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Polygenic architecture of brain structure and
function, behaviors, and psychopathologies
in children

Yoonjung Yoonie Joo 1,2,3,7, Bo-Gyeom Kim1,7, Gakyung Kim4,7, Eunji Lee 1,7,
Jungwoo Seo 4 & Jiook Cha 1,4,5,6

Childhood brain development involves dynamic remodeling shaped by
genetic influences contributing to long-term neurodevelopmental variation.
Here we report integrative analyses of over 8600 children, using 7 brain
imaging-derived phenotype (IDP) modalities, polygenic scores (PGS) of 33
complex traits, and 266 cognitive and psychological phenotypes. Most brain
IDPs show low-to-moderate SNP-based heritability, lower than typically
observed in adults. Sparse generalized canonical correlation analysis reveals
positive associations between cognitive-related PGS and structural MRI fea-
tures (e.g., total grey matter and ventral diencephalon volumes) and N-back
task-related activation, while PGS for ADHD, depression, and neuroticism
showed negative associations. Cognitive PGS also correlates positively with
diffusion MRI metrics (streamline counts, fractional anisotropy in subcortical-
frontal tracts and inferior parietal–subcortical tracts), whereas health-risk PGS
(e.g., BMI, ADHD) correlates negatively. This study delineates key
gene–brain–behavior associations in preadolescence, providing amultivariate
dissection of the polygenic architecture underlying neurodevelopment.

Preadolescent childhood is a critical developmental period character-
ized by substantial neurobiological changes. During this period, white
matter volume increases substantially, and grey matter undergoes
region-specific growth, peaking in the frontal and parietal lobes1,2. This
dynamic interplay between genetics and environment not only shapes
the maturing brain but also influences the course of cognitive abilities
and mental wellness in later life. Studies show that genetic factors play
a pivotal role in these developmental processes, with neural and
genetic markers of psychiatric vulnerability potentially present at this
early stage, prior to the onset of behavioral symptoms3–5.

Cognitive functions and psychiatric disorders share common
genetic and neurological roots6. The heritability of cognitive and
psychological traits generally increaseswith age. For instance, genetics

accounts for less than 25% of the variability in cognition in infancy, but
up to 70% in adolescence7. Similarly, the heritability of various psy-
chopathologies, including externalizing behaviors, depression, and
anxiety, also appears to rise with age8. This evolving genetic influence
may be attributed to developmental changes in gene expression or
neuroanatomical alterations that render the brain more susceptible or
resistant to genetic and environmental inputs at different life stages9.
Given these substantial genetic influences, elucidating the genetic
basis of neural and cognitive development is imperative to advance
our understanding of the neurobiological foundations of cognition
and psychopathology.

The joint analysis of multimodal genetic and brain imaging data
could offer valuable insights into the relationships between genetic
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variation and brain imaging-derived phenotypes (IDPs), and their
relationship to cognitive and behavioral processes. Advances in high-
throughput data generation have made computational approaches
linking genetics and neuroimaging central to biological systems
research. Identifying brain structures or functions associated with
polygenic signals may improve our understanding of their biological
relevance to cognitive and psychological development. However,
existing studies have often overlooked the developmental stage of
preadolescence10. While prior works have demonstrated significant
connections between the brain and genomic components11,12, no stu-
dies have yet examined the polygenic influences on specific brain IDPs
and behavioral outcomes during preadolescence.

We depart from traditional analyses to employ sparse generalized
canonical correlation analysis (SGCCA)13,14, an advanced multivariate
technique optimized for high-dimensional data characteristic of neu-
roimaging and genetic datasets. SGCCA achieves this by enforcing
sparsity through penalization, effectively reducing the feature space
by assigning zero weights to less relevant variables while retaining the
most informative ones. This ensures that key genetic variants or brain
imaging-derived phenotypes (IDPs) are prioritized, thereby enhancing
interpretability. Moreover, SGCCA introduces regional specificity by
focusing on distinct brain regions or networks of interest, addressing a
critical limitation of earlier canonical correlation analysis methods,
which often lacked the capacity to capture localized patterns in
IDPs10–12,15.

In this work, we utilize a comprehensive suite of polygenic scores
(PGS) across a diverse range of 33 behavioral, cognitive, and psycho-
logical traits to test the functional genetic associations with brain IDPs
and behavioral phenotypes, which could provide interpretable and
informative insights into trait variability. Also, this methodology con-
trasts with prior studies that relied on a narrow spectrum of PGS and
could not capture the full genetic architecture influencing trait
development11. With the novel application of this multivariate method
to the genetic and brain imaging data, we aimed to reveal the inter-
connected variations of genetic signals, the brain, and cognitive and
psychological outcomes in the preadolescent brain. Our estimates of
genetic heritability for multimodal brain features set the stage for
SGCCA, enabling us to explore the covariation between IDPs and
polygenic scores across traits, potentially transforming our compre-
hension of the genetic orchestration of brain, cognitive, and beha-
vioral development.

Results
Participants
From the initial cohort of 11,875 participants in the ABCD study, 6555
European-ancestry participants passed quality control (QC) for brain
imaging and genetic data and were included in the analysis (8620
multi-ancestry participants for exploratory analysis) (Table 1). We
compared the estimated Ps between European-ancestry and non-
European-ancestry individuals, and PGS showed no significant differ-
ences across ancestries except for the educational attainment
(P = 0.006) and IQ PGS (P = 0.0018) (Supplementary Data 4).

SNP-Based heritability
We quantified the heritability of brain imaging-derived phenotypes
(IDPs) and psychological measures using imputed autosomal SNPs.
Out of 7963 IDPs tested in 6555 children of European ancestry, 1237
showed significant heritability, ranging from 19% to 27% (Fig. 1A and
Table 2). The average heritability for brain IDPs (23%) was higher than
for non-brain measures (19%) (Fig. 1C). Structural MRI IDPs accounted
for the largest proportion of heritable traits (63.2%), followed by dif-
fusion MRI measures such as fractional anisotropy (33.9%), diffusion
count (14.1%), and task-based fMRImeasures (2.7%–4.1%). Resting-state
fMRI (3.4%) and SST fMRI (0.8%) showed the lowest proportions of
heritable IDPs.

Table 1 | Demographic characteristics of the study
participants

Variable European Non-European P-value

Age (month) 119 ± 7.42 119 ± 7.25 0.195a

Sex 0.151b

Female 3066 (46.8) 875 (48.7)

Male 3489 (53.2) 921 (51.3)

Self-reported race/
ethnicity

<0.001b

White 4437 (69.3) 4 (0.2)

Black 43 (0.7) 1103 (64.3)

Hispanic 1248 (19.5) 394 (23.0)

Asian 8 (0.1) 18 (1.1)

Other 663 (10.4) 196 (11.4)

NA 156 (2.4) 81 (4.7)

Marital status <0.001b

Married 4861 (76.1) 624 (37.4)

Widowed 47 (0.7) 17 (1.0)

Divorced 614 (9.6) 153 (9.2)

Separated 207 (3.2) 102 (6.1)

Never married 363 (5.7) 602 (36.1)

Living with partner 295 (4.6) 172 (10.3)

NA 168 (2.6) 126 (7.5)

Family income

1 = Less than $5000 81 (1.4) 165 (11.3)

2 = $5000
through $11,999

116 (1.9) 161 (11.0)

3 = $12,000
through $15,999

85 (1.4) 90 (6.2)

4 = $16,000
through $24,999

183 (3.1) 138 (9.5)

5 = $25,000
through $34,999

257 (4.3) 192 (13.2)

6 = $35,000
through $49,999

448 (7.5) 197 (13.5)

7 = $50,000
through $74,999

857 (14.3) 184 (12.6)

8= $75,000
through $99,999

1011 (16.8) 122 (8.4)

9 = $100,000 through
$199,999

2184 (36.4) 156 (10.7)

10 = $200,000 and
greater

785 (13.1) 55 (3.8)

NA 548 (9.2) 336 (23.2)

Parental education status

Less than a high school
diploma

219 (3.4) 246 (14.4)

High school diploma 448 (7.0) 362 (21.1)

Some colleage, no
degree

950 (14.8) 391 (22.8)

Associate’s degree 800 (12.5) 279 (16.3)

Bachelor’s degree 2098 (32.8) 228 (13.3)

Master’s degree 1342 (22.4) 164 (9.6)

Professional degree 215 (3.4) 16 (0.9)

Doctoral degree 588 (3.7) 303 (1.5)

NA 155 (1.0) 84 (4.9)

Values are mean ± SD for continuous variables and n (%) for categorical variables. European

ancestry, n = 6555; non-European ancestry, n = 1796. aWelch’s ttest; btwo-sided X2 test.
NA not available.
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Fig. 1 | SNP heritability of brain IDPs and behavioral phenotypes in individuals
of European ancestry. A Estimated SNP heritability of brain imaging-derived
phenotypes (IDPs) (Vg/Vp), where O denotes significant estimates and X denotes
non-significant estimates. B Estimated SNP heritability of behavioral phenotypes,
with colored bars representing significant heritability estimates and unfilled bars
representing non-significant estimates. C Bars show mean± SE SNP heritability for
all significant brain imaging (n = 1237 IDPs) and behavioural phenotypes (n = 34

traits; FDR<0.05). Dots mark the individual point estimates for each phenotype.
SNP-based heritability reflects the proportion of variance in a trait explained by
genetic variations, specifically single-nucleotide polymorphisms (SNPs). In the
ABCD youth sample, heritability was estimated using a linear mixed model fra-
mework, fitting all common SNPs as random effects to quantify their contribution
to trait variance. IDP imaging-derived phenotype, SE standard error, SNP single-
nucleotide polymorphism, FDR false-discovery rate.
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Within structural MRI, cortical volume exhibited the highest her-
itability (27%),while curvature showed the lowest (22%). StructuralMRI
IDPs also displayed higher heritability than diffusion MRI IDPs
(19%–22%), suggesting greater genetic influence on grey matter com-
pared to white matter in this age group. This pattern contrasts with
findings from adult datasets, such as the UK Biobank8, where white
matter heritability typically exceeds that of grey matter. Task-based
fMRI traits showed moderate heritability, with estimates of 25% for
SST, 24% for N-back, and 22% for MID.

Neurocognition related phenotypes exhibited the highest herit-
ability among psychological measures, averaging 29% (Fig. 1B). Key
traits with heritability exceeding 30% included the Flanker Inhibitory
Control Test, Oral Reading Recognition, and Total Intelligence Com-
posite Score. Behavioral measures, including externalizing problems
and anxious or depressed behaviors, showed significant heritability,
averaging 16–18%. Specific traits such asAnxious/DepressedSyndrome
Scale, rule-breaking behavior and externalizing problems exceeded
20%.Mental health conditions, including generalized anxiety disorder,
eating disorders, and suicidal behaviors, also displayed significant
heritability.

Bivariate association of PGS with cognitive, behavioral, and
psychological outcomes
Bivariate correlation of PGS with Cognitive, Behavioral, and Psycho-
logical Outcomes were tested. Cognitive-related PGS (e.g., cognitive
performance, IQ) showed strong effects, explaining up to 18% of var-
iance in crystalized intelligence scores (β =0.286, P < 0.0001). BMI PGS
accounted for 13% of BMI variance (β = 0.299, P <0.0001), while PGS
for ADHD, depression, and PTSD explained up to 3%of their respective
traits. Notably, PGS for brain volume exhibited weaker associations
(e.g., Total Brain Volume PGS R² = 2.8%). Detailed results, including
findings for multi-ancestry samples, are available in Supplementary
Data 5 and Supplementary Information.

Bivariate correlation between PGS and brain IDPs
Significant associations between 33 PGS and brain IDPs were mainly
found in structuralmetrics, such asmorphometricmeasures and dMRI
(streamline count, FA) (P <0.049; FDR correction) (Supplementary
Data 6). Total brain volume, PGS and cognitive-related PGS (e.g.,
cognitive performance, IQ) were linked to widespread brain regions.
Except for N-back fMRI, functional metrics (e.g., resting-state fMRI)
showed no significant associations, highlighting the stability of struc-
tural measures in detecting genetic influences. Advanced multivariate
methods likeCCAare recommended to capture complex genetic-brain
relationships and provide deeper insights into cognition and behavior.

Multivariate associations among PGS, Phenotypes, and
Brain IDPs
Multivariate associations among PGS, brain IDPs, and behavioral phe-
notypes were analyzed using SGCCA. Significant covariation patterns
were observed between PGS and brain phenotypes, particularly
structural MRI (component (comp) 1, 2, 4 and 5), diffusion MRI
(streamline count, comp 1, 2, 3 and 5; FA, comp 1), and N-back task-
based fMRI (comp 1). Resting-state and other task-based fMRI mod-
alities showed fewer significant components. Triadic relationships
explored through3-block SGCCA revealed consistent positive loadings
for cognitive-related PGS (e.g., educational attainment, IQ) and nega-
tive loadings for PGS linked to behavioral andmental health risks (e.g.,
depression, ADHD). These findings highlight the genetic under-
pinnings linking cognitive and psychopathological traits with neural
phenotypes. Full results are provided in Supplementary Data 10 and 11
and Supplementary Information.

Brain morphometry (sMRI)
We explored the covariation patterns between PGS, brain morpho-
metric data (sMRI), and behavioral phenotypes using 2-block and
3-block CCA analyses (Fig. 2). In the 2-block CCA, four significant
components were identified, with Component 1 showing the strongest
association between cognitive-related PGS (e.g., IQ, educational
attainment) and increased brain volumes and surface areas. Other
components highlighted tissue-specific genetic influences, including a
white-grey matter dichotomy and distinct associations between risk-
related PGS and brain shape metrics (e.g., curvature, thickness). In the
3-block CCA, cognitive-related PGS were linked to positive cognitive
outcomes and brain morphometry, while risk-related PGS were nega-
tively associated with behavioral and health variables. Full details,
including component loadings and detailed metrics, are provided in
Supplementary Data 12, Supplementary Data 13, and Supplementary
Information.

Diffusion MRI (dMRI)
Streamline count. We investigated the covariation patterns between
PGS, streamline count, and behavioral phenotypes using 2-block and
30-block CCA analyses. In the 2-block CCA, we identified four sig-
nificant components. Component 1 linked cognitive-related PGS (e.g.,
IQ, educational attainment) to streamline counts in subcortical and
frontal regions. Component 2 revealed opposing genetic influences,
with white matter volume positively associated with motor-sensory
connectivity, while mental health risk PGS were inversely associated
with frontal-temporal connectivity (Fig. 3). Components 3 and 5
highlighted associations with physical health and well-being,

Table 2 | Significantly heritable brain IDPs in European-ancestry

IDP grouping Mean heritability SD heritability N of significant phenotypes % of significant phenotypes

sMRI curvature 0.22 0.05 34 50

sMRI surface area 0.25 0.06 48 66.67

sMRI thickness 0.25 0.06 101 69.66

sMRI volume 0.27 0.08 124 66.31

dMRI count 0.19 0.03 299 14.07

dMRI FA 0.22 0.05 560 33.9

rsfMRI 0.19 0.02 14 3.37

N-back fMRI 0.24 0.04 46 4.06

MID fMRI 0.22 0.01 3 2.65

SST fMRI 0.25 0.03 8 0.77

This table summarizes the heritability of brain imaging-derived phenotypes (IDPs) across different modalities in participants of European ancestry. For each IDP grouping, the mean heritability (h²),
standard deviation (SD) of heritability, the number of significantly heritable phenotypes, and the percentage of significant phenotypes are reported. Heritability was assessed using SNP-based
methods, with statistical significance determined at p < 0.05 after adjustment for multiple comparisons.
Note: count, streamline count; dMRI diffusion MRI; FA fractional anisotropy; MIDmonetary incentive delay task; N-back, emotional version of N-back task; rsfMRI, resting-state fMRI; sMRI structural
MRI; SST stop-signal task.
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emphasizingdistinct connectivity patterns in subcortical and temporal
regions. The 3-block CCA analysis extended these findings, linking
cognitive-related PGS to posterior cingulate cortex pathways and
crystallized intelligence scores. Full results are provided in Supple-
mentary Data 14, 15, and Supplementary Information.

Fractional anisotropy (FA). In the 2-block PGS-dMRI fractional aniso-
tropy (FA), CCA identified only one significant component of covaria-
tion. In particular, cognitive-related PGS (e.g., educational attainment,
IQ) were positively associated with FA connectivity patterns involving
the inferior parietal gyrus (IPG) and subcortical regions, while health-
related PGS (e.g., BMI, ADHD) exhibited negative loadings. In the 3-block
CCA, IPG-centered FA pathways were strongly linked to cognitive-
related PGS and performance measures, such as crystallized intelli-
gence, while health and behavioral traits showed inverse associations.
Full results, including loadings and detailed connectivity patterns, are
available in Supplementary Data 16, 17, and Supplementary Information.

Resting-state fMRI
Two significant components of covariation between PGS and rsfMRI
data were identified in the 2-blockCCA. Component 1 linked cognitive-
related PGS (e.g., IQ, educational attainment) to connectivity patterns

in retrosplenial-temporal, auditory, and cingulo-opercular networks,
while mental health-related PGS (e.g., depression, neuroticism)
showed negative associations. Component 2 revealed modest asso-
ciations with eating disorder PGS and negative correlations with sub-
jective well-being traits. The 3-block CCA extended these findings,
linking cognitive-related PGS and rsfMRI connectivity to cognitive
performance and favorable environmental factors, whilemental health
and behavioral risks negatively influenced these associations. Full
results, including connectivity patterns, are provided in Fig. 4, Sup-
plementary Data 18, 19, and Supplementary Information.

Task-based fMRI
In the 2-block CCA analysis, only the N-back task-based fMRI yielded a
significant component, while the 3-block CCA revealed significant
associations across all task-basedmodalities (N-back,MID, SST). These
significant associations linked cognitive-related PGS (e.g., IQ, cognitive
performance) to activation patterns in key brain regions and beha-
vioral phenotypes. N-back fMRI highlighted cognitive performance
and emotional stability, while MID and SST tasks revealed associations
with rewardprocessing and inhibitory control, respectively. Behavioral
challenges and adverse environmental factors were inversely linked to
task-based activation patterns. Full results, including brain-behavior
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relationships, are detailed in Fig. 5, Supplementary Data 20–22, and
Supplementary Information.

Phenotypes
The 2-block CCA identified four significant components linking PGS to
behavioral phenotypes. Component 1 associated cognitive-related PGS

(e.g., IQ, cognitive performance) with neurocognitive strengths and
socioeconomic advantages but inversely with behavioral challenges.
Component 2 linked risk-related PGS to elevated behavioral symp-
toms, while Component 4 focused on physical traits (e.g., height) and
emotional traits. Component 5 reflected cognitive and physical PGS
alongside socioeconomic and behavioral risks. These results
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emphasize the intricate interplay between genetic predispositions,
behavioral phenotypes, and environmental influences. Full results are
provided in Fig 6, Supplementary Data 23 and Supplementary
Information.

Predictive performance of the PGS-based models
We evaluated machine learning models incorporating genomic poly-
genic scores (PGS) to predict mental health outcomes. PGS-based
models demonstrated statistically significant improvements in pre-
dictive performance for several outcomes when compared to
covariate-only models (Fig. 7 and Supplementary Information).

Discussion
In this study, we leveraged genetics, multimodal brain imaging, and
detailed environmental and behavioral data from a large cohort of
preadolescent children to investigate the multivariate relationships
underlying neurodevelopment. Using genome-wide polygenic scores
(PGS) and canonical correlation analyses (CCA),we identified three key
findings. First, SNP-based heritability analyses revealed significant
genetic contributions to both brain and behavioral phenotypes, with
brain phenotypes exhibiting higher heritability than behavioral traits,
underscoring the genetic basis of neurodevelopmental trajectories.
Second, integrative analyses with SGCCA linked PGS for educational
attainment and IQ to robust positive associations acrossmultiple brain
imaging modalities, including structural MRI (sMRI), diffusion MRI
(dMRI), and task-based fMRI, while PGS for depression, neuroticism,
and BMI showed consistent negative associations (Fig. 8). These pat-
terns highlight the interconnected genetic influences shaping cogni-
tive abilities and mental health during development. Third, machine
learning models trained on the 33 PGS demonstrated moderate to
robust prediction of cognitive outcomes but showed lower perfor-
mance for psychopathologies.

Our heritability analysis identified numerous brain IDPs in pre-
adolescent children that exhibit significant genetic associations with
different neuroimaging modalities. While these findings align with
prior studies in adults that demonstrate substantial genetic contribu-
tions to cortical, subcortical regions, and functional connectivity16–18,
they also revealed developmental distinctions. Specifically, the herit-
ability of brain structure and function appeared lower in children
compared to adults, suggesting that genetic influences on neurode-
velopment are dynamic and evolve with age, potentially due to
increasing gene-environment interactions during maturation8,19.
Notably, in contrast to adults—where white matter microstructure
exhibits greater heritability than morphometric features10—children
displayed stronger genetic influences on morphometric phenotypes,
particularly volumetric measures. This developmental divergence
aligns with longitudinal MRI studies that demonstrate distinct trajec-
tories for grey and white matter: white matter volume increases stea-
dily throughout childhood and adolescence, reflecting progressive
myelination, while grey matter volume follows a more dynamic,
region-specific pattern, peaking in certain areas before declining due
to synaptic pruning1,20. These findings underscore the importance of
considering developmental trajectories and age-specific genetic con-
tributions to better understand the mechanisms underlying
neurodevelopment.

Our SGCCA delineated several notable patterns of multivariate
covariation among PGS of cognitive and mental health traits, brain
IDPs of structural MRI, diffusionMRI (FA) and N-back task-based fMRI,
and cognitive and behavioral phenotypes. Importantly, the brain fea-
tures that emerged as significant in the SGCCA were pre-
dominantly those with higher heritability, such as total grey volume
(heritability in European ancestry, 0.23) and white surface area (right:
0.37, left: 0.35). Cognitive-related PGS consistently showed robust,
modality-general covariation patterns with cognitive ability
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phenotypes, marked by consistently positive loadings. Conversely,
PGS linked to psychiatric conditions (e.g., BMI, neuroticism, smoking
status, ADHD) and behavioral issues reported by children and parents
(e.g., CBCL total problems, ASR parental behavioral problems) exhib-
ited negative loadings across both the 2-block and 3-block SGCCA for
all neuroimaging modalities. These findings underscore the complex,
interrelated gene-brain-behavior dynamics that shape cognitive abil-
ities and psychopathologies in children, emphasizing the critical role
of genetic contributions in early neurodevelopment.

While previous studies have established associations between
PGS, brain imaging-derived phenotypes (IDPs), and behavioral or
cognitive phenotypes, often within specific neuroimaging
modalities11,15, the broader question of how these factors covary across
multiple modalities has received limited attention. Specifically, there
has been a lack of research detailing the strength of these correlations,
the extent of variance explained, and the identification of consistent
patterns across different neuroimaging techniques. Our study directly
addresses this gap by systematically examining these relationships
across seven different neuroimaging modalities, encompassing struc-
tural MRI, diffusion MRI, resting-state fMRI, and three task-based fMRI
paradigms. We found that PGS exhibited a greater number of sig-
nificant components in brain structure modalities (sMRI, dMRI
streamline count), followed by resting state fMRI connectivity
(rsfMRI), andN-back task fMRI. Thismulti-modal frameworkprovides a
nuanced understanding of the covariation patterns, emphasizing the
relative contributions of genetic predispositions to brain features and
phenotypic expression at multiple levels of brain organization.

Across seven neuroimaging modalities, PGS for educational
attainment, IQ, and depression significantly covaried with brain mea-
sures, a pattern consistently observed in both 2-block and 3-block
SGCCA. Notably, higher PGS for educational attainment were linked to

greater brain volume and surface area in 2-block SGCCA, replicating
previous findings11,21,22. In contrast, PGS for internalizing traits, such as
neuroticism and depression, displayed significant inverse relation-
ships with these brain measures, representing an insight into how
genetic risk for emotional dysregulation may manifest in structural
brain features during preadolescence.

Extending a recent CCA study using the ABCD dataset linked PGS
for psychopathologies (e.g., bipolar disorder, MDD, OCD, schizo-
phrenia, and ASD) to brain measures11, our SGCCA approach, incor-
porating a broader spectrum of 33 PGS that encompasses diverse
genetic liabilities in children, identified covariation patterns. These
included covariation patterns between PGS for psychological traits
(e.g., ADHD, depression, and neuroticism), physical traits (e.g., brain
volume and height), and brain structural morphometry features. For
instance, we observed a negative association between the depression
PGS and total grey matter volume—a finding not identified in previous
studies focused solely on clinical diagnoses. This underscores the
importance of integrating a comprehensive range of genetic variables,
spanning clinical and dimensional phenotypes, to elucidate the com-
plex interplay between polygenic factors and brain structure during
preadolescent development.

White matter microstructure demonstrated significant genetic
associations, marking a contribution of this study. The proportion of
variance in diffusion MRI (dMRI) IDPs explained by SNPs was slightly
lower than that for structural MRI (sMRI) morphometry (mean herit-
ability: dMRI = 19–22%, sMRI = 22–27%). This contrasts with findings in
adults, where white matter microstructure heritability often exceeds
that of other modalities10. These results underscore that genetic
influences onwhitemattermicrostructurediffer across developmental
stages, reflecting bothmaturational changes and the increasing role of
gene-environment interactions over the lifespan.
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PGS showed distinct bidirectional associations with brain con-
nectivity, reflecting both positive and negative genetic influences.
Cognition-related PGS, such as those for educational attainment,
cognitive performance, and IQ, showed positive associations, whereas
PGS associated with health-risk traits, including BMI, smoking, and
ADHD, demonstrated negative associations. On white matter con-
nectivity, significant associationswereobserved in subcortical regions,
such as the putamen and thalamus, as well as cortical and frontal-
temporal connections. These findings highlight the potential dual role
of genetic influences in shaping critical brain development, as both
positive and negative genetic factors contribute to evolving con-
nectivity patterns during childhood and adolescence. The refinement
of subcortical-cortical pathways during childhood supports the func-
tional specialization of the cortex, enabling increasingly complex
cognitive and behavioral functions23. In addition, the significant cov-
ariance between PGS and fronto-temporal connections highlights their
critical role in brain development. Specifically, the uncinate fasciculus
and arcuate fasciculus undergo substantial refinement during child-
hood and adolescence, with the uncinate fasciculus facilitating emo-
tional and social information processing24 and the arcuate fasciculus
supporting increasingly complex language comprehension and

production25. The maturation of these pathways aligns with the
emergence of advanced social, communicative, and cognitive abilities,
underscoring their importance for adaptive developmental
outcomes26.

The comparison of 2-block and 3-block SGCCA results for dMRI
streamline count revealed a key distinction. While the 3-block PGS-
brain-phenotype analysis showed non-significant associations with
subcortical-frontal pathways, the 2-block PGS-brain analysis identified
significant associations with PGS. In addition to the cognition-related
PGS, PGS for brain volume showed positive loadings, while PGS for
health-risk traits, such as ADHD, BMI, and mental health conditions,
displayed negative loadings. These findings indicate that white matter
development, particularly in subcortical-frontal pathways, may influ-
ence how behavioral and cognitive functions mature across develop-
ment. Future longitudinal studies could clarify whether genetic
predispositions contribute to structural connectivity changes that
align with specific cognitive and behavioral outcomes over time. This
divergence indicates that genetic predispositions may shape sub-
cortical and cortical connectivity early in development, potentially
establishing structural foundations for later behavioral outcomes--
even before these influences manifest in observable phenotypes
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during preadolescence27,28. These findings align with the concept of
endophenotypes, measurable biological markers that serve as inter-
mediates between genes and behavior29,30. By identifying subtle var-
iations in brain structure that are correlated with genetic risk, even in
the absence of overt behavioral differences, we gain valuable insights
into the underlying mechanisms that may link genes to observable
behaviors30. Our study lays the foundation for future longitudinal
research to explore how these brain regions develop over time and to
uncover their role in shaping cognitive and behavioral outcomes.

The emotional N-back task fMRI results revealed significant
positive loadings for fusiform gyrus activation during the 0-back, 2-
back, and emotion conditions with cognitive performance and IQ PGS,
alongside negative loadings with neuroticism and smoking status PGS.
These findings align with prior research emphasizing the fusiform
gyrus’s role in working memory tasks, particularly its interaction with
dorsolateral prefrontal cortex activation as a key determinant of
individual working memory capacity31. Our SGCCA results suggest a
solid genetic basis for this association, implying that the relationshipof
the educational attainment PGS with fusiform gyrus activation during
working memory tasks may be indicative of broader brain circuitry
involvement. It is essential to recognize that the fusiform gyrus’s
functional representation is intricately connected to its anatomical
pathways extending throughout the brain32 (perhaps applicable to
other functional domains and circuits33). Furthermore, the covariation
patterns observed between the educational attainment PGS and
widespread brain structure and connectivity indicate that genetic
influences on cognitive abilities may shape the broader neural archi-
tecture, subsequently impacting fusiform gyrus activation. This pro-
posed mechanism, while requiring further exploration, underscores

the critical role of genetic factors in shaping brain function during
cognitive tasks.

Our findings highlight distinct gene-brain-behavior associations
that differ between structural and functional properties of the devel-
opingbrain in children. Structural brain IDPs (e.g., sMRI volumes, dMRI
FA, and streamline count) exhibited significant positive associations
with cognitive performance (e.g., NIH Toolbox) and negative associa-
tions with psychopathology symptoms (e.g., CBCL). These findings are
consistent with previous studies suggesting that structural brain
anatomy is important for cognitive development and mental health
risk during childhood34,35.

In comparison, functional MRI estimates demonstrated similar
associations with cognition and psychopathology but exhibited
greater associations with environmental adversity compared with
structural IDPs. Functional MRI indices exhibited significant negative
associations with parental psychopathology (ASR scores), negative
socioeconomic environment (e.g., low median family income, higher
ADI rates indicating poverty), and familial history of mental illness —

findings that concur with prior developmental studies36,37. Notably,
smaller functional connectivity within the default mode network
(DMN) and lower task-based activation, particularly in the MID and
N-back tasks, were observed in children from socioeconomically dis-
advantaged backgroundswith higher parental depression scores. Such
heightened sensitivity suggests that functional brain networks may
serve as dynamic markers responsive to environmental stressors,
potentially related to the trajectory of cognitive and emotional
development over time.

The functional MRI findings further lend support to a gene-by-
environment (G × E) interaction framework, highlighting the interplay
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of genetic predispositions and environmental contexts in shaping
neurodevelopmental outcomes. Our 3-way CCA results suggest that
children with genetic risks for depression and neuroticism show
reduced activation during the emotional N-back task—particularly in
regions such as the inferior parietal cortex—and that these associations
become more pronounced under adverse conditions, including pre-
natal tobacco exposure. This correlational pattern also aligns with
lower cognitive and behavioral performance, pointing to a potential
G×E mechanism that selectively impacts cortical functioning in affec-
tive memory contexts. Although these data do not imply causality,
they extend prior findings linking specific SNPs (e.g., 5-HTTLPR),
environmental adversity, and alterations in prefrontal–limbic
circuits38,39. Future longitudinal and multi-omic (e.g., transcriptomic,
epigenetic) investigations could help clarify whether, and how, these
genetic susceptibilities interact with environmental stressors to shape
children’s emotional and cognitive development over time.

Our findings also underscore the importance of nurturing
environmental factors—such as positive parenting, supportive social
relationships, and stable community settings—in shaping functional
brain measures implicated in emotion perception and reward
processing40,41. We identified multiple contextual variables—such as
planned pregnancy, higher maternal age, and higher median income
(0.532 in emotional N-back fMRI, 1st component)—that positively
correlated with functional brain estimates. These results imply that
supportive environmental contexts are linked to beneficial func-
tional brain characteristics, indicating an avenue for further
exploration into how such contexts foster healthier neurodevelop-
mental trajectories.

Our findings reveal distinct gene-brain-behavior associations
based on brain structure and function. Brain structural measures,
including sMRI, dMRI FA, and dMRI streamline count, exhibited posi-
tive associations with cognitive scores (e.g., NIH Toolbox), while
negative associations were found with children’s psychopathology
symptoms (CBCL). This pattern supports the view that brain structure,
particularly during childhood, provides a foundational scaffold for
cognitive abilities, while deviations from typical structural develop-
ment may increase vulnerability to psychopathology42,43. In contrast,
for brain function (rsfMRI, task fMRI: N-back, MID, SST), positive
associations emerged with cognitive scores and socio-economic fac-
tors, such as median family income, median monthly mortgage, and
the proportion of highly educated individuals in the region. Negative
associations were found not only with children's psychopathology
(CBCL) but also with parental psychopathology (ASR), poverty indi-
cators (e.g., ADI rate below 138% poverty level), and family history of
mental illness. This suggests that brain function, while influenced by
genetic factors, is also highly malleable and susceptible to a wider
range of environmental influences, including socioeconomic status,
family environment, and exposure to adversity44–46. Notably, these
negative associations with parental mental health issues and
community-level socio-economic factors were significant only in rela-
tion to brain function, not brain structure. This distinction perhaps
arises from the greater plasticity of brain function compared to
structure, particularly during childhood, allowing for more dynamic
adaptation to environmental influences47,48. These findings highlight
the interplay between genetics, brain activity, and environmental fac-
tors in shaping cognitive and mental health outcomes, emphasizing
the need for a multi-level perspective that encompasses both biolo-
gical and contextual influences.

In predicting mental illness variables, PGS contributed minimally.
Recent studies have cast doubt on the prognostic value of PGS for
psychopathologies in adults49–51, also in children, where psychiatric
symptoms are not yet fully developed52. Our results similarly indicated
that PGS did not significantly improve the prediction of most psy-
chiatric outcomes, except for youth-reported depression, which
showed amodest 3% improvement in performance. Notably, IQ, PTSD,

and smoking status were among the top predictors in the depression
model. It warrants further investigation to understand the develop-
mental trajectory of PGS-psychopathology associations.

While PGSmodels exhibit modest predictive power for individual
traits, their broader utility lies in uncovering genetic contributions to
complex brain-behavior relationships and facilitating the modeling of
gene-by-environment interactions. By leveraging CCA, our study
highlighted the ability of PGS to identify modality-spanning genetic
influences and their interaction with environmental factors, empha-
sizing their relevance in examining developmental trajectories and
context-dependent effects. PGS are particularly effective in stratifying
populations into genetic risk groups53,54, providing a foundation for
exploring how genetic predispositions interact with socioeconomic,
environmental, or lifestyle variables. Furthermore, the predictive
strength of PGS is enhanced when integrated with complementary
datasets55, such as neuroimaging, behavioral, or environmental
metrics, allowing formore nuancedmodeling of the dynamic interplay
betweengenes and context. Thesefindings underscore thepotential of
PGS not only as a tool for understanding brain phenotypes but also for
advancing research on the intricate interactions that shape cognitive
and mental health outcomes.

Limitations of our study should be acknowledged. First, the gene-
brain-behavior relationships we examined are likely non-linear, yet our
approach primarily relied on linearmodels, whichmay not adequately
capture the intricate and dynamic nature of these interactions. Future
research should explore advanced analytical frameworks, such as non-
linear or machine learning-based approaches, to better model these
complexities. Second, while polygenic scores (PGS) provide a robust
summary of genetic predisposition by aggregating allele effects across
SNPs, they may fail to capture broader patterns involving post-
genomic modifications, including transcriptomic, epigenomic, or
proteomic influences. Incorporating these factors would enable a
more comprehensive understanding of the biological pathways
underlying the observed relationships. Finally, the cross-sectional
design of our study limits our ability to infer causality or investigate
developmental changes in gene-brain-behavior associations over time.
Longitudinal studies are essential to unravel the temporal dynamics
and causal pathways connecting genetic variation, brain phenotypes,
and cognitive or behavioral outcomes. Addressing these limitations in
future work will deepen our understanding of neurodevelopment and
advance the field’s capacity to model complex genetic and environ-
mental influences.

Methods
Participants
This study complied with all relevant ethical regulations. The Adoles-
cent Brain and Cognitive Development (ABCD) study received ethical
approval from the institutional review boards at all participating sites,
coordinated by the University of California, San Diego. The secondary
analysis of ABCD data conducted in this study was approved by the
Institutional ReviewBoard (IRB) of SeoulNational University. Informed
consent was obtained from all participants' parents or legal guardians,
and assent was obtained from the children themselves. Participants
received monetary compensation according to the original ABCD
study protocol.

We used multimodal neuroimaging, DNA genotype data, and
cognitive and behavioral metrics of 11,875 multi-ancestry children
(47.8% female, mean age 9.9 years) from the ABCD study. Participants'
sex information was obtained through parental self-report. The ABCD
study is a nationwide longitudinal cohort study to investigate the
normative brain and cognitive development of preadolescent youths
from ages 9 to 10 from 21 sites across the United States56,57. The study
provides a rich repository of multimodal biomedical datasets such as
DNA genotype, multimodal neuroimaging data, and matched cogni-
tive, behavioral and clinical data. As our analysis aimed to investigate
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general neural correlates without specific hypotheses regarding sex
differences, sex-specific analyses were not performed.

Genetic data
The ABCD study collected and genotyped the participants' saliva
samples at Rutgers University Cell and DNARepository (RUCDR) using
the Affymetrix SmokeScreen Array consisting of 733,293 single-
nucleotide polymorphisms (SNPs). We applied standard PLINK filters
for genotype call rate (<95% removed), sample call rate (<95%
removed), and minor allele frequency (MAF <1% removed). Genotypes
were imputed toward the 1000 Genome phase3 reference panel12

using the Michigan Imputation Server58, and the output was phased
with Eagle v2.414 (a total of 12,046,090 SNPs). After imputation, we
additionally removed any inferior SNPs with low imputation score
(INFO score < 0.4), genotype call rate <95%, Hardy-Weinberg Equili-
brium p-value < 1E-20 for diverse ancestral population, sample miss-
ingness >5%, minor allele frequency (MAF) <0.5%, and extreme
heterozygosity (over three standard deviations of the population
mean). After this step, 11,221,810 variants remained.

Relatedness inference
Since the ABCD study participants have diverse ancestral backgrounds
and genetic ancestries, we performed an additional quality control
(QC) process to thoroughly address potential population stratification
due to genetic relatedness and ancestry admixture. To remove
potential confounds of the family structure, we identified genetically
unrelated individuals and computed the ancestrally informative prin-
cipal components (PCs) of their genotype data using the SNPRelate R
package58. Two rounds of principal component analysis (PCA) were
conducted using the PC-Air algorithm that is robust to familial or
cryptic relatedness. We first obtained initial estimates of pairwise
kinship coefficients using the KING-robust algorithm, using a pruned
set of independent genetic variants using an LD threshold of R2 < 0.1.
We identified genetically related individuals with closer than 3rd degree
relatives (kinship threshold = 2(−9/2), which defines anyone less thanfirst
cousins as ‘unrelated’) andonly retainedone individual per relatedpair
and kept the excluded individual as an independent validation set
(n = 1814). PC-Air identified the unrelated set of 8845 individuals based
on the pairwise kinship estimates, and systematically computed the PC
of their genotype data. PC-Relate was used to compute new kinship
estimates adjusting for ancestry, which is robust to population struc-
ture and admixture in estimating genetic relatedness. The 2nd round of
PC-Air computed accurate PCs with the modified unrelated set. We
further excluded 88 participants whose projected PCs had the Maha-
lanobis distances greater than 6SDs from further analysis. In conclu-
sion, the final set of 8620 unrelated individuals was used for the main
analysis. The excluded 1814 individuals from the relatedness analysis
were additionally assessed for their 3rd degree relatedness, and the
final unrelated set of 1579 individuals were kept for the independent
validation set for PGS optimization.

Construction of Genome-Wide Polygenic Scores (PGS)
To estimate polygenic liability of complex traits for each individual, we
constructed 33 different cognitive, psychological, and psychiatric
traits: attention-deficit/hyperactivity disorder (ADHD)59, cognitive
performance (CP)60, educational attainment (EA)60, major depressive
disorder (MDD)61, insomnia61, snoring62, intelligence quotient (IQ)63,64,
post-traumatic stress disorder (PTSD)62, depression65, bodymass index
(BMI)63,64, height66, alcohol dependence (alcohol use)67, autism spec-
trum disorder (ASD)68, automobile speeding propensity (ASP)69,70,
bipolar disorder71, cannabis during lifetime (cannabis use)72, ever
smoker (smoking status)65, shared effects on five major psychiatric
disorders (cross disorder)73, alcoholic consumption per week
(drinking)65, eating disorder67, neuroticism74, obsessive-compulsive
disorder (OCD)68, first principal components of four risky behaviors

(PC of risky behaviors)65, general risk tolerance65, schizophrenia75,76,
worrying74, subjective wellbeing77, general happiness, general happi-
ness for health (happiness-health), meaningful life (happiness-life),
grey matter volume (GM)78, white matter volume (WM)78, and total
brain volume (TBV)78. We collected the GWAS summary statistics of 33
complex traits from publicly available resources listed in Supplemen-
tary Data 1. For better cross-population polygenic prediction, PRS-CSx
(June 4, 2021 release)79, a recently developed Bayesian polygenic
modeling technique, was used to construct the PGS for our multi-
ancestry study participants. The method is known for its effective
posterior inference algorithm, considering population-specific allele
frequencies and LD patterns by adopting a shared continuous shrink-
age prior. The LD reference panel of European (EUR), Admixed
Americans (AMR), African (AFR), East Asian (EAS), and South Asian
(SAS) from the 1000 Genome Project phase 3 was utilized in accor-
dance with the discovery GWAS sample for PGS construction. Though
PRS-CSx could automatically estimate the parameter, we applied a
small-scale grid search of the global shrinkage parameter for whose
target phenotype is available within the study dataset for better
performance.

Validation of Genome-Wide Polygenic Scores (PGS)
To estimate the optimal PGS, we manually tuned the best-performing
global shrinkage hyperparameter to maximize the explained variance
of the PGS on the corresponding phenotype available in the ABCD
datasets. For example, the ADHD behavioral measure of the ABCD
study was used to choose the best version of the PGS of ADHD with
optimal hyperparameters. In this way, we optimized PGS of 17 traits by
choosing the optimal global shrinkage hyperparameter (φ, phi) in an
independent held-out validation set of 1579 unrelated participants,
whichwere removedduring theQCprocess of relatedness analysis.We
examined the effect size and significance of the PGS variable in a linear
regressionmodel with different phi values, results from the small-scale
grid search (φ = 1e-6, 1e-4, 1e-2, 1). Each target outcome variable was
regressed on the relevant PGS, sex, top 10 principal components (PCs)
of genotype data, and genetic ancestry. We chose the final φ value of
the regression model, maximizing the effect size (β coefficient) of the
PGS and R2 of the model. For example, when the φ value is 1, the
regression model would be:

y � PGSj = 1 � b1 + sex � b2 + top10genetic PCs � b3���12
+ genetic ancestry � b13 + ε

ð1Þ

For six complex traits (i.e., BMI, PTSD, depression, schizophrenia,
alcohol dependence, and height), whose GWAS summary statistics
were available in both European- and non-European-ancestry partici-
pants, we built multi-ancestry PGS combining the GWAS summary
statistics of two or more ancestries by learning the optimal linear
combination of the ancestry-specific PGS that were used as predictors.
For example, when the φ value of European-ancestry-based PGS is 1,
and that of Admixed-American-based PGS is 1e-2, the regressionmodel
would be:

y � PGSEUR
j = 1 � b1 +PGS

AMR
j = 1e�2 � b2 + sex � b3

+ top 10 genetic PCs � b4���13 + genetic ancestry � b14 + ε
ð2Þ

After optimal PGS were built, we assessed the validity of the final
PGS in 8620 participants, the sample for our main analysis, adjusting
for sex, age, and study site. Genetic ancestry was added as an addi-
tional covariate in tuning the multi-ancestry PGS. For the 16 GWAS
traits that have sufficient discoveryGWAS sample or donot have target
outcome variables in the ABCD study, we performed pseudo-
validation using PRS-CS-auto, in which the hyperparameter φ is auto-
matically selected from data with a fully Bayesian approach80.
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Neuroimaging data
We used different modalities of neuroimaging data available from the
ABCD study, including structural magnetic resonance imaging (sMRI),
diffusion connectivity measures (dMRI), resting-state functional MRI
(rs-fMRI), and task functional MRI data (task fMRI). For structural MRI
(sMRI), we processed T1-weighted (T1w) 3D images using FreeSurfer
v6.0 (https://surfer.nmr.mgh.harvard.edu). The gradient nonlinearity
distortion correction, non-uniformity correction using tissue seg-
mentation and sparse spatial smoothing were performed. The resam-
pled data is aligned to 1mm isotropic voxels. After excluding global
brain measures (i.e., total intracranial volume (TIV)), we used cortical
and subcortical surface area, volume, thickness, andmean curvature in
the analysis. The Desikan-Killiany atlas was used to extract brain
regions. For diffusion-weighted imaging (dMRI), we used pre-
processed diffusion spectrum images from the ABCD study and
appliedMRtrix3 to estimatewhole-brainwhitematter tracts and create
individualized connectomes81. We corrected formotion and distortion
using standard methods, including B0 distortion and gradient non-
linearity corrections82. We performed noise reduction, bias correction,
and probabilistic tractography to map the brain’s white matter path-
ways. A whole-brain connectome matrix for each participant was
generated based on their neuroanatomy using FreeSurfer. Con-
nectivity was assessed using streamline counts and fiber integrity
metrics. For the resting-state functional MRI acquisition, we used pair-
wise correlation coefficients between each cortical and subcortical
region of interest (ROI) and network. For task fMRI, we used three
tasks: the emotional version of N-back (N-back)83, the monetary
incentive delay task (MID)84, and the stop-signal task (SST)84,85. To
ensure data quality, we excluded individuals who had more than 10%
missing data in any of the neuroimaging modalities, resulting in the
removal of 559 children from the analysis. In addition, we removed
low-frequency variables that exhibited zero variance or had less than
100 observations among the participants.

Non-imaging measures and data processing
We examined the baseline non-imaging measures of mental and phy-
sical health, neurocognition, culture and environment factors in ABCD
participants to explore their links with polygenic liability86. For asses-
sing themental wellbeing of the children87, we used a parent version of
Kiddie-Structured Assessment for Affective Disorders and Schizo-
phrenia for DSM-5 (KSADS-5) and Child Behavioral Checklist (CBCL),
which assess a wide range of emotional and behavioral aspects of the
youths in the previous six months, including their mood, psychosis,
anxiety, suicidality, behavioral and sleep problems. We also used Par-
ent General Behavioral Inventory –mania (PGBI), Prodromal Psychosis
Scale (PPS), Behavioral Inhibition/Behavioral Approach System (BIS/
BAS) scales, andUPPS Impulsive Behavioral scale for children (UPPS-P).
For assessing physical well-being, we retrieved a lifetime medical his-
tory, head injury experiences, developmental medical records of the
youth, experiences about sleep problems, pain, and exercises. For
assessing neurocognition, we used the NIH Toolbox measurement,
which consists of seven domain-specific tasks assessing episodic
memory, executive function, attention, working memory, processing
speed, and language and vocabulary abilities of the children88,89. We
used age-uncorrected task scores of theNIHToolbox and included age
as a covariate for further analysis. Also, we considered school attri-
butes, population density, neighborhood walkability, and area depri-
vation indices of the children’s households and neighborhood as part
of the culture and environment phenotype block, whichwere reported
directly by the youth or parent/caregiver. The description of all phe-
notypic variables included in our analyses is in Supplementary Data 2.

Except for a fewmental health phenotypes, the averagemissingness
in the non-imagingphenotype blockwas around 3%.Missing valueswere
manually imputed using the mode for categorical variables and the
median for continuous variables (Supplementary Data 3). We also left

bothering scales of prodromal psychosis not imputed, coded only when
one has at least one prodromal psychotic symptom. We identified and
removed any non-imaging variables with high correlation with other
variables (Pearson’s r>0.95) or zero variance, resulting in the removal of
6 variables related to mental well-being and 1 cultural variable.

SNP-Based heritability
We estimated the SNP-based heritability of imaging and non-imaging
phenotypes and the genetic correlation among these traits in children.
The genetic relationship matrix (GRM) was generated from imputed
and autosomal SNPs using GCTA v1.93, quantifying addictive genetic
relatedness between pairs of participants. GCTA’s Restricted Max-
imum Likelihood algorithm used the GRM to estimate the variance
explained by all SNPs for each trait. The significance of the estimates
was determined using a likelihood ratio test, which compared the
likelihood of the alternative to that of the null hypothesis.

During the preprocessing step, we identified and excluded fea-
tures with zero variance and outliers greater than 5 median absolute
deviations (MAD) from the median. All the phenotype data were
quantile transformed.

In testing heritability, we included age, sex, age², age*sex, age²*-
sex, self-reported ethnicity, genetic-based ancestry, the first ten prin-
cipal components (PCs) of genotype data, and study site as covariates
for each phenotype10. We also applied additional imaging modality-
specific covariates for the different modality of brain IDPs: (1) For
structural MRI, signal-to-noise ratio of T1 and T2 brain mask across all
OK scans, (2) For diffusionMRI, signal-to-noise ratio of b =0 image for
all OK scans, mean intensity within brain mask averaged across all OK
scans, the total number of censored slices in all frames for all OK scans,
(3) For resting-state fMRI, signal to noise ratiowithin the brainof allOK
scans, mean framewise displacement in mm, (4) For task-based fMRI
(SST,N-back,MID): signal to noise ratiowithin thebrain of allOK scans,
average framewise displacement in mm. To validate the reliability of
our results, we performed the analysis in the participants with Eur-
opean and multi-ancestry, respectively.

Sparse generalized canonical correlation analysis (SGCCA)
SGCCA is a useful approach to explore the multivariate associations
between high dimensional datasets and identify key canonical vari-
ables from each block that significantly influence their correlationwith
other blocks90,91. This approach is particularly suitable for genomic-
brain studies, as it effectively handles the challenges posed by high-
dimensionality, multicollinearity, and overfitting92.

The sparsity assumption in SGCCA aligns with the biological
plausibility observed in genetic studies, where only a subset of genetic
variants typically has meaningful impacts on complex traits like brain
structure and function93. SGCCA assumes that a limited number of
variables drive the most significant associations, which enables the
model to provide stable and interpretable insights into genomic con-
tributions to IDP (imaging-derived phenotypes) variation94 This
sparsity-based approach not only enhances interpretability by isolat-
ing key associations but also effectively addresses the high degree of
multicollinearity among SNPs and IDPs, a limitation often encountered
in traditional CCA models.

In SGCCA, datasets are organized into blocks, where each block
represents a set of variables observed on the same individuals. We
conducted SGCCA between the genomic block comprising the PGS of
33 traits on the one hand, and each of seven neuroimaging data
modality blocks (sMRI, dMRI (streamline count, FA), resting-state
fMRI, and task fMRI (MID, SST, N-back)) and a non-imaging phenotype
block on the other hand.

To adjust for potential confounding effects, we took the residuals
of the outcome variables after regressing out the baseline age, sex,
age2, age*sex, age2*sex, self-reported ethnicity and study site. The
primary analyses were conducted on European-ancestry individuals
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with both imaging and DNA genotype data, comprising 7143 for dMRI
(streamline count), 7068 for dMRI (FA), 6792 for sMRI, 6855 for MID
tfMRI, 6749 for SST tfMRI, 6690 for Nback tfMRI, and 7782 for resting-
state fMRI. Supplementary analyses extended to multi-ancestry parti-
cipants, with increased sample size including 9122 for dMRI (stream-
line count), 9016 for dMRI (FA), 8582 for sMRI, 8646 for MID tfMRI,
8522 for SST tfMRI, 8438 for Nback tfMRI, and 7782 for resting-
state fMRI.

The analysis is performedusing theRGCCARpackage (Regularized
Generalized Canonical Correlation Analysis)91. First, regularization
(sparsity) was tuned using permutation testing (100 permutations) by
randomly shuffling the participant data to determine the optimal level
of sparsity for eachmodality. This regularization reduces overfittingby
selecting only the most relevant variables, addressing the challenge of
multicollinearity among SNPs and IDPs. After tuning, SGCCA analyses
were conducted, generatingfive canonical components per block. This
number was chosen after preliminary experiments to maximize the
cumulative variance explained across imaging and non-imaging
modalities.

To assess the statistical significance of each component, we con-
ducted a permutation test with 1000 permuted datasets. The p-values
of each component were estimated based on the number of permuted
datasets having covariance greater than the covariance from the ori-
ginal dataset. All p-values were adjusted with FDR correction. Covar-
iance and Pearson correlation coefficients between blocks were
presented in the results section.

punc =
Nnullcov > cov

Nnull
ð3Þ

We calculated the loadings of the PGS variables and correspond-
ing variables (e.g., phenotypes). To examine the reliability of loadings
estimated from SGCCA, the bootstrap approach was used (bootstrap
n = 1000) to evaluate the mean, variance, and confidence intervals of
the estimates across the bootstrap samples. To generate stable results,
we averaged the canonical weights across ten folds. The statistical
significance (p-value) of each loading was estimated based on the
following null hypothesis: Fisher transformation of loading will follow
normal distribution of N(0, σ2), where σ is the estimated standard
deviation of Fisher-transformed loading from bootstrap samples. To
assess the cross-population generalizability of our findings, we repe-
ated the analysis in the entire participants with multiple genetic
ancestries, that mostly includes individuals of European-ancestry, but
also the subjects of Asian-ancestry (n = 112, 1.34%) and African-ancestry
(n = 1361, 16.3%). Genetic ancestry was additionally included as a cov-
ariate for multi-ancestry analysis.

PGS-based prediction of phenotypes using machine learning
Weevaluated the prognostic utility of the PGS on cognitive andmental
health outcomes at baseline and at the 2-year follow-up in 6555
European-ancestry and 8620 multi-ancestry participants using several
machine learning techniques. We employed an XGBoost model (ver-
sion 2.1.3) in Python95 to construct prediction models. We manually
chose nine psychological outcomes for our machine learning-based
prediction models based on the results from the preceding CCA ana-
lysis, including nine psychiatric conditions (i.e., KSADS-5 ADHD, parent
and child reports of any psychiatric disorders, any depressive dis-
orders, any anxiety disorders, and suicidal behaviors).

The data were split into training (80%) and testing (20%) subsets
using stratified sampling to preserve outcome distributions. Stratified
5-fold cross-validation validated the model, with quartile binning for
continuous outcomes and stratification for binary outcomes. Missing
data were imputed using the mode for categorical variables and the
median for continuous variables, with records missing age excluded.
Continuous variables were adjusted to maintain similar distributions

across subsets, and binary variables were stratified to preserve pro-
portional outcome proportions. To enhance robustness, each variable
underwent 30 repeated experiments using the same subject samples,
ensuring consistency in the results. Cognitive outcomes with over 80%
of values concentrated in a single category were excluded from
regression analysis (i.e., nihtbx_cardsort_uncorrected_2yr, nihtbx_lis-
t_uncorrected_2yr, nihtbx_fluidcomp_uncorrected_2yr, and
nihtbx_totalcomp_uncorrected_2yr).

Hyperparameter tuning for the XGBoost model was performed
using grid search, focusingonfiveparameters: learning rate,maximum
depth, minimum child weight, subsample, and column sampling by
tree. Model performance was evaluated using AUC for binary out-
comes, with early stopping to enhance validation. Feature importance,
derived from the gbtree booster, highlighted input variable
contributions.

Basic demographic variables (i.e., sex, age, household income,
parental education, marital status, and study site) were used as input
features of the baseline model in European-ancestry analysis, and we
included genetic ancestry information as an additional covariate for
multi-ancestry prediction.We evaluated the predictive performanceof
the PGS-based model in comparison to the baseline model fitted with
demographic variables.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The data that support the findings of this study are available from the
Adolescent Brain Cognitive Development (ABCD) Study via the
National Institute ofMental Health Data Archive (NDA; https://nda.nih.
gov/abcd/request-access) upon formal application and approval by
the ABCD consortium. Individual-level genotype and imaging data
cannot be publicly shared due to privacy protection, conditions sti-
pulated by the ABCDdata-use agreement, and compliancewith federal
privacy regulations for protecting personally identifiable information.
Synthetic data mimicking the cohort structure, consisting of 100 ran-
domly sampled participants, are provided for demonstration purposes
and can be downloaded from the following external repository:
https://drive.google.com/drive/folders/1M-uzD1k1IiEXAbrHxE_
vYVaWtiq4AHx2?ths=true. The discovery GWAS summary statistics
used to derive the PGS are available through the original publications
cited in Supplementary Data 1.

Code availability
The code used for genetic data processing, polygenic score con-
struction, heritability estimation, andmultivariate analyses is available
at https://github.com/Transconnectome/abcd-gps/tree/main. The
repository includes sample scripts for reproducibility and analysis
workflows using synthetic data.
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