia, R. S. Doody, C. Munoz-Fernadez, R. Sussams, H. Lin,
T. J. Fairchild, Y. A. Benito, C. Holmes, H. Karamujic-Comic, M. P. Frosch, H. Thonberg,
W. Maier, G. Roshchupkin, B. Ghetti, V. Giedraitis, A. Kawalia, S. Li, R. M. Huebinger,
L. Kilander, S. Moebus, I. Hernandez, M. I. Kamboh, R. Brundin, J. Turton, Q. Yang, M. J. Katz,
L. Concari, J. Lord, A. S. Beiser, C. D. Keene, S. Helisalmi, I. Kloszewska, W. A. Kukull,
A. M. Koivisto, A. Lynch, L. Tarraga, E. B. Larson, A. Haapasalo, B. Lawlor, T. H. Mosley,
R. B. Lipton, V. Solfrizzi, M. Gill, W. T. Longstreth Jr., T. J. Montine, V. Frisardi, M. Diez-Fairen,
F. Rivadeneira, R. C. Petersen, V. Deramecourt, I. Alvarez, F. Salani, A. Ciaramella,
E. Boerwinkle, E. M. Reiman, N. Fievet, J. I. Rotter, J. S. Reisch, O. Hanon, C. Cupidi,
A. G. A. Uitterlinden, D. R. Royall, C. Dufouil, R. G. Maletta, I. de Rojas, M. Sano, A. Brice,
R. Cecchetti, P. S. George-Hyslop, K. Ritchie, M. Tsolaki, D. W. Tsuang, B. Dubois, D. Craig,
C. K. Wu, H. Soininen, D. Avramidou, R. L. Albin, L. Fratiglioni, A. Germanou,
L. G. Apostolova, L. Keller, M. Koutroumani, S. E. Arnold, F. Panza, O. Gkatzima, S. Asthana,
D. Hannequin, P. Whitehead, C. S. Atwood, P. Caffarra, H. Hampel, I. Quintela, A. Carracedo,
L. Lannfelt, D. C. Rubinsztein, L. L. Barnes, F. Pasquier, L. Frolich, S. Barral, B. McGuinness,
T. G. Beach, J. A. Johnston, J. T. Becker, P. Passmore, E. H. Bigio, J. M. Schott, T. D. Bird,
J. D. Warren, B. F. Boeve, M. K. Lupton, J. D. Bowen, P. Proitsi, A. Boxer, J. F. Powell,
J. R. Burke, J. S. K. Kauwe, J. M. Burns, M. Mancuso, J. D. Buxbaum, U. Bonuccelli, N. J. Cairns,
A. McQuillin, C. Cao, G. Livingston, C. S. Carlson, N. J. Bass, C. M. Carlsson, J. Hardy,
R. M. Carney, J. Bras, M. M. Carrasquillo, R. Guerreiro, M. Allen, H. C. Chui, E. Fisher,
C. Masullo, E. A. Crocco, C. DeCarli, G. Bisceglio, M. Dick, L. Ma, R. Duara, N. R. Graff-Radford,
D. A. Evans, A. Hodges, K. M. Faber, M. Scherer, K. B. Fallon, M. Riemenschneider,
D. W. Fardo, R. Heun, M. R. Farlow, H. Kolsch, S. Ferris, M. Leber, T. M. Foroud, I. Heuser,
D. R. Galasko, I. Giegling, M. Gearing, M. Hull, D. H. Geschwind, J. R. Gilbert, J. Morris,
R. C. Green, K. Mayo, J. H. Growdon, T. Feulner, R. L. Hamilton, L. E. Harrell, D. Drichel,
L. S. Honig, T. D. Cushion, M. J. Huentelman, P. Hollingworth, C. M. Hulette, B. T. Hyman,
R. Marshall, G. P. Jarvik, A. Meggy, E. Abner, G. E. Menzies, L. W. Jin, G. Leonenko, L. M. Real,
G. R. Jun, C. T. Baldwin, D. Grozeva, A. Karydas, G. Russo, J. A. Kaye, R. Kim, F. Jessen,
N. W. Kowall, B. Vellas, J. H. Kramer, E. Vardy, F. M. LaFerla, K. H. Jockel, J. J. Lah,
M. Dichgans, J. B. Leverenz, D. Mann, A. I. Levey, S. Pickering-Brown, A. P. Lieberman,
N. Klopp, K. L. Lunetta, H. E. Wichmann, C. G. Lyketsos, K. Morgan, D. C. Marson, K. Brown,
F. Martiniuk, C. Medway, D. C. Mash, M. M. Nothen, E. Masliah, N. M. Hooper,
W. C. McCormick, A. Daniele, S. M. McCurry, A. Bayer, A. N. McDavid, J. Gallacher,
A. C. McKee, H. van den Bussche, M. Mesulam, C. Brayne, B. L. Miller, S. Riedel-Heller,
C. A. Miller, J. W. Miller, A. Al-Chalabi, J. C. Morris, C. E. Shaw, A. J. Myers, J. Wiltfang,
S. O’Bryant, J. M. Olichney, V. Alvarez, J. E. Parisi, A. B. Singleton, H. L. Paulson, J. Collinge,
W. R. Perry, S. Mead, E. Peskind, D. H. Cribbs, M. Rossor, A. Pierce, N. S. Ryan, W. W. Poon,
B. Nacmias, H. Potter, S. Sorbi, J. F. Quinn, E. Sacchinelli, A. Raj, G. Spalletta, M. Raskind,
C. Caltagirone, P. Bossu, M. D. Orfei, B. Reisberg, R. Clarke, C. Reitz, A. D. Smith,
J. M. Ringman, D. Warden, E. D. Roberson, G. Wilcock, E. Rogaeva, A. C. Bruni, H. J. Rosen,
M. Gallo, R. N. Rosenberg, Y. Ben-Shlomo, M. A. Sager, P. Mecocci, A. J. Saykin, P. Pastor,
M. L. Cuccaro, J. M. Vance, J. A. Schneider, L. S. Schneider, S. Slifer, W. W. Seeley, A. G. Smith,
J. A. Sonnen, S. Spina, R. A. Stern, R. H. Swerdlow, M. Tang, R. E. Tanzi, J. Q. Trojanowski,
J. C. Troncoso, V. M. Van Deerlin, L. J. Van Eldik, H. V. Vinters, J. P. Vonsattel, S. Weintraub,
K. A. Welsh-Bohmer, K. C. Wilhelmsen, J. Williamson, T. S. Wingo, R. L. Woltjer, C. B. Wright,
C. E. Yu, L. Yu, Y. Saba, A. Pilotto, M. J. Bullido, O. Peters, P. K. Crane, D. Bennett, P. Bosco,
E. Coto, V. Boccardi, P. L. De Jager, A. Lleo, N. Warner, O. L. Lopez, M. Ingelsson, P. Deloukas,
C. Cruchaga, C. Graff, R. Gwilliam, M. Fornage, A. M. Goate, P. Sanchez-Juan, P. G. Kehoe,

Sha et al., Sci. Adv. 9, eadd2870 (2023) 17 February 2023 17 of 19

SC I ENCE ADVANCES | R E S EARCH ART I C L E
D

ow
nloaded from

 https://w
w

w
.science.org at M

ax Planck Society on February 19, 2023



N. Amin, N. Ertekin-Taner, C. Berr, S. Debette, S. Love, L. J. Launer, S. G. Younkin,
J. F. Dartigues, C. Corcoran, M. A. Ikram, D. W. Dickson, G. Nicolas, D. Campion, J. Tschanz,
H. Schmidt, H. Hakonarson, J. Clarimon, R. Munger, R. Schmidt, L. A. Farrer, C. Van
Broeckhoven, M. C. O’Donovan, A. L. DeStefano, L. Jones, J. L. Haines, J. F. Deleuze,
M. J. Owen, V. Gudnason, R. Mayeux, V. Escott-Price, B. M. Psaty, A. Ramirez, L. S. Wang,
A. Ruiz, C. M. van Duijn, P. A. Holmans, S. Seshadri, J. Williams, P. Amouyel,
G. D. Schellenberg, J. C. Lambert, M. A. Pericak-Vance; Alzheimer Disease Genetics Con-
sortium (ADGC); European Alzheimer’s Disease Initiative (EADI); Cohorts for Heart and
Aging Research in Genomic Epidemiology Consortium (CHARGE); Genetic and Environ-
mental Risk in Ad/Defining Genetic; Polygenic and Environmental Risk for Alzheimer’s
Disease Consortium (GERAD/PERADES), Genetic meta-analysis of diagnosed Alzheimer’s
disease identifies new risk loci and implicates Abeta, tau, immunity and lipid processing.
Nat. Genet. 51, 414–430 (2019).

64. D. J. Phillips, A. McGlaughlin, D. Ruth, L. R. Jager, A. Soldan, Graph theoretic analysis of
structural connectivity across the spectrum of Alzheimer’s disease: The importance of
graph creation methods. Neuroimage Clin. 7, 377–390 (2015).

65. S. Rose, K. Pannek, C. Bell, F. Baumann, N. Hutchinson, A. Coulthard, P. McCombe,
R. Henderson, Direct evidence of intra- and interhemispheric corticomotor network
degeneration in amyotrophic lateral sclerosis: An automated MRI structural connectivity
study. Neuroimage 59, 2661–2669 (2012).

66. W. van Rheenen, R. A. A. van der Spek, M. K. Bakker, J. van Vugt, P. J. Hop,
R. A. J. Zwamborn, N. de Klein, H. J. Westra, O. B. Bakker, P. Deelen, G. Shireby, E. Hannon,
M. Moisse, D. Baird, R. Restuadi, E. Dolzhenko, A. M. Dekker, K. Gawor, H. J. Westeneng,
G. H. P. Tazelaar, K. R. van Eijk, M. Kooyman, R. P. Byrne, M. Doherty, M. Heverin, A. Al
Khleifat, A. Iacoangeli, A. Shatunov, N. Ticozzi, J. Cooper-Knock, B. N. Smith, M. Gromicho,
S. Chandran, S. Pal, K. E. Morrison, P. J. Shaw, J. Hardy, R. W. Orrell, M. Sendtner, T. Meyer,
N. Basak, A. J. van der Kooi, A. Ratti, I. Fogh, C. Gellera, G. Lauria, S. Corti, C. Cereda,
D. Sproviero, S. D’Alfonso, G. Soraru, G. Siciliano, M. Filosto, A. Padovani, A. Chio, A. Calvo,
C. Moglia, M. Brunetti, A. Canosa, M. Grassano, E. Beghi, E. Pupillo, G. Logroscino,
B. Nefussy, A. Osmanovic, A. Nordin, Y. Lerner, M. Zabari, M. Gotkine, R. H. Baloh, S. Bell,
P. Vourc’h, P. Corcia, P. Couratier, S. Millecamps, V. Meininger, F. Salachas, J. S. M. Pardina,
A. Assialioui, R. Rojas-Garcia, P. A. Dion, J. P. Ross, A. C. Ludolph, J. H. Weishaupt,
D. Brenner, A. Freischmidt, G. Bensimon, A. Brice, A. Durr, C. A. M. Payan, S. Saker-Delye,
N. W. Wood, S. Topp, R. Rademakers, L. Tittmann, W. Lieb, A. Franke, S. Ripke, A. Braun,
J. Kraft, D. C. Whiteman, C. M. Olsen, A. G. Uitterlinden, A. Hofman, M. Rietschel, S. Cichon,
M. M. Nöthen, P. Amouyel; SLALOM Consortium; PARALS Consortium; SLAGEN Consor-
tium; SLAP Consortium, B. J. Traynor, A. B. Singleton, M. M. Neto, R. J. Cauchi, R. A. Ophoff,
M. Wiedau-Pazos, C. Lomen-Hoerth, V. M. van Deerlin, J. Grosskreutz, A. Roediger, N. Gaur,
A. Jork, T. Barthel, E. Theele, B. Ilse, B. Stubendorff, O. W. Witte, R. Steinbach, C. A. Hubner,
C. Graff, L. Brylev, V. Fominykh, V. Demeshonok, A. Ataulina, B. Rogelj, B. Koritnik, J. Zidar,
M. Ravnik-Glavac, D. Glavac, Z. Stevic, V. Drory, M. Povedano, I. P. Blair, M. C. Kiernan,
B. Benyamin, R. D. Henderson, S. Furlong, S. Mathers, P. A. McCombe, M. Needham,
S. T. Ngo, G. A. Nicholson, R. Pamphlett, D. B. Rowe, F. J. Steyn, K. L. Williams, K. A. Mather,
P. S. Sachdev, A. K. Henders, L. Wallace, M. de Carvalho, S. Pinto, S. Petri, M. Weber,
G. A. Rouleau, V. Silani, C. J. Curtis, G. Breen, J. D. Glass, R. H. Brown Jr., J. E. Landers,
C. E. Shaw, P. M. Andersen, E. J. N. Groen, M. A. van Es, R. J. Pasterkamp, D. Fan, F. C. Garton,
A. F. McRae, G. D. Smith, T. R. Gaunt, M. A. Eberle, J. Mill, R. L. McLaughlin, O. Hardiman,
K. P. Kenna, N. R. Wray, E. Tsai, H. Runz, L. Franke, A. Al-Chalabi, P. Van Damme, L. H. van
den Berg, J. H. Veldink, Common and rare variant association analyses in amyotrophic
lateral sclerosis identify 15 risk loci with distinct genetic architectures and neuron-specific
biology. Nat. Genet. 53, 1636–1648 (2021).

67. J. Engel Jr., P. M. Thompson, J. M. Stern, R. J. Staba, A. Bragin, I. Mody, Connectomics and
epilepsy. Curr. Opin. Neurol. 26, 186–194 (2013).

68. The International League Against Epilepsy Consortium on Complex Epilepsies, Genome-
wide mega-analysis identifies 16 loci and highlights diverse biological mechanisms in the
common epilepsies. Nat. Commun. 9, 5269 (2018).

69. D. Berron, D. van Westen, R. Ossenkoppele, O. Strandberg, O. Hansson, Medial temporal
lobe connectivity and its associations with cognition in early Alzheimer’s disease. Brain
143, 1233–1248 (2020).

70. 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).

71. L. Ben Haim, D. H. Rowitch, Functional diversity of astrocytes in neural circuit regulation.
Nat. Rev. Neurosci. 18, 31–41 (2017).

72. A. V. Molofsky, K. W. Kelley, H. H. Tsai, S. A. Redmond, S. M. Chang, L. Madireddy, J. R. Chan,
S. E. Baranzini, E. M. Ullian, D. H. Rowitch, Astrocyte-encoded positional cues maintain
sensorimotor circuit integrity. Nature 509, 189–194 (2014).

73. A. Badimon, H. J. Strasburger, P. Ayata, X. Chen, A. Nair, A. Ikegami, P. Hwang, A. T. Chan,
S. M. Graves, J. O. Uweru, C. Ledderose, M. G. Kutlu, M. A. Wheeler, A. Kahan, M. Ishikawa,
Y. C. Wang, Y. E. Loh, J. X. Jiang, D. J. Surmeier, S. C. Robson, W. G. Junger, R. Sebra,
E. S. Calipari, P. J. Kenny, U. B. Eyo, M. Colonna, F. J. Quintana, H. Wake, V. Gradinaru,

A. Schaefer, Negative feedback control of neuronal activity by microglia. Nature 586,
417–423 (2020).

74. K. Reemst, S. C. Noctor, P. J. Lucassen, E. M. Hol, The indispensable roles of microglia and
astrocytes during brain development. Front. Hum. Neurosci. 10, 566 (2016).

75. P. Squarzoni, G. Oller, G. Hoeffel, L. Pont-Lezica, P. Rostaing, D. Low, A. Bessis, F. Ginhoux,
S. Garel, Microglia modulate wiring of the embryonic forebrain. Cell Rep. 8,
1271–1279 (2014).

76. L. Pont-Lezica, W. Beumer, S. Colasse, H. Drexhage, M. Versnel, A. Bessis, Microglia shape
corpus callosum axon tract fasciculation: Functional impact of prenatal inflammation.
Eur. J. Neurosci. 39, 1551–1557 (2014).

77. I. Sommer, N. Ramsey, R. Kahn, A. Aleman, A. Bouma, Handedness, language lateralisation
and anatomical asymmetry in schizophrenia: Meta-analysis. Br. J. Psychiatry 178,
344–351 (2001).

78. M. Hirnstein, K. Hugdahl, Excess of non-right-handedness in schizophrenia: Meta-analysis
of gender effects and potential biases in handedness assessment. Br. J. Psychiatry 205,
260–267 (2014).

79. D. Bendetowicz, M. Urbanski, B. Garcin, C. Foulon, R. Levy, M. L. Brechemier, C. Rosso,
M. Thiebaut de Schotten, E. Volle, Two critical brain networks for generation and com-
bination of remote associations. Brain 141, 217–233 (2018).

80. M. Daianu, N. Jahanshad, T. M. Nir, A. W. Toga, C. R. Jack Jr., M. W. Weiner, P. M. Thompson;
Alzheimer’s Disease Neuroimaging Initiative, Breakdown of brain connectivity between
normal aging and Alzheimer’s disease: A structural k-core network analysis. Brain Connect.
3, 407–422 (2013).

81. H. Duffau, P. Gatignol, S. Moritz-Gasser, E. Mandonnet, Is the left uncinate fasciculus
essential for language? J. Neurol. 256, 382–389 (2009).

82. T. E. Behrens, H. J. Berg, S. Jbabdi, M. F. Rushworth, M. W. Woolrich, Probabilistic diffusion
tractography with multiple fibre orientations: What can we gain? Neuroimage 34,
144–155 (2007).

83. A. Zalesky, A. Fornito, L. Cocchi, L. L. Gollo, M. P. van den Heuvel, M. Breakspear, Con-
nectome sensitivity or specificity: Which is more important? Neuroimage 142,
407–420 (2016).

84. T. Sarwar, K. Ramamohanarao, A. Zalesky, Mapping connectomes with diffusion MRI:
Deterministic or probabilistic tractography? Magn. Reson. Med. 81, 1368–1384 (2019).

85. M. A. de Reus, M. P. van den Heuvel, Estimating false positives and negatives in brain
networks. Neuroimage 70, 402–409 (2013).

86. L. Petit, K. M. Ali, F. Rheault, A. Bore, S. Cremona, F. Corsini, A. De Benedictis,
M. Descoteaux, S. Sarubbo, The structural connectivity of the human angular gyrus as
revealed by microdissection and diffusion tractography. Brain Struct. Funct. 228,
103–120 (2022).

87. G. Theaud, J. C. Houde, A. Bore, F. Rheault, F. Morency, M. Descoteaux, TractoFlow: A
robust, efficient and reproducible diffusion MRI pipeline leveraging nextflow & singu-
larity. Neuroimage 218, 116889 (2020).

88. T. Zhao, M. Cao, H. Niu, X. N. Zuo, A. Evans, Y. He, Q. Dong, N. Shu, Age-related changes in
the topological organization of the white matter structural connectome across the
human lifespan. Hum. Brain Mapp. 36, 3777–3792 (2015).

89. A. Griffa, P. S. Baumann, J. P. Thiran, P. Hagmann, Structural connectomics in brain dis-
eases. Neuroimage 80, 515–526 (2013).

90. K. H. Maier-Hein, P. F. Neher, J. C. Houde, M. A. Cote, E. Garyfallidis, J. Zhong,
M. Chamberland, F. C. Yeh, Y. C. Lin, Q. Ji, W. E. Reddick, J. O. Glass, D. Q. Chen, Y. Feng,
C. Gao, Y. Wu, J. Ma, R. He, Q. Li, C. F. Westin, S. Deslauriers-Gauthier, J. O. O. Gonzalez,
M. Paquette, S. St-Jean, G. Girard, F. Rheault, J. Sidhu, C. M. W. Tax, F. Guo, H. Y. Mesri,
S. David, M. Froeling, A. M. Heemskerk, A. Leemans, A. Bore, B. Pinsard, C. Bedetti,
M. Desrosiers, S. Brambati, J. Doyon, A. Sarica, R. Vasta, A. Cerasa, A. Quattrone, J. Yeatman,
A. R. Khan, W. Hodges, S. Alexander, D. Romascano, M. Barakovic, A. Auria, O. Esteban,
A. Lemkaddem, J. P. Thiran, H. E. Cetingul, B. L. Odry, B. Mailhe, M. S. Nadar, F. Pizzagalli,
G. Prasad, J. E. Villalon-Reina, J. Galvis, P. M. Thompson, F. S. Requejo, P. L. Laguna,
L. M. Lacerda, R. Barrett, F. Dell’Acqua, M. Catani, L. Petit, E. Caruyer, A. Daducci, T. B. Dyrby,
T. Holland-Letz, C. C. Hilgetag, B. Stieltjes, M. Descoteaux, The challenge of mapping the
human connectome based on diffusion tractography. Nat. Commun. 8, 1349 (2017).

91. R. Krupnik, Y. Yovel, Y. Assaf, Inner hemispheric and interhemispheric connectivity
balance in the human brain. J. Neurosci. 41, 8351–8361 (2021).

92. V. R. Karolis, M. Corbetta, M. Thiebaut de Schotten, The architecture of functional later-
alisation and its relationship to callosal connectivity in the human brain. Nat. Commun.
10, 1417 (2019).

93. K. Jarbo, T. Verstynen, W. Schneider, In vivo quantification of global connectivity in the
human corpus callosum. Neuroimage 59, 1988–1996 (2012).

94. B. Y. Lee, X. H. Zhu, X. Li, W. Chen, High-resolution imaging of distinct human corpus
callosum microstructure and topography of structural connectivity to cortices at high
field. Brain Struct. Funct. 224, 949–960 (2019).

Sha et al., Sci. Adv. 9, eadd2870 (2023) 17 February 2023 18 of 19

SC I ENCE ADVANCES | R E S EARCH ART I C L E
D

ow
nloaded from

 https://w
w

w
.science.org at M

ax Planck Society on February 19, 2023



95. J. D. Schmahmann, J. Schmahmann, D. Pandya, Fiber pathways of the brain (OUP
USA, 2009).

96. F. Bai, N. Shu, Y. Yuan, Y. Shi, H. Yu, D. Wu, J. Wang, M. Xia, Y. He, Z. Zhang, Topologically
convergent and divergent structural connectivity patterns between patients with re-
mitted geriatric depression and amnestic mild cognitive impairment. J. Neurosci. 32,
4307–4318 (2012).

97. H. Huang, N. Shu, V. Mishra, T. Jeon, L. Chalak, Z. J. Wang, N. Rollins, G. Gong, H. Cheng,
Y. Peng, Q. Dong, Y. He, Development of human brain structural networks through
infancy and childhood. Cereb. Cortex 25, 1389–1404 (2015).

98. D. Joel, Z. Berman, I. Tavor, N. Wexler, O. Gaber, Y. Stein, N. Shefi, J. Pool, S. Urchs,
D. S. Margulies, F. Liem, J. Hanggi, L. Jancke, Y. Assaf, Sex beyond the genitalia: The human
brain mosaic. Proc. Natl. Acad. Sci. U.S.A. 112, 15468–15473 (2015).

99. J. Shen, D. J. Tozer, H. S. Markus, J. Tay, Network efficiency mediates the relationship
between vascular burden and cognitive impairment: A diffusion tensor imaging study in
UK Biobank. Stroke 51, 1682–1689 (2020).

100. E. St-Onge, A. Daducci, G. Girard, M. Descoteaux, Surface-enhanced tractography (SET).
Neuroimage 169, 524–539 (2018).

101. D. Shastin, S. Genc, G. D. Parker, K. Koller, C. M. W. Tax, J. Evans, K. Hamandi, W. P. Gray,
D. K. Jones, M. Chamberland, Surface-based tracking for short association fibre tractog-
raphy. Neuroimage 260, 119423 (2022).

102. J. E. Huffman, Examining the current standards for genetic discovery and replication in
the era of mega-biobanks. Nat. Commun. 9, 5054 (2018).

103. C. Sudlow, J. Gallacher, N. Allen, V. Beral, P. Burton, J. Danesh, P. Downey, P. Elliott, J. Green,
M. Landray, B. Liu, P. Matthews, G. Ong, J. Pell, A. Silman, A. Young, T. Sprosen, T. Peakman,
R. Collins, UK biobank: An open access resource for identifying the causes of awide range
of complex diseases of middle and old age. PLoS Med. 12, e1001779 (2015).

104. C. Bycroft, C. Freeman, D. Petkova, G. Band, L. T. Elliott, K. Sharp, A. Motyer, D. Vukcevic,
O. Delaneau, J. O’Connell, A. Cortes, S. Welsh, A. Young, M. Effingham, G. McVean, S. Leslie,
N. Allen, P. Donnelly, J. Marchini, The UK Biobank resource with deep phenotyping and
genomic data. Nature 562, 203–209 (2018).

105. S. Purcell, B. Neale, K. Todd-Brown, L. Thomas, M. A. Ferreira, D. Bender, J. Maller, P. Sklar,
P. I. de Bakker, M. J. Daly, P. C. Sham, PLINK: A tool set for whole-genome association and
population-based linkage analyses. Am. J. Hum. Genet. 81, 559–575 (2007).

106. F. Alfaro-Almagro, M. Jenkinson, N. K. Bangerter, J. L. R. Andersson, L. Griffanti, G. Douaud,
S. N. Sotiropoulos, S. Jbabdi, M. Hernandez-Fernandez, E. Vallee, D. Vidaurre, M. Webster,
P. McCarthy, C. Rorden, A. Daducci, D. C. Alexander, H. Zhang, I. Dragonu, P. M. Matthews,
K. L. Miller, S. M. Smith, Image processing and quality control for the first 10,000 brain
imaging datasets from UK Biobank. Neuroimage 166, 400–424 (2018).

107. K. L. Miller, F. Alfaro-Almagro, N. K. Bangerter, D. L. Thomas, E. Yacoub, J. Xu, A. J. Bartsch,
S. Jbabdi, S. N. Sotiropoulos, J. L. Andersson, L. Griffanti, G. Douaud, T. W. Okell, P. Weale,
I. Dragonu, S. Garratt, S. Hudson, R. Collins, M. Jenkinson, P. M. Matthews, S. M. Smith,
Multimodal population brain imaging in the UK Biobank prospective epidemiological
study. Nat. Neurosci. 19, 1523–1536 (2016).

108. J. D. Tournier, F. Calamante, A. Connelly, MRtrix: Diffusion tractography in crossing fiber
regions. Int. J. Imaging Syst. Technol. 22, 53–66 (2012).

109. P. Hagmann, M. Kurant, X. Gigandet, P. Thiran, V. J. Wedeen, R. Meuli, J. P. Thiran, Mapping
human whole-brain structural networks with diffusion MRI. PLOS ONE 2, e597 (2007).

110. S. M. Smith, M. Jenkinson, M. W. Woolrich, C. F. Beckmann, T. E. Behrens, H. Johansen-Berg,
P. R. Bannister, M. De Luca, I. Drobnjak, D. E. Flitney, R. K. Niazy, J. Saunders, J. Vickers,
Y. Zhang, N. De Stefano, J. M. Brady, P. M. Matthews, Advances in functional and structural
MR image analysis and implementation as FSL. Neuroimage 23, S208–S219 (2004).

111. Y. Sun, J. Li, J. Suckling, L. Feng, Asymmetry of hemispheric network topology reveals
dissociable processes between functional and structural brain connectome in commu-
nity-living elders. Front. Aging Neurosci. 9, 361 (2017).

112. E. Calabrese, A. Badea, G. Cofer, Y. Qi, G. A. Johnson, A diffusion MRI tractography con-
nectome of the mouse brain and comparison with neuronal tracer data. Cereb. Cortex 25,
4628–4637 (2015).

113. N. Ratnarajah, A. Rifkin-Graboi, M. V. Fortier, Y. S. Chong, K. Kwek, S. M. Saw, K. M. Godfrey,
P. D. Gluckman, M. J. Meaney, A. Qiu, Structural connectivity asymmetry in the neonatal
brain. Neuroimage 75, 187–194 (2013).

114. P. E. Shrout, J. L. Fleiss, Intraclass correlations: Uses in assessing rater reliability. Psychol.
Bull. 86, 420–428 (1979).

115. O. A. Panagiotou, J. P. Ioannidis; Genome-Wide Significance Project, What should the
genome-wide significance threshold be? Empirical replication of borderline genetic as-
sociations. Int. J. Epidemiol. 41, 273–286 (2012).

116. W. Zhang, H. W. Ng, M. Shu, H. Luo, Z. Su, W. Ge, R. Perkins, W. Tong, H. Hong, Comparing
genetic variants detected in the 1000 genomes project with SNPs determined by the
International HapMap Consortium. J. Genet. 94, 731–740 (2015).

117. The 1000 Genomes Project Consortium, A. Auton, L. D. Brooks, R. M. Durbin, E. P. Garrison,
H. M. Kang, J. O. Korbel, J. L. Marchini, S. McCarthy, G. A. McVean, G. R. Abecasis, A global
reference for human genetic variation. Nature 526, 68–74 (2015).

118. G. Ni, J. Zeng, J. A. Revez, Y. Wang, Z. Zheng, T. Ge, R. Restuadi, J. Kiewa, D. R. Nyholt,
J. R. Coleman, J. W. Smoller; Schizophrenia Working Group of the Psychiatric Genomics
Consortium; Major Depressive Disorder Working Group of the Psychiatric Genomics
Consortium, J. Yang, P. M. Visscher, N. R. Wray, A comparison of ten polygenic score
methods for psychiatric disorders applied across multiple cohorts. Biol. Psychiatry 90,
611–620 (2021).

119. A. B. Zheutlin, J. Dennis, R. Karlsson Linner, A. Moscati, N. Restrepo, P. Straub, D. Ruderfer,
V. M. Castro, C. Y. Chen, T. Ge, L. M. Huckins, A. Charney, H. L. Kirchner, E. A. Stahl,
C. F. Chabris, L. K. Davis, J. W. Smoller, Penetrance and pleiotropy of polygenic risk scores
for schizophrenia in 106,160 patients across four health care systems. Am. J. Psychiatry
176, 846–855 (2019).

120. H. Foo, A. Thalamuthu, J. Jiang, F. Koch, K. A. Mather, W. Wen, P. S. Sachdev, Associations
between Alzheimer’s disease polygenic risk scores and hippocampal subfield volumes in
17,161 UK Biobank participants. Neurobiol. Aging 98, 108–115 (2021).

Acknowledgments
Funding: This research was funded by the Max Planck Society (Germany) and the Netherlands
Organization for Scientific Research (Language in Interaction consortium: Gravitation grant
number 024.001.006). The study was conducted using the U.K. Biobank resource under
application no. 16066 with C.F. as the principal applicant. Our study made use of quality-
controlled brain images generated by an image-processing pipeline developed and run on
behalf of the U.K. Biobank. The funders had no role in study design, data collection and analysis,
and the decision to publish or preparation of the manuscript. Author contributions:
Conceptualization: Z.S., S.E.F., and C.F. Data curation: D.S. and Z.S. Formal analysis: Z.S. and D.S.
Funding acquisition: C.F. and S.E.F. Investigation: Z.S. and C.F. Methodology: Z.S., D.S., and C.F.
Project administration: C.F. Resources: C.F. and S.E.F. Software: Z.S. Supervision: S.E.F. and C.F.
Validation: Z.S. Visualization: Z.S. Writing—original draft: Z.S. and C.F. Writing—review and
editing: D.S. and S.E.F. Competing interests: The authors declare that they have no competing
interests.Data andmaterials availability: The primary data used in this study are from the U.K.
Biobank. These data can be provided by U.K. Biobank pending scientific review and a
completed material transfer agreement. Requests for the data should be submitted to the U.K.
Biobank: www.ukbiobank.ac.uk. Specific U.K. Biobank data field codes are given in Materials
and Methods. Other publicly available data sources and applications are cited in Materials and
Methods. We have made our mvGWAS summary statistics available online within the GWAS
catalog https://ebi.ac.uk/gwas/. Our heritability data can be visualized interactively using a
dynamic Web-based interface: https://immersive.erc.monash.edu/neuromarvl/?save=
4563dcf5-d11e-4f89-9075-0c933e321de3_192.87.79.51. This study used openly available
software and codes, specifically GCTA (https://cnsgenomics.com/software/gcta/#GREML),
MRtrix3 (https://mrtrix.org/), MOSTest (https://github.com/precimed/mostest), FUMA (https://
fuma.ctglab.nl/), MAGMA (https://ctg.cncr.nl/software/magma, also implemented in FUMA),
PRS-CS (https://github.com/getian107/PRScs), and Neurosynth (https://neurosynth.org/). In
addition, we have made our pipeline codes available at the following URL: https://hdl.handle.
net/1839/8d718e44-a1b7-4d6d-994e-4b0c83f63ec4. All other data needed to evaluate the
conclusions in the paper are present in the paper and/or the Supplementary Materials.

Submitted 1 June 2022
Accepted 13 January 2023
Published 17 February 2023
10.1126/sciadv.add2870

Sha et al., Sci. Adv. 9, eadd2870 (2023) 17 February 2023 19 of 19

SC I ENCE ADVANCES | R E S EARCH ART I C L E
D

ow
nloaded from

 https://w
w

w
.science.org at M

ax Planck Society on February 19, 2023

http://www.ukbiobank.ac.uk
https://ebi.ac.uk/gwas/
https://immersive.erc.monash.edu/neuromarvl/?save=4563dcf5-d11e-4f89-9075-0c933e321de3_192.87.79.51
https://immersive.erc.monash.edu/neuromarvl/?save=4563dcf5-d11e-4f89-9075-0c933e321de3_192.87.79.51
https://cnsgenomics.com/software/gcta/#GREML
https://mrtrix.org/
https://github.com/precimed/mostest
https://fuma.ctglab.nl/
https://fuma.ctglab.nl/
https://ctg.cncr.nl/software/magma
https://github.com/getian107/PRScs
https://neurosynth.org/
https://hdl.handle.net/1839/8d718e44-a1b7-4d6d-994e-4b0c83f63ec4
https://hdl.handle.net/1839/8d718e44-a1b7-4d6d-994e-4b0c83f63ec4


Use of this article is subject to the Terms of service

Science Advances (ISSN ) 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 © 2023 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).

Genetic architecture of the white matter connectome of the human brain
Zhiqiang Sha, Dick Schijven, Simon E. Fisher, and Clyde Francks

Sci. Adv., 9 (7), eadd2870. 
DOI: 10.1126/sciadv.add2870

View the article online
https://www.science.org/doi/10.1126/sciadv.add2870
Permissions
https://www.science.org/help/reprints-and-permissions

D
ow

nloaded from
 https://w

w
w

.science.org at M
ax Planck Society on February 19, 2023

https://www.science.org/content/page/terms-service

	INTRODUCTION
	RESULTS
	White matter connectomes of 30,810 adults
	Heritabilities of connectivity measures
	Multivariate genome-wide association analyses of white matter connectivity
	The majority of genomic loci associated with structural connectivity were previously unidentified
	Functional annotations of genomic loci associated with the structural connectome
	Gene-based association analysis and gene set enrichment analysis for the brain’s structural connectome
	Genetics of left-hemisphere language network connectivity
	Multivariate associations of the structural connectome with polygenic scores for brain disorders and behavioral traits

	DISCUSSION
	MATERIALS AND METHODS
	Sample quality control
	Genetic quality control
	Diffusion MRI-based tractography
	Network construction and analysis
	SNP-based heritability
	Reliability of heritable network measures
	Multivariate genome-wide association analysis
	Identification of genomic loci, functional annotations, and SNP-to-gene mapping
	Multivariate association profiles of independently associated lead SNPs
	Gene-based association analysis
	Gene-set enrichment analysis
	Cell type–specific expression analysis in developing human cortex
	Developmental stage analysis
	Polygenic disposition to brain-related disorders or behavioral traits
	Functional annotation of brain regions associated most strongly with polygenic scores

	Supplementary Materials
	This PDF file includes:
	Other Supplementary Material for this &break /;manuscript includes the following:

	REFERENCES AND NOTES
	Acknowledgments

