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Genetic architectures of cerebral ventricles 
and their overlap with neuropsychiatric 
traits

The cerebral ventricles are recognized as windows into brain development 
and disease, yet their genetic architectures, underlying neural mechanisms 
and utility in maintaining brain health remain elusive. Here we aggregated 
genetic and neuroimaging data from 61,974 participants (age range,  
9 to 98 years) in five cohorts to elucidate the genetic basis of ventricular 
morphology and examined their overlap with neuropsychiatric traits. 
Genome-wide association analysis in a discovery sample of 31,880 
individuals identified 62 unique loci and 785 candidate genes associated with 
ventricular morphology. We replicated over 80% of loci in a well-matched 
cohort of lateral ventricular volume. Gene set analysis revealed enrichment 
of ventricular-trait-associated genes in biological processes and disease 
pathogenesis during both early brain development and degeneration. We 
explored the age-dependent genetic associations in cohorts of different age 
groups to investigate the possible roles of ventricular-trait-associated loci 
in neurodevelopmental and neurodegenerative processes. We describe the 
genetic overlap between ventricular and neuropsychiatric traits through 
comprehensive integrative approaches under correlative and causal 
assumptions. We propose the volume of the inferior lateral ventricles as a 
heritable endophenotype to predict the risk of Alzheimer’s disease, which 
might be a consequence of prodromal Alzheimer’s disease. Our study 
provides an advance in understanding the genetics of the cerebral ventricles 
and demonstrates the potential utility of ventricular measurements in 
tracking brain disorders and maintaining brain health across the lifespan.

Emerging evidence suggests that the cerebral ventricles play criti-
cal roles in brain development and degeneration1. On the one hand, 
the enlargement of the cerebral ventricles partly reflects age-related 
brain parenchymal atrophy2. Elucidating the genetic mechanisms of 
ventricular enlargement would thus help us better understand the 
biological processes of normal ageing and neurodegenerative diseases, 
such as Alzheimer’s disease (AD) and cognitive impairment3–5. On the 
other hand, newborn neurons in mammals are not generated locally 

in the grey matter but originate from the proliferative neural stem 
cells that line the developing ventricles, suggesting the involvement 
of the ventricles in normal brain development6,7. Hence, in addition 
to brain atrophy, the abnormal morphology of the cerebral ventri-
cles may indicate impaired neurogenesis or circulation in the cere-
brospinal fluid (CSF) during brain development8. In support of this  
hypothesis, dysmorphologies (for example, dilation and asymmetry) of 
the cerebral ventricles have recently been implicated in a spectrum of 
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The univariate GWAS detected 42 loci harbouring 152 independent 
significant variants associated with any cerebral ventricular traits 
(Bonferroni-corrected P < 8.33 × 10−9, Fig. 1c and Supplementary Tables 
3 and 4). The top signal, rs35565319, was a likely deleterious18 (combined 
annotation-dependent depletion score, 18.29) exonic variant within 
PAPPA and was identified to be significantly associated with the volume 
of the fourth ventricle in our study (P = 1.30 × 10−39). This locus has 
been previously reported to be associated with the volume of a region 
adjacent to the fourth ventricle19, the cerebellum (Supplementary  
Table 5). The second-strongest GWAS signal (rs2088882) was an inter-
genic variant near GMNC (P = 2.12 × 10−36). The locus GMNC was the top hit 
of the lateral ventricular volume as well as the inferior lateral ventricular 
volume. Intriguingly, this locus might also be involved in tau pathol-
ogy20,21, an established biomarker of AD (Supplementary Table 5).

To improve the power to detect genetic associations and 
cross-validate the results, we next conducted a multivariate GWAS of 
ventricular morphology using the most commonly used method in neu-
roimaging GWASs—namely, the multivariate omnibus statistical test 
(MOSTest)19,22,23. Our multivariate GWAS identified 56 loci associated 
with ventricular morphology, of which 20 were not identified by any uni-
variate GWAS, contributing to a total of 62 ventricular-trait-associated 
loci (Figs. 1c and 2a and Supplementary Tables 3 and 6). The top hit in 
the multivariate GWAS was rs7247748, an intronic variant in GPATCH1, 
which also showed a significant association with the volume of the 
third ventricle in our univariate GWAS analysis (Fig. 1c). Moreover, the 
multivariate GWAS identified several new ventricular-trait-associated 
loci that had not been identified by univariate analysis and exhibited 
pleiotropic effects with other neuropsychiatric traits, such as locus 
1q21.3 with multiple cognitive traits and locus 1q31.3 with various 
psychiatric disorders (Supplementary Table 5).

We sought to replicate the independent significant variants 
(P < 8.33 × 10−9) in the CHARGE consortium, whose demographics 
(mean age, 65 years; 56% female; N = 23,533) were similar to those in our 
discovery dataset (mean age, 64 years; 54% female; N = 31,880). Most 
(83%) independent significant variants were replicated in CHARGE after 
Bonferroni correction (Fig. 2b and Supplementary Table 7). Notably, 
we replicated all seven loci (3q28, 7p22.3, 10p12.31, 11q23.1, 12q23.3, 
16q24.2 and 22q13.1) associated with the lateral ventricular volume 
previously reported by CHARGE15. Furthermore, we detected six new 
loci (1p34.2, 1q25.3, 9q31.3, 14q32.12, 17q24.1 and 20q11.22) associated 
with the lateral ventricular volume, which had never been reported 
in other cohorts. These new loci are possibly involved in immuno-
logical and metabolic mechanisms (Supplementary Table 5). For other  
ventricular traits, the comparison with previous studies was unable to 
perform due to the lack of published data.

Additional sensitivity analyses were performed to validate the 
robustness of independent significant single nucleotide polymor-
phisms (SNPs). We first asked whether the associations could be 
affected by collider bias introduced by intracranial volume (ICV). 
In genetic association analysis without ICV as a covariate, almost all 
(97%) independent significant signals identified in the discovery GWAS 
remained genome-wide significant. In the association analysis further 
excluding samples involved in the longitudinal analysis, 86% of inde-
pendent significant variants identified in the discovery stage passed the 
genome-wide significance threshold. We also conducted a sensitivity 
test using SAIGE software and validated 85% of the initially identified 
independent significant associations. All the directions of the genetic 
effects of the independent significant signals in three sensitivity tests 
were consistent with our initial analysis, suggesting the robustness of 
our results (Supplementary Tables 8 and 9).

Gene-level analysis and functional enrichment
Gene-level analyses were carried out using genome-wide gene-based 
association analyses (GWGAS) as well as the positional, eQTL and 3D 
chromatin interaction mapping strategies through FUMA (Methods)24. 

developmental neuropsychiatric disorders, such as attention-deficit/
hyperactivity disorder (ADHD)5, autism spectrum disorder (ASD)9,10, 
bipolar disorder (BP)11, major depressive disorder (MDD)12 and schizo-
phrenia (SCZ)13,14.

Given the observed associations of ventricular morphology 
with brain development and degeneration, uncovering the genetic 
basis of ventricular morphology might provide invaluable insights 
into the shared mechanism of the ventricles with neurodevelop-
ment and neurodegenerative disorders. It could, in turn, facilitate 
managing brain disorders and maintaining brain health across the 
lifespan. On the assumption that ventricular volume is a highly poly-
genic trait, many common variants influencing ventricular volume 
undoubtedly remain to be identified. Two previous genome-wide 
association studies (GWASs) have identified several genetic loci asso-
ciated with ventricular volumes in middle-aged to elderly adults15,16. 
However, thus far, it remains undetermined whether these identified 
ventricular-trait-associated loci contribute to brain development or 
degeneration. In addition, the causes and consequences of ventricular 
morphology and neuropsychiatric disorders are still poorly character-
ized. Furthermore, most previous studies focused solely on the volume 
of the lateral ventricles and ignored other parts of the ventricular sys-
tem, yet their physiologies, genetics and implications for brain health 
may substantially differ17. For example, the inferior horns of the lateral 
ventricles are adjacent to the hippocampus; we therefore hypothesized 
that they are more closely linked to AD.

Our study has two primary objectives. First, we aim to elucidate the 
genetic basis of six ventricular phenotypes, including the volumes of 
the lateral, inferior lateral, third and fourth ventricles as well as asym-
metries of the lateral and inferior lateral ventricles. To this end, we 
conducted GWASs to identify ventricular-trait-associated loci, genes 
and their biological properties in UK Biobank (UKB) and sought rep-
lication in an independent cohort (CHARGE) of middle- to older-aged 
adults. We also seek to generalize the original findings in children 
(ABCD), adolescents (IMAGEN) and younger adults (HCP), as well as the 
longitudinal ventricular changes in younger and older participants, to 
identify genetic determinants contributing to brain development and 
ageing. Second, we aim to leverage genetic data to estimate the value of 
ventricular traits in monitoring common neuropsychiatric disorders 
and promoting brain health across the lifespan. In this regard, we 
explored the genetic overlap of brain ventricles with neuropsychiatric 
traits using comprehensive integrative approaches under correlative 
and causal assumptions. As the volume of the inferior lateral ventri-
cles showed robust predictive performance and is easily accessible in  
clinical practice, we performed post hoc analyses to determine whether 
it could be an endophenotype of AD.

Results
Genetic associations of ventricular morphology
Our study design is summarized in Fig. 1a and Extended Data Fig. 1.  
Altogether, we aggregated individual-level genetic and neuroimaging 
data from 38,441 participants in four cohorts, ranging in age from children 
to the elderly (9–82 years, Supplementary Table 1). Our discovery GWAS 
sample includes 31,880 white British UKB individuals free of prevalent 
dementia, stroke, hydrocephalus and intracranial tumours, with the qual-
ity control procedures detailed in the Methods. All tested ventricular 
traits were heritable in our common (minor allele frequency (MAF) ≥ 1%) 
variant-based heritability analysis on UKB individuals (Fig. 1b), and the 
volumetric metrics showed higher heritability (from 18% to 40%) than the 
asymmetric metrics (from 3% to 9%). Rare (MAF < 1%) variants could explain 
2–5% of the total heritability of the ventricular traits in UKB individuals. 
Additional family-based heritability analysis on HCP individuals showed 
even higher heritability for all traits (from 51% to 85% for volumetric traits 
and from 29% to 30% for asymmetric traits, Supplementary Table 2).

We performed a univariate GWAS of common variants for the 
six ventricular traits mentioned above in the discovery UKB dataset. 
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The three mapping strategies and GWGAS identified 784 unique genes 
associated with any ventricular traits, of which 56 genes had the most 
robust evidence, as they were simultaneously mapped by all four strate-
gies (Fig. 2c,d and Supplementary Tables 10–13). Moreover, we identi-
fied an additional gene (C4A) according to the gene-based rare variant 
association analysis (MAF < 1%), whose rare and likely deleterious mis-
sense variants were significantly associated with the volume of the 
third ventricle with relatively large effects (MAF = 5.38 × 10−5, β = 2.31, 
Padj = 0.02, Supplementary Tables 14 and 15). Overall, we identified 785 
ventricular-trait-associated genes, nearly half of which overlapped 
among multiple ventricular traits, especially among the volumetric 
traits (Fig. 2c and Supplementary Table 16).

To investigate the biological mechanisms underlying 
ventricular-trait-associated genes, we next performed gene set 

enrichment analysis on the FUMA platform24. The FUMA enrich-
ment analysis yielded 262 unique Gene Ontology terms, pathways 
and GWAS Catalog phenotypes, while the most significant gene sets 
were driven by the asymmetry of the lateral ventricles (Fig. 2e). The 
top enriched biological functions involved developmental biology, 
chromatin organization, gene expression, signal transduction and 
cell cycle (Extended Data Fig. 2). We also identified several enriched 
phenotypes related to mood and cognition, such as SCZ, ASD,  
neuroticism, sociability, intelligence and cognitive ability (Supple-
mentary Tables 17 and 18). Drug enrichment analysis was additionally 
conducted using ventricular-trait-associated genes through DSigDB 
(Supplementary Table 19)25. Several medications treating mental/
mood disorders were enriched, such as azacyclonol (enrichment 
Padj = 6.21 × 10−24), thioridazine (enrichment Padj = 5.58 × 10−15) and 
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Fig. 1 | Analysis overview. a, Schematic diagram of the study design. A more 
detailed version can be found in Extended Data Fig. 1. b, Ventricular traits and 
their common-variant-based heritability. c, Genetic loci identified through 
univariate and multivariate common-variant GWAS. The orange lines indicate the 

genome-wide significance threshold (5.0 × 10−8), and the red line indicates the 
Bonferroni-corrected threshold for the univariate GWAS (8.3 × 10−9). Significant 
signals are coloured by their traits, and the top signals are annotated by their 
nearest genes. Chr, chromosome; ExWAS, exome-wide association study.
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Fig. 2 | Characterization of ventricular-trait-associated loci. a, Upset plot 
showing the numbers of unique and shared loci among ventricular traits.  
b, Proportion of validated independent significant SNPs in the replication 
and three generalization datasets. The validation estimates are derived from 
univariate GWASs. c, Upset plot showing the numbers of unique and shared 
genes among ventricular traits. d, Venn diagram displaying 56 robust ventricular-
trait-associated genes identified by four strategies. e, Upset plot showing the 

numbers of unique and shared gene sets among ventricular traits. f, Heritability 
enrichment for functional SNP categories of ventricular traits. Colour saturation 
represents the estimate for enrichment. Significant enrichment was defined as 
an enrichment estimate >1 with P < 0.05 after Bonferroni correction in stratified 
LDSC. CTCF, CCCTC-binding factor; DGF, digital genomic footprinting; DHS, 
DNase I hypersensitive site; TFBS, transcription factor binding site; TSS, 
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chlorprothixene (enrichment Padj = 1.17 × 10−13), suggesting that the 
morphology of the cerebral ventricles might be altered by these drugs, 
especially during brain development.

Cell-type enrichment analysis was carried out to identify which cell 
types in the brain might be responsible for ventricular development 
and degeneration. Enriched cell types for the volume of the lateral 
ventricles included glia (astrocytes, oligodendrocytes and microglia) 
and endotheliocytes. Astrocytes were also enriched in the volume 
of the inferior lateral ventricles. Replicating neuronal progenitors 
were enriched for the volume of the fourth ventricle, suggesting that 
the volume of the fourth ventricle is more likely to be determined by 
developmental stages and remain stable in adult stages (Supplemen-
tary Table 20).

As different functional categories might contribute to  
heritability disproportionately, we applied the baseline model in  
stratified linkage disequilibrium score regression (LDSC) to inves-
tigate the enriched functional elements of ventricular traits26. We 
demonstrated a considerable enrichment of heritability in con-
served regions in almost all ventricular traits except the asymme-
try of the lateral ventricles (estimates for enrichment, 9.34 to 51.44; 
P = 5.80 × 10−8 to 3.30 × 10−2), suggesting the biological importance 
of the conserved regions in maintaining normal ventricular morphol-
ogy. We also observed significant enrichment of super-enhancers and 
histone marks (H3K4me1, H3K4me3, H3K9ac and H3K27ac) in volu-
metric traits, which indicates epigenetic gene regulation (Fig. 2f and  
Supplementary Table 21).

Concordance and discordance among different age groups
As all volumetric metrics and the asymmetry of the inferior lateral 
ventricles showed positive associations with age (Extended Data  
Fig. 3 and Supplementary Table 22), we hypothesized that some genetic 
loci might exert different influences on ventricular traits across the 
lifespan. To test this hypothesis, we explored the concordance and 
discordance of genetic effects on ventricular traits among individuals 
of different age groups. Concordant genetic results indicate that the 
genetic association is robust in cohorts across the lifespan. In contrast, 
discordant genetic effects among different age groups might suggest 
that the loci are involved in brain development or neurodegeneration. 
For example, ageing and dementia might be better understood when 
variants that mainly affect ventricular enlargement in older age are 
identified.

We first asked whether there were concordant association results 
of independent signals in cohorts of different age groups, including 
ABCD, IMAGEN, HCP, CHARGE and UKB (Fig. 2b and Supplementary 
Tables 7 and 23). We found that variants in locus 15q21.3 were consist-
ently significantly associated with the volume of the fourth ventri-
cle in all tested cohorts (Fig. 3a). Significant variants in locus 15q21.3 
were mapped to ALDH1A2, a gene encoding an enzyme that converts 
retinaldehyde to retinoic acid. Retinoic acid is a hormonal signalling 
molecule involved in developing and adult tissues27. Another example 
of concordance was the top GWAS signal (locus 3q28) associated with 
the lateral and third ventricular volumes; that is, all cohorts except 
HCP (the cohort with the smallest sample size) showed consistent 
significant results with extremely low P values (lateral, P = 5.20 × 10−10 to 
6.29 × 10−10; third, P = 6.07 × 10−11 to 1.61 × 10−6; Fig. 3b). The top signals in 
locus 3q28 were located near GMNC, which regulates DNA replication28.

Next, the discordant genetic effects among individuals of dif-
ferent age groups were evaluated by meta-regression by age. The 
genetic effects of independent significant signals were first tested in 
ten subgroups from four independent cohorts with individual-level 
data, including ABCD (age range, 9–11 years), IMAGEN (age range,  
13–20 years), HCP (age range, 22–36 years) and seven UKB sub-cohorts 
(with an age gap every five years; Supplementary Table 24). 
Meta-regression of SNP effects according to age was subsequently 
conducted using linear and quadratic models after the alignment of 

alleles. This analysis yielded four variants whose genetic effects were 
linearly or quadratically associated with age after Bonferroni correction 
(Fig. 3c–f and Supplementary Table 25). Notably, the top GWAS signal 
(locus 3q28) of the lateral and the inferior lateral ventricular volume is 
supposed to be mainly involved in brain development, since its genetic 
effect attenuated but persisted in older adults (Fig. 3c,d,g,h). When the 
UKB subgroups were 1:1 matched by sex, 93.4% of the conclusions were 
not changed (Supplementary Table 26).

We also leveraged longitudinal data on ventricular traits in neu-
rodevelopmental cohorts (ABCD/IMAGEN; combined N = 4,547; mean 
age at baseline, 11 years) and the ageing cohort (UKB; N = 3,646; mean 
age at baseline, 62 years) to investigate whether the independent sig-
nificant signals identified by the discovery GWAS could be validated in 
the analyses of annual change rates for the same ventricular traits. We 
observed that 9% of the tested variants in ABCD/IMAGEN and 13% of the 
variants in UKB were nominally significant (P < 0.05) in the longitudinal 
analyses and had consistent direction with those in the discovery GWAS, 
but none survived the Bonferroni correction (Supplementary Table 27). 
In both the longitudinal analysis and meta-regression, two loci (7p22.3 
and 16q24.2) consistently exerted much stronger genetic influences  
on lateral ventricular volume in neurodegeneration than in neurodevel-
opment (Fig. 3h and Supplementary Tables 25 and 27). In addition, their 
top variants, rs798513 in 7p22.3 and rs4843555 in 16q24.2, were reported 
to be associated with a wide range of age-related traits, including  
cognition, insomnia and metabolic features (atlas.ctglab.nl/PheWAS)29.

Finally, BrainSpan analyses were conducted to provide additional 
insights into the expression patterns of ventricular-trait-associated 
genes from the early prenatal period to middle adulthood. We observed 
significant prenatal upregulation of genes associated with the volume 
(19 weeks post-conception) and asymmetry (8 weeks post-conception) 
of the lateral ventricles, suggesting that the genetic influences of 
ventricular-trait-associated genes on ventricular morphology might 
start from early prenatal stages (Supplementary Table 28).

Genetic overlap with neuropsychiatric traits
To understand the genetic overlap between ventricular traits and 
outcomes for brain health, we estimated their genetic correla-
tions by LDSC30 and assessed causal relationships via bidirectional  
Mendelian randomization (MR) analyses31. Additionally, we con-
ducted polygenic risk score (PRS) analysis to examine whether 
individuals with a higher genetic liability to brain disorders exhib-
ited statistically different ventricular traits compared with others. 
Furthermore, we employed a multivariate Cox proportional hazard 
regression model to validate the genetically inferred causal relation-
ships using clinical data.

We first estimated the genetic correlations between six ventricular 
traits and outcomes for brain health32, including clinical diagnoses, 
competencies/behaviours and metrics of brain structure or function 
(Fig. 4). LDSC analysis did not identify any significant correlations 
between ventricles and clinical diagnoses. For competencies and 
behaviours, significant positive correlations were observed between 
larger ventricles and longer reaction time, heavier drinking and higher 
general risk tolerance. Leftward asymmetry of the lateral ventricles 
was genetically correlated with left-handedness. For metrics of brain 
structure or function, larger ventricles were significantly correlated 
with thinner cerebral cortex, more white matter hyperintensities 
and lower p-tau levels in CSF (Supplementary Table 29). Specifically, 
the negative genetic correlation between inferior lateral ventricular  
volume and CSF p-tau (rg = −0.77, P = 2.00 × 10−3) was not a product 
of collider bias introduced by ICV since we reperformed LDSC using 
summary statistics without adjusting for ICV and got similar results 
(rg = −0.74, P = 1.70 × 10−3).

We then conducted brain-wide LDSC analyses to estimate the 
genetic correlations between ventricular traits and brain subre-
gions (Fig. 5). Genetically predicted larger ventricles were correlated  
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with smaller volumes of subcortical regions, including the thalamus, 
accumbens and putamen. Larger ventricles were also genetically  
correlated with thinner superior temporal, lingual and cuneus cor-
texes. Genetically predicted larger lateral ventricles were correlated  
with a smaller pericalcarine area but a larger paracentral area.  
Suggestive correlations between ventricular asymmetries and metrics 
of their adjacent brain regions were also observed, but none of these 
estimates survived correction for multiple testing (Supplementary 
Table 30).

Due to data limitation, MR, PRS and Cox analyses were restricted 
to major neuropsychiatric diseases, which play fundamental roles 
in brain health32. Notably, reverse causality of AD on inferior lateral  
ventricular volume was observed in all MR approaches (inverse-variance- 

weighted β (βIVW) 0.03, P = 9.50 × 10−3; βEgger = 0.04, P = 9.45 × 10−3;  
βweighted median = 0.04, P = 6.29 × 10−3; βweighted mode = 0.04, P = 3.84 × 10−3), 
with no heterogeneity (P = 0.25) or pleiotropy (P = 0.21) detected 
(Extended Data Fig. 4 and Supplementary Tables 31–34). Moreover, 
individuals with higher PRS to AD also showed larger inferior lateral 
ventricular volumes in the fully adjusted model (β = 0.02, P = 4.76 × 10−5, 
N = 31,843, Supplementary Table 35). Multivariate Cox regression 
analyses further demonstrated that each s.d. increase of the inferior 
lateral ventricular volume exhibited hazard ratios (HRs) for incident 
AD and dementia of 5.04 (95% confidence interval (CI), 2.56–9.91; 
P = 2.78 × 10−6; Ncase = 15; Ntotal = 15,198) and 2.92 (95% CI, 2.02–4.22; 
P = 1.20 × 10−8; Ncase = 44; Ntotal = 15,198; Supplementary Table 36). The 
risks remained significant after restricting analysis in individuals with 
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a follow-up period of more than three years (for AD, HR = 5.40; 95% CI, 
2.49–11.70; P = 1.93 × 10−5; for dementia, HR = 2.89; 95% CI, 1.81–4.61; 
P = 8.05 × 10−6).

Inferior lateral ventricular volume as an endophenotype  
for AD
Although our analyses also demonstrated other associations between 
ventricles and neuropsychiatric disorders (Fig. 6), we considered that 
only the association between the inferior lateral ventricular volume 
and AD was extremely unlikely to be falsely positive due to the consist-
ency among multiple analytic approaches and the strong statistical 
significance. Since the inferior lateral ventricles are adjacent to the 
hippocampus, which is well known as the affected brain region in AD, 
we reperformed Cox regression analyses of incident AD and dementia, 
including the volume of the hippocampus as an additional covariate. 
Surprisingly, the inferior lateral ventricular volume showed the strong-
est significance and largest effect size among all included brain regions 
(Extended Data Fig. 4 and Supplementary Table 37). We also examined 
the association between the inferior lateral ventricular volume and 
parental history of AD or related dementias (ADD) among individuals 
free of dementia. Multivariate logistic analysis showed that each s.d. 
increase of the inferior lateral ventricular volume was associated with 
higher odds of ADD family history (odds ratio (OR), 1.05; P = 2.08 × 10−3), 
and the association became stronger when adjusting for parental age 
at death (OR = 1.07, P = 7.03 × 10−4).

To validate the value of the inferior lateral ventricular volume for 
predicting AD risk, we replicated the multivariate Cox proportional 
hazard regression analysis in the ADNI cohort, which was specifi-
cally designed to detect AD early and track its progression. During a 
mean follow-up time of 4.5 years, 343 of 1,633 participants devel-
oped incident AD. We found that a one-s.d. increase in the volume 
of the inferior lateral ventricles was associated with a 62% increase 
in the risk of incident AD in the base model (HR = 1.62; 95% CI, 1.40–
1.87; P = 5.54 × 10−11). Again, the association was independent of the 

hippocampus (additionally adjusted for hippocampus, HR = 1.28; 95% 
CI, 1.08–1.52; P = 3.69 × 10−3). The association remained significant 
after the restriction in individuals with a follow-up period of more than 
three years (base model, HR = 1.53; 95% CI, 1.30–1.79; P = 1.93 × 10−7; 
additionally adjusted for hippocampus, HR = 1.26; 95% CI, 1.05–1.52; 
P = 2.05 × 10−2; Supplementary Table 38).

The above results reveal that the increased volume of the inferior 
lateral ventricles might be a consequence of prodromal AD and an 
endophenotype for predicting AD risk. To better understand the com-
mon etiological mechanism shared between the two traits, we looked 
up all genes associated with the inferior lateral ventricular volume 
on the AD Knowledge Portal for their general relevance to AD33. We 
identified two genes (GNA12 and LPAR1) that are robustly associated 
with the inferior lateral ventricular volume and present substantial sup-
porting evidence from genomics, genetics and the existing literature 
on AD (Supplementary Table 39). GNA12 encodes G-protein subunit 
alpha-12, involved as the modulator or transducer in various transmem-
brane signalling systems. The integral membrane protein encoded by 
LPAR1 is lysophosphatidic acid receptor 1 and belongs to the G-protein  
coupled receptor 1 family. Collectively, both genes were enriched in 
brain tissues and oligodendrocyte precursor cells/oligodendrocytes, 
the myelinating glia of the central nervous system34.

Discussion
Here we demonstrate the genetic architecture of the cerebral  
ventricular morphology among 61,974 participants from 9 to 98 years 
old. We identified 62 genomic loci and 785 candidate genes associ-
ated with the cerebral ventricles, of which some exhibited changing 
effects during brain development and ageing. Enrichment analyses 
implicated biological pathways and neuropsychiatric disorders across 
developmental and neurodegenerative stages. Follow-up analyses 
demonstrated the broad genetic overlap of ventricular morphology 
with various neuropsychiatric traits. Moreover, we identified the  
volume of the inferior lateral ventricles as a consequence of prodromal 
AD and a robust endophenotype predicting AD risk through multiple 
analytic approaches.

Genetic studies have made considerable efforts to investigate the 
genetic architectures of cortical structures and subcortical nuclei35–37, 
yet the ventricular system has been largely ignored. More than cavities 
containing protective fluid cushions and sinks for waste, the cerebral 
ventricles are critical to neocortical evolution, and their morphol-
ogy is tightly linked to pathology in other parts of the central nerv-
ous system6,38. The common-variant-based heritability estimates of  
ventricular traits (18% to 40% for volumes and 3% to 9% for asymmetries) 
are comparable to or slightly higher than those of the cortex (14% to 
37% for volumes and 2% to 9% for asymmetries)36,39, strengthening the 
hypothesis that they share a common origin in evolution. Furthermore, 
through state-of-the-art analysis, we discovered that rare variants may 
account for 0.3% to 2.3% of the heritabilities for the ventricular traits. 
However, there is still a large gap between family-based heritabili-
ties and SNP-based heritabilities. The still-missing heritability could 
be explained by different demographics of the two cohorts used for  
estimating heritabilities or by some rare and structural vari-
ants not well captured by the current sequencing technologies40. 
The latter could be addressed by advanced sequencing methods 
capable of providing deeper coverage of the human genome in  
the future41.

With the understanding of age-related changes in the human 
brain5, the importance of age-dependent genetic effects on neuroimag-
ing traits has been highlighted42. Our study aggregated individual-level 
data from four independent cohorts, nearly covering the whole  
lifespan (age range, 9–82 years). It remains unclear why the percentage 
of females in UKB dropped in higher age classes even though life expec-
tancy is higher for females, though it barely influenced our results. 
Consistent evidence from two complementary methods (longitudinal 
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analyses and meta-regression of cross-sectional analyses) showed that 
locus 7p22.3 (AMZ1) and locus 16q24.2 (C16orf95) mainly influence the 
enlargement of the cerebral ventricles in older adults. This result could 
help us better understand the genetics of brain ageing, and the epige-
netic regulation of the two loci may serve as therapeutic targets for 
neurogenerative disorders in the future. Moreover, locus 3q28 (GMNC) 
is shown to mainly influence brain development, while the genetic 
effect attenuated but persisted in older adults. Interestingly, the C 
allele of the lead variant rs13066753 in 3q28 is associated with larger 
inferior ventricular volume, lower t-tau and p-tau levels in CSF20,21, and 
a lower risk for AD43, and our LDSC analysis also demonstrated a nega-
tive correlation between inferior ventricular volume and CSF p-tau. 
On the basis of our results in the lifespan analysis, we hypothesize that 
genetically determined large ventricular volumes driven by locus 3q28 
in one’s early life may lead to more CSF in adulthood. As a result, CSF 
tau protein levels would be relatively decreased44, and subsequently, 
the AD risk would be reduced. Another probable explanation is the 
compensatory hypothesis. That is, those with higher genetic liability 
to AD might develop small ventricles in preclinical AD stages for the 
maintenance of normal cognition45.

The volume of the lateral ventricles is the most widely studied 
ventricular phenotype in previous neuroimaging publications5,42 and 
accounts for the largest part of the ventricular system. As we hypoth-
esized that the inferior lateral ventricles are more closely linked to AD 
and might have different genetic architectures from other parts of 
the lateral ventricles, the volume of the lateral ventricles in our study 
did not include the volume of their inferior horns. Given our success-
ful replication of all loci identified by CHARGE and the validation of 
85% of our loci in the CHARGE cohort, we believe that the impact of 
the slightly different phenotype definitions between our study and 
CHARGE was relatively small. As expected, we observed that enlarged 
lateral ventricles were significantly correlated with thinner cortex and 
worse cognition. However, the statistical significance of the association 
between lateral ventricular volume and neuropsychiatric diseases is 

modest and thus cannot rule out false positives. The genetic associa-
tions of the third ventricular volume were similar to those of the lateral 
ventricular volume. The volume of the fourth ventricle exhibited the 
highest heritability (40% in SNP-based analysis and 85% in twin analysis) 
among all ventricular traits, and our results indicate that the fourth 
ventricle was less likely to be involved in the biology of ageing or neu-
ropsychiatric diseases.

One of our key findings is the reverse causal relationship between 
enlarged inferior lateral ventricular volume and AD. This relationship 
was revealed by MR and PRS and was validated in time-to-event and 
family history analyses. As the highest-contributing feature in the 
multivariate Cox model involving the volume of the hippocampus as 
a covariate46, the inferior lateral ventricular volume might be more 
sensitive than traditional neuroimaging metrics to predict the risk 
of developing AD47. The predictive value of the inferior lateral ven-
tricular volume has been noticed by some clinical studies with shorter 
follow-up periods48,49, but we propose it as an endophenotype for 
AD since we have thoroughly examined the eligibility criteria of an 
endophenotype: (1) it is heritable, (2) it associates with illness in the 
population, (3) it manifests in individuals independent of the illness 
state and (4) it co-segregates with the illness in families50. The post 
hoc investigation suggests that the dysfunction of oligodendrocytes, 
which form the myelin sheath around axons, might mediate inferior 
ventricular enlargement and AD51. Moreover, the volume of the inferior 
lateral ventricles can be easily visualized in non-invasive structural 
MRI images, demonstrating substantial feasibility and clinical utility.

Besides volumetric metrics, we also reported the genetic deter-
minants of ventricular asymmetries, which have been suggested to 
be involved in mental disorders in observational studies9,13,52–54 but 
had never been investigated in genetic studies. The asymmetry of 
the lateral ventricles tends to be stable with ageing, and the Brain-
Span analyses suggested that the related genes were differentially 
expressed in early prenatal stages instead of subsequent stages. 
In gene set analysis, we observed tremendous enrichment of 
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lateral-ventricular-asymmetry-associated genes for a spectrum of 
neuropsychiatric disorders. However, the follow-up analyses suggested 
that the enrichment might be a product of the pleiotropic effect due to 
polygenicity, as correlation and causality analyses yielded few signifi-
cant results. In addition, we observed increasing leftward asymmetry 
of the inferior lateral ventricles during ageing in older adults. The 
phenomenon might be attributed to normal ageing, as the asymmetry 

of the inferior lateral ventricles did not show a significant association 
with major neuropsychiatric diseases.

We acknowledge some limitations in our study. First, in the strict 
sense, our study did not include participants across the entire lifespan 
due to the lack of data from prenatal and early postnatal stages. Instead, 
we conducted BrainSpan analyses to investigate the spatiotemporal 
expression pattern of ventricular-trait-associated genes from early 
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prenatal stages to middle adulthood. Meanwhile, our sample size 
in middle adulthood was relatively small, which may lead to impre-
cise estimates. Second, we restricted our analysis to individuals of  
European ancestry to reduce population stratification; the generali-
zation of results to other ethnicities thus needs to be validated in the 
future. Third, little age overlap was observed in the discovery and gener-
alization cohorts. As a result, it is possible that the age-specific analyses 
could be influenced by other cohort-specific factors, even though we 
applied similar quality control and analytic procedures across these 
cohorts. Fourth, although we performed strict quality control before 
fitting the GWAS model, more advanced models (such as BOLT-LMM55, 
SAIGE56 and Regenie57) should be considered to better account for 
population structure and relatedness. Fifth, it remains unclear  
how well inferior ventricular volume would differentiate between 
AD and other dementias. Finally, as our imaging study excluded indi-
viduals with contraindications to MRI and those who resided far from  
imaging assessment centres, this selective approach may have com-
promised the representativeness of our sample, resulting in potential 
participation bias.

This study uncovered the genomic loci, genes and biological func-
tions associated with ventricular morphology; examined the concord-
ance and discordance among individuals of different age groups; and 
described the correlative and causal relationships between the cerebral 
ventricles and outcomes for brain health. We identified the volume of 
the inferior lateral ventricles as an endophenotype for predicting AD 
risk and a consequence of prodromal AD. This study helps elucidate  
the shared mechanisms between ventricular morphology and  
neuropsychiatric disorders, and the identified endophenotype could 
inform future clinical practice.

Methods
Samples across the lifespan
This genetic study used individual-level data from four independent 
cohorts with diverse age groups (Supplementary Table 1-1), includ-
ing ABCD (mean age, 10 years; range, 9–11 years), IMAGEN (mean, 14; 
range, 13–20), HCP (mean, 29; range, 22–36), UKB (mean, 64; range, 
45–82) and summary-level data from the CHARGE consortium (mean, 
65; range, 20–98). All study sites were approved by their local research 
ethics committees or institutional review boards. All adult participants 
or participants’ guardians for children or adolescents gave written 
informed consent before study enrolment.

For the discovery GWAS, we utilized brain MRI data from the imag-
ing visit of UKB (N ~ 40,000). UKB is a large-scale prospective cohort to 
uncover the genetic and non-genetic determinants of health-related 
outcomes in middle and old age58. The UKB sample was restricted to 
participants with white British ancestry according to the sample quality 
control file ‘ukb_sqc_v2.txt’ to reduce bias due to population stratifica-
tion and brain disorders. We excluded 1,146 participants with prevalent 
dementia, stroke, hydrocephalus or intracranial tumours on the basis of 
ICD-10 codes (Supplementary Table 40). The CHARGE consortium was 
a collaboration of prospective population-based cohorts designed to 
uncover the genetic basis of age-related traits in individuals of mainly 
European descent59. The CHARGE cohort has similar demographics to 
UKB, and its summary statistics were applied for replication analysis. 
The details of the CHARGE cohort regarding the ventricular GWAS 
(N = 23,533) were published previously15.

For generalization in other age groups across the lifespan, we also 
used data from three cohorts whose age range did not overlap with 
UKB. The ABCD study is the largest longitudinal neuroimaging cohort 
(N = 11,876) tracking brain development from childhood through ado-
lescence60. We extracted ABCD subjects of European descent through 
principal component analysis according to the 1000 G reference 
panel61. IMAGEN is a European multicentre genetic-neuroimaging 
project of healthy youth, which recruits more than 2,000 adoles-
cents around age 14 and follows them longitudinally. The project 

was designed to be ethnically homogenous—that is, all participants 
were required to have four Western European grandparents62. HCP is 
a twin-family study aiming to examine brain connectivity and its vari-
ability in healthy young adults63. We downloaded data from the HCP 
1200 Subject Release and excluded individuals with relatedness or not 
reported as non-Hispanic/Latino white ethnicity for genetic associa-
tion analysis. In the post hoc analysis, the ADNI cohort was added to 
validate the association between inferior lateral ventricular volume 
and incident AD. The ADNI cohort was specifically designed to develop 
markers for early detection and tracking of AD64. Further information 
about the ADNI cohort can be found in the Supplementary Methods.

Imaging of the cerebral ventricles
The image acquisition and processing pipeline of the discovery dataset 
are available on the UKB website (https://biobank.ctsu.ox.ac.uk/crystal/
crystal/docs/brain_mri.pdf). Briefly, the T1-weighted MPRAGE images 
were collected on a 3T Siemens Skyra scanner with 1× 1 × 1 mm3 reso-
lution, a 208 × 256 × 256-pixel field of view, an acceleration factor of  
2 and pre-scan normalization. Pre-processing quality control included 
aligning modalities and removing artefacts. The raw ventricular traits 
(the volumes of the left and right lateral ventricles, the left and right 
inferior lateral ventricles, the third ventricle, and the fourth ventri-
cle) were extracted using FreeSurfer’s aseg tool (v.6.0), followed by 
semi-automated quality control according to the image-processing 
pipeline developed and run on behalf of UKB, such as the detection of 
a bad field of view, head motion, noise, severe lesions and big ventri-
cles65,66. Imaging details of the replication and generalization cohorts are 
provided in the Supplementary Methods and Supplementary Table 41.

We calculated six ventricular traits in each cohort: the volume of 
the lateral ventricles (the sum of both sides, including the left and right 
inferior lateral ventricles), the volume of the inferior lateral ventricles 
(the sum of both sides), the volume of the third ventricle, the volume of 
the fourth ventricle, the asymmetry index of the lateral ventricles and 
the asymmetry index of the inferior lateral ventricles. The asymmetry 
was measured by a widely used formula39,67:

Asymmetry index = left − right
(left + right)/2

According to the definition, a positive asymmetry index indicates 
that the volume of the left side is greater than that of the right (that 
is, leftward asymmetry). Additionally, we excluded 996 individuals 
whose raw ventricular values were outliers greater than five times 
median absolute deviations (MAD). We normalized the six ventricu-
lar phenotypic values for GWASs using rank-based inverse normal  
transformation before conducting the analyses.

Genotyping and quality control
All genetic analyses were carried out with GRCh37/hg19 genomic coor-
dinates. Genotype calling, imputation and quality control have been 
conducted centrally by the UKB team68. Briefly, participants in UKB 
were genotyped with two similar arrays, the UKB Axiom array and the 
UK BiLEVE Axiom Array. Phasing was achieved via SHAPEIT3 along 
with the 1000 Genomes Project69, and imputation was conducted 
through IMPUTE4 with Haplotype Reference Consortium as the main 
reference panel. After imputation, poor-quality markers and sam-
ples were identified on the basis of tests such as batch effects, plate 
effects, heterozygosity and missing rates68. We applied additional 
quality control procedures to exclude markers with call rate <0.95, 
MAF < 0.01, Hardy–Weinberg P < 10−6 and imputation quality score 
<0.5, and samples with missing rate >0.05, sex mismatches, abnormal 
sex chromosome aneuploidy, heterozygosity rate outliers, and those 
that were not in the white British ancestry subset or had more than ten 
putative third-degree relatives. The quality control was performed 
with PLINK v.2.0 (ref. 70), and all quality control procedures resulted 

http://www.nature.com/nathumbehav
https://biobank.ctsu.ox.ac.uk/crystal/crystal/docs/brain_mri.pdf
https://biobank.ctsu.ox.ac.uk/crystal/crystal/docs/brain_mri.pdf


Nature Human Behaviour

Article https://doi.org/10.1038/s41562-023-01722-6

in 8.5 million autosomal variants and 31,880 individuals for the final 
discovery GWAS analysis. We performed rare-variant-based heritability 
analysis, gene-based rare variant association analysis and ExWAS using 
whole-exome sequencing data in UKB; their detailed quality control 
procedures are shown in the Supplementary Methods.

For the replication GWAS dataset, cohorts in the CHARGE  
consortium performed genotyping, quality control and imputation  
separately15. We imputed the genetic data of ABCD, IMAGEN and HCP 
with validated tools, including IMPUTE and Michigan Imputation 
Server. The quality control procedures in the three generalization 
datasets were similar to those in UKB (Supplementary Table 41). The 
final sample sizes for the cross-sectional generalization analyses were 
4,445 for ABCD, 1,888 for IMAGEN and 228 for HCP.

Heritability estimation and genetic association analyses
We calculated the common- and rare-variant-based and family-based  
heritability estimates for all six ventricular traits71. Common-variant- 
based heritability analysis was performed with the genome- 
based restricted maximum likelihood approach as implemented in 
Genome-wide Complex Trait Analysis (GCTA) v.1.93.2, adjusting for age, 
age2, sex, ICV, imaging centre and the first ten genetic principal compo-
nents (PCs)72,73. Rare-variant-based heritability was calculated using the 
burden heritability regression method74, with summary statistics from 
single variant ExWAS (see below) as input. Burden heritability explained 
by the rare variants was calculated from the regression slope using the 
aggregate mode via the R package bhr75,76. Family-based heritability was 
calculated in 105 monozygotic and 70 dizygotic twin pairs in the HCP 
project. Twin zygosity was determined by the genotyped data when 
possible; otherwise, the self-reported data were employed. The classic 
ACE model was fit using the twinlm() function in the mets R package75,77.

Univariate GWAS for six ventricular traits was performed using 
linear regression under the additive model in PLINK v.2.0 (ref. 70). 
Rare-variant univariate ExWAS was conducted under the linear mixed 
model via SAIGE-GENE+ software78. Variants with minor allele count <10 
were considered ultra-rare variants and were collapsed into the same 
group. MOSTest on matlabR2018b was used to conduct the multivari-
ate GWAS, which implements permutation testing to identify genetic 
association across multiple traits and shows tremendous power when 
genetic effects are shared across traits19. For all association analyses, we 
regressed out the same covariates as the GCTA heritability analyses. To 
examine the potential impact of collider bias, we further dropped ICV 
from the covariates and reperformed the association analyses79,80. As 
the subsequent longitudinal analysis included a subset of the discovery 
GWAS sample, we validated the genetic associations after removing 
those participants. We also validated our initial results through the 
SAIGE software, whose full genetic relationship matrix was used for 
fitting the model in Step 1 to account for population structure and 
relatedness56. The significance threshold was P < 5.00 × 10−8 for the  
multivariate association analyses and Bonferroni-corrected 
(P < 8.33 × 10−9) for the univariate association analyses (see the Sup-
plementary Methods for genomic risk loci identification details).

GWGAS was performed using MAGMA v.1.08 implemented in 
FUMA24,81. The GWGAS was conducted among 18,879 protein-coding 
genes. The significance threshold was P < 0.05/18,879 = 2.65 × 10−6 
for the summary measure of ventricular morphology (multivariate- 
GWAS-based) and P < 4.41 × 10−7 for the six ventricular volumetric and 
asymmetric traits (univariate-GWAS-based and Bonferroni-corrected). 
The MHC region was excluded before the analysis. Positional (up to 
10 kb apart), eQTL (brain data from psychENCODE82, xQTLServer83, 
ComminMind84, BRAINEAC85 and GTEx v.8 (ref. 86) and blood data 
from eQTLGen87 and GTEx v.8 (ref. 86)) and 3D chromatin interac-
tion (adult and fetal human brain data) mapping strategies were also 
utilized to assign candidate variants to genes associated with ventri-
cles. The gene-based rare-variant association analysis for ventricular 
traits was calculated using Burden test, SKAT and SKAT-O through 

SAIGE-GENE+78, adjusting for age, age2, sex, ICV, imaging centre and 
the first ten genetic PCs. SKAT-O was chosen as the primary approach 
as it combines the Burden test and SKAT and considers various degrees 
of effect heterogeneity; thus, it may better capture the associations 
between rare variants and traits88. The significance threshold was set 
to P < 4.45 × 10−7 (that is, 0.05/18,731 genes and six ventricular traits).

The methods for functional follow-up of genetic associations, 
including phenome-wide association scan, gene-set enrichment, 
cell type and partitioned heritability analyses, are available in the  
Supplementary Methods.

Replication and generalization
Data from the CHARGE consortium were used for replication as its 
demographics were similar to those in the discovery dataset. For inde-
pendent significant variants associated with the lateral ventricular 
volume identified in the discovery GWAS, we extracted their genetic 
associations in the CHARGE summary data. If any variant was not iden-
tified in CHARGE, the genetic association from its closest proxy (LD 
r2 > 0.8) was used. A variant was defined as replicated when it was 
Bonferroni-corrected significant (that is, P < 0.05 divided by the num-
ber of independent significant SNPs) in CHARGE, and its direction of 
effect in CHARGE was consistent with that in the discovery dataset. 
The CHARGE consortium did not provide data for the other cerebral 
ventricles or asymmetric metrics, so replication analyses in the other 
ventricular traits were not conducted.

To explore the role of ventricular-trait-associated loci in brain 
development and degeneration, we conducted a generalization anal-
ysis of the independent significant signals of six ventricular traits 
in children (ABCD, N = 4,445), adolescents (IMAGEN, N = 1,888) and 
young adults (HCP, N = 228) using linear regression under the addi-
tive model in PLINK v.2.0. We calculated the proportion of nominal 
and Bonferroni-corrected validated signals (P < 0.05 with the same 
direction of effects) in each cohort and investigated whether there 
were concordant results among all cohorts, which indicates robust-
ness and stability among all age groups. The discordance of genetic  
effects among samples across the lifespan was quantified by 
fixed-effects meta-regression, with the median age of each subgroup 
as the independent variable and the genetic effect as the dependent 
variable. To better explore the associations between age and genetic 
effects in older adults, we split the UKB sample (N = 31,880) every five 
years and reran the genetic association analysis within each group. 
These procedures generated ten subgroups with median ages of 10, 14, 
29, 49, 53, 58, 63, 68, 72 and 77 years (Supplementary Table 1-1). After 
allele alignment, IVW fixed-effects meta-regression of independent 
signals was performed using linear and quadratic models with the R 
package metafor75,89. We performed sensitivity analysis after 1:1 match-
ing of males and females in each UKB subgroup because we observed 
that the percentage of females dropped in higher age classes in UKB.

We hypothesized that genetic loci associated with cross-sectional 
ventricular traits might also influence the longitudinal change of cer-
ebral ventricles. To test this hypothesis, we leveraged longitudinal 
imaging data from children and adolescents (ABCD, with a sample 
for longitudinal analysis of 3,409; and IMAGEN, with a sample for 
analysis of 1,138) and older adults (UKB, with a sample for analysis 
of 3,646; Supplementary Table 1-2). For longitudinal neuroimaging 
data, participants in IMAGEN and UKB were followed up only once, 
while ABCD participants were followed up two and/or four years after 
recruitment. If neuroimaging data from more than one follow-up 
were available, we chose the data with the longest follow-up period 
for longitudinal analysis. For the independent significant variants 
identified in the discovery GWAS, their genetic associations with annual 
change rates of the same ventricular traits were calculated using lin-
ear regression under the addictive model in PLINK v.2.0, including 
age, age2, sex, imaging site and the first ten PCs as covariates. ICV 
was not corrected in the longitudinal analysis because associations 
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between ICV and brain changes over time have been shown to be small42. 
The longitudinal genetic analyses were performed in each cohort  
separately, and then the genetic effects in the two younger cohorts 
were meta-analysed using METAL to enhance statistical power90.  
Variants that passed the Bonferroni threshold (P = 0.05/152 variants) were  
considered significant.

Moreover, we acknowledge that we did not include prenatal samples 
or samples in their early postnatal life due to data limitations. To compen-
sate for this gap, we conducted BrainSpan analyses using data spanning 
from early prenatal (8 weeks post-conception) to middle adulthood  
(40 years) via FUMA24. The significant enrichment for developmental 
ages was defined as a Bonferroni-corrected P < 0.05 in upregulated, 
downregulated or both-sided differentially expressed gene sets.

Genetic correlation
Genetic correlation analyses were performed between ventricular 
traits and outcomes for brain health using cross-trait LDSC, which was 
robust to sample overlap between trait pairs30. The analyses utilized  
summary statistics from univariate ventricular GWAS, GWAS of out-
comes for brain health32 and the precomputed LD scores from the 
European population of the 1000 Genomes Project as a reference 
panel. The outcomes for brain health included clinical diagnoses (AD43, 
stroke91, PD92, ADHD93, ASD94, MDD95, BP96 and SCZ97), competencies 
and behaviours (general cognitive function98, verbal numerical rea-
soning98, reaction time98, drinking99, smoking99, general risk toler-
ance100 and handedness101), and metrics of brain structure or function 
(total cortical area and mean cortical thickness102, white matter hyper-
intensities103, CSF Aβ42, and p-tau levels49). As recommended, the 
LDSC analyses were restricted to Hapmap3 SNPs, and the MHC region 
was excluded before analyses. To uncover the genetic association 
between ventricular traits and brain structures of specific regions, we 
further conducted brain-wide LDSC analyses. The summary statistics 
of 34 cortical area traits, 34 cortical thickness traits and 6 subcortical  
volumetric traits were downloaded from the ENIGMA consortium102,104.

Bidirectional MR
Bidirectional two-sample MR was employed to infer the causal rela-
tionship between six ventricular traits and eight major neuropsychi-
atric diseases. MR analyses were not performed for competencies/
behaviours and metrics since these GWAS samples overlapped with 
our ventricular GWAS. MR only utilized variants strongly associated 
with exposure to reduce the weak instrument bias105. We selected 
instrument variables using genetic variants associated with the expo-
sure on the basis of P < 5 × 10−6 due to the limited number of variants 
that passed the genome-wide significance threshold106,107. LD clump-
ing was performed by excluding variants that have an r2 > 0.001 with 
another variant according to the European 1000 G reference panel. We 
employed four MR analytical methods under different causal scenarios, 
including IVW, MR-Egger, weighted median and weighted mode, where 
IVW was the primary approach to present results31. The heterogeneity 
and pleiotropy were also checked in case of violating fundamental  
MR assumptions108. All MR analyses were carried out using the  
TwoSampleMR package in R75,109.

PRS analyses
To evaluate the association between genetic liability to neuropsychiat-
ric disorders and ventricular traits, we leveraged the standard PRS for 
AD, PD, BP and SCZ provided by UKB in the PRS Release (Category 301)110.  
Analyses for stroke, ADHD, ASD and MDD were not performed due 
to the unavailability of data. A detailed description of PRS in UKB can 
been found in the Supplementary Methods. We restricted our regres-
sion analyses to white British ancestry and excluded individuals with 
prevalent dementia, stroke, hydrocephalus and intracranial tumours. 
After we merged covariates and excluded outliers of ventricular traits 
exceeding 5 MAD, the final sample size for regression analysis was 

31,843. Multiple linear regression analyses were performed to investi-
gate the association between inverse-normal-transformed ventricular 
traits and PRS for brain diseases with the adjustment of age, age2, 
sex, imaging site, ICV and the first ten genetic PCs. The analyses were 
achieved with the lm function in R.

Time-to-event validation
To validate the predictive capacity of ventricular traits on risks 
of neuropsychiatric disorders, we conducted Cox proportional  
hazards analyses with clinical data in the UKB cohort. Neuropsychiatric  
disorders for analysis were restricted to those with at least ten incident 
cases after all quality control procedures, including AD, stroke, PD and 
MDD. Dementia was also chosen as an outcome for analysis to support 
the findings in AD due to its larger number of incident cases. Incident 
cases with neuropsychiatric disorders were ascertained from the first 
occurrences data with ICD-10 codes (Supplementary Table 40). Partici-
pants who died, withdrew from the study before the end of follow-up 
or had not developed any neuropsychiatric disorder by the end of 
follow-up (12 November 2021) were censored. Prior to analyses, we 
excluded individuals with prevalent dementia, stroke, hydrocephalus, 
intracranial tumours or incomplete sets of covariates, leaving 35,168 
participants. For each neuropsychiatric disorder, we subsequently 
excluded prevalent cases, individuals without follow-up data from the 
first imaging visit and outliers of ventricular traits exceeding 5 MAD. 
The final sample for analysis ranged from 13,089 to 15,200, and incident 
cases ranged from 15 to 225. After normalization of ventricular traits 
using the inverse normal transformation method, Cox proportional 
hazard regression models were fitted to estimate HRs and 95% CIs for 
the ventricular traits on risks of incident neuropsychiatric disorders. 
Adjusted covariates included age, age2, sex, imaging site and ICV. For 
AD and dementia, additional covariates included education and the 
number of APOE ɛ4 alleles.

To test the robustness of the primary findings, we conducted 
sensitivity analyses with the same covariates and excluded individuals 
with follow-up times shorter than three years. The mean follow-up time 
increased from 2.44 years to 4.42 years. In sensitivity analysis, the sam-
ple size ranged from 4,694 to 5,562, and the number of incident cases 
ranged from 12 to 93. For the association between the inferior lateral 
ventricular volume and AD/dementia, we performed additional analysis 
by adding the volume of the hippocampus as a covariate to investigate 
the potential confounding effect driven by the hippocampus being 
near the inferior lateral ventricles.

Post hoc analyses
As we observed significant associations between the volume of the 
inferior lateral ventricles and incident AD risk, we sought to validate this 
association in an external cohort111. A total of 1,633 ADNI subjects free of 
prevalent dementia passed the ventricular imaging quality control pro-
cedures, 343 of whom developed AD during a mean follow-up time of 
4.5 years. Cox proportional hazard regression analysis was conducted 
after adjusting age, age2, sex, education, APOE ɛ4, baseline cognitive 
diagnosis and ICV in the base model. Moreover, we reperformed Cox 
analysis after additionally adjusting for the volume of the hippocampus 
to examine whether the association was independent of the adjacent 
hippocampus. We also conducted sensitivity analyses excluding indi-
viduals with follow-up times shorter than three years. The sensitivity 
analysis included 1,035 subjects free of dementia at baseline, 258 of 
whom developed incident AD.

To investigate whether larger inferior lateral ventricular volumes 
and ADD tend to be inherited together within families, we applied 
the logistic regression model to explore the association between the 
inferior lateral ventricular volume and parental history of ADD among 
UKB participants free of prevalent dementia, stroke, hydrocephalus 
and intracranial tumours. We excluded individuals who lacked data 
regarding ADD parental history or any covariate, or whose parents died 
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before age 65, and we excluded outliers of ventricular traits exceeding 
5 MAD. A total of 30,723 individuals were included in the final analysis, 
of which 8,044 had a parental history of ADD. After normalization of 
the ventricular traits, multivariate logistic regression was performed 
with ADD parental history as the dependent variable and the volume 
of the inferior lateral ventricles as the independent variable. Adjusted 
factors included age, age2, sex, education, APOE ɛ4, imaging site and 
ICV. Parental age at death was additionally adjusted in exploratory 
analysis. The results are presented as ORs with 95% CIs.

Further post hoc analyses were conducted to identify potential 
shared biological mechanisms between the inferior lateral ventricular 
volume and AD. We searched the Agora Resources via the AD knowledge 
portal to identify genetic, genomic and literature evidence of all genes 
associated with inferior lateral ventricular volumes33. We also used the 
Human Protein Atlas to investigate the tissue and cell type specificity 
of the critical genes34.

Ethical approval
This study is based on publicly available data with different levels 
of accessibility. The study was approved by the institutional review 
boards of all participating institutions and was carried out in accord-
ance with the approved protocols. UKB was approved by the National 
Health Service National Research Ethics (ref. no. 11/NW/0382). The 
ABCD study was approved by the central Institutional Review Board 
at the University of California, San Diego. The IMAGEN study was 
approved by the institutional ethics committee of King’s College Lon-
don, University of Nottingham, Trinity College Dublin, University of 
Heidelberg, Technische Universität Dresden, Commissariat à l’Energie 
Atomique et aux Energies Alternatives and University Medical Center 
at the University of Hamburg. The HCP was reviewed and approved 
by the Institutional Ethics Committee of Washington University in  
St. Louis, Missouri.

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

Data availability
Our GWAS summary statistics for cerebral ventricles can be found at https://
doi.org/10.6084/m9.figshare.21529491. The GWAS results are also avail-
able on the FUMA website (https://fuma.ctglab.nl/browse/; ID 619–625).  
The individual-level data used in the present study were obtained from 
UKB (https://www.ukbiobank.ac.uk/), ABCD (https://abcdstudy.org/), 
IMAGEN (http://imagen-project.org/), HCP (http://www.humanconnec-
tome.org/) and ADNI (https://adni.loni.usc.edu/). The summary-level data 
for the CHARGE consortium were obtained from dbGaP (phs000930.
v9.p1). The GWAS Catalog resource can be found at https://www.ebi.ac.uk/
gwas/. The GWAS atlas can be found at https://atlas.ctglab.nl/PheWAS/. 
The DSigDB database can be found at http://dsigdb.tanlab.org/DSig-
DBv1.0/. Agora can be found at https://agora.adknowledgeportal.org/. 
The Human Protein Atlas can be found at https://www.proteinatlas.org/.

Code availability
This study used openly available software and code, specifically R 
(https://www.r-project.org/), PLINK (https://www.cog-genomics.
org/plink/), GCTA (http://cnsgenomics.com/software/gcta/), IMPUTE 
(https://mathgen.stats.ox.ac.uk/impute/impute_v2.html), Michi-
gan Imputation Server (https://imputationserver.sph.umich.edu/),  
MOSTest (https://github.com/precimed/mostest), METAL (http://csg.
sph.umich.edu/abecasis/metal/), FUMA (https://fuma.ctglab.nl/), 
MAGMA (https://ctg.cncr.nl/software/magma/, also implemented in 
FUMA), SAIGE-GENE+ (https://saigegit.github.io/SAIGE-doc/), Enrichr 
(https://maayanlab.cloud/Enrichr/) and LDSC (https://github.com/
bulik/ldsc/). Custom scripts for the analyses in this paper are available 
through GitHub (https://github.com/yjge/cerebral_ventricles).
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Extended Data Fig. 1 | Schematic diagram of the study design. First, we aim to 
elucidate the genetic basis of six ventricular phenotypes, including volumes of 
the lateral, inferior lateral, third, and fourth ventricles, as well as asymmetries 
of the lateral and inferior lateral ventricles. Second, we aim to leverage 

genetic data to estimate the value of ventricular traits in monitoring common 
neuropsychiatric disorders and promoting brain health across the lifespan. The 
brain and DNA images were produced using Servier Medical Art (http://smart.
servier.com/) licensed under CC BY 3.0.
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Extended Data Fig. 2 | Top hits in FUMA gene set enrichment analysis. Bar 
plots show the top enriched GO terms (a), pathways (b), and phenotypes in the 
GWAS Catalog (c) through the summary statistics of multivariate ventricular 
GWAS using hypergeometric tests in FUMA. The length of the bars indicates the 

-log10 P-value of the enrichment analysis. The color of bars shows the number 
of genes overlapping between cerebral ventricles and other traits. This figure 
displays raw P-values without FDR correction and full results could be found in 
Supplementary Table 17.
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Extended Data Fig. 3 | Associations between age and volumetric metrics in cohorts with different age groups. Individual-level data from ABCD, IMAGEN, HCP, and 
UKB were used to construct the density plots with no covariates included. This plot only includes data from cross-sectional genetic analyses (N = 38,441).

http://www.nature.com/nathumbehav
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Extended Data Fig. 4 | The volume of the inferior lateral ventricles is  
a consequence of prodromal AD and could predict AD risk. a-b, Bidirectional 
MR shows high genetic liability to AD is potentially causal to large inferior 
lateral ventricles, but not vice versa. The dot refers to each variant’s mean value 
of association estimate with exposure and outcome, while the cross symbol 
represents SE. The slope of the line corresponds to the total estimated causal 
effect. The number of instruments is 31 for inferior lateral ventricular volume  

(a) and 31 for AD (b), respectively. c-f, Multivariate COX analyses indicate 
the volume of the inferior lateral ventricles could predict the risk of indicant 
dementia (c-d) and AD (e-f). Analyses were performed without restriction (c 
and e, sample size = 15,198) and restricted in participants with at least three 
years of follow-up (d and f, sample size = 4,930). Compared to volumes of the 
hippocampus, the volume of the inferior lateral ventricles has even stronger 
significance and larger effect size.

http://www.nature.com/nathumbehav
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Reporting Summary
Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency 
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
Policy information about availability of computer code

Data collection No software was used to collect data.

Data analysis R version 4.0.3 were used for data cleansing and visualization. 
PLINK version 2.0 (https://www.cog-genomics.org/plink/) for genetic control and univariate GWAS; 
MOSTest on matlabR2018b(https://github.com/precimed/mostest) for multivariate GWAS; 
SAIGE-GENE+ (https://saigegit.github.io/SAIGE-doc/) for WES analysis; 
GCTA version 1.93.2 (http://cnsgenomics.com/software/gcta/) and R for heritability estimation; 
IMPUTE version 2 (https://mathgen.stats.ox.ac.uk/impute/impute_v2.html) and Michigan Imputation Server (https://
imputationserver.sph.umich.edu/) for imputation; 
FUMA version 1.5.4 (https://fuma.ctglab.nl/) for annotation of genetic locus;  
MAGMA version 1.08 (https://ctg.cncr.nl/software/magma/, also implemented in FUMA) for gene analysis; 
METAL version 2011-03-25 (http://www.sph.umich.edu/csg/abecasis/Metal/) for meta analysis of GWAS summary statistics; 
Enrichr (https://maayanlab.cloud/Enrichr/) and FUMA version 1.5.4 (https://fuma.ctglab.nl/) for gene set enrichment; 
LDSC version 1.0.1  (https://github.com/bulik/ldsc/) for genetic correlation analysis.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and 
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A description of any restrictions on data availability 
- For clinical datasets or third party data, please ensure that the statement adheres to our policy 

 

Our GWAS summary statistics for cerebral ventricles can be found at https://doi.org/10.6084/m9.figshare.21529491. GWAS results are also available on the FUMA 
website (https://fuma.ctglab.nl/browse/; ID 619–625).  The individual-level data used in the present study were obtained from UKB (https://www.ukbiobank.ac.uk/), 
ABCD (https://abcdstudy.org/), IMAGEN (http://imagen-project.org/), HCP (http://www.humanconnectome.org/), and ADNI (adni.loni.usc.edu). The summary-level 
data for the CHARGE consortium were obtained from dbGaP (phs000930.v9.p1). GWAS Catalog resource can be found in https://www.ebi.ac.uk/gwas/. GWAS atlas 
can be found in https://atlas.ctglab.nl/PheWAS/. DSigDB database can be found in http://dsigdb.tanlab.org/DSigDBv1.0/. Agora can be found in https://
agora.adknowledgeportal.org/. The Human Protein Atlas can be found in https://www.proteinatlas.org/.

Human research participants
Policy information about studies involving human research participants and Sex and Gender in Research. 

Reporting on sex and gender We took sex into considerations in our study and our findings could apply to both male and female. Sex in the UK Biobank, 
ABCD, IMAGEN, HCP, and ADNI was determined based on self-reporting data via questionnaire, and all included  participants 
gave written informed consent for sharing of individual-level data. 

Population characteristics This study included individual-level data from ABCD (age range = 9-11 years, 48% female), IMAGEN (age range = 13-20, 51% 
female), HCP (age range = 22-36, 54% female), UKB (age range = 45-82, 54% female), and summary-level data from the 
CHARGE consortium (age range = 20-98, 56% female). Baseline descriptions can be found in Supplementary Table 1. 

Recruitment The UKB enrolled the participants aged 40-69 years between 2006 and 2010 for baseline assessments in 22 centers across 
the UK. The assessment visits comprised interviews and questionnaires covering lifestyles and health conditions, physical 
measures, biological samples, imaging, and genotyping. The database is linked to national health datasets, including primary 
care, hospital inpatient, death, and cancer registration data.  The ABCD study is a new and ongoing project of very substantial 
size and scale involving 21 data acquisition sites, aming  to recruit 11,500 children and follow them for ten years with 
extensive assessments at multiple timepoints.The IMAGEN study is the multicentre genetic-neuroimaging study with 
comprehensive behavioural and neuropsychological characterization, functional and structural neuroimaging and genome-
wide association analyses of 2000 14-year-old adolescents.  In HCP study, the 1200 participants were to be recruited as 
families of twins and non-twin siblings to enable heritability and imaging genetic analyses of individual variability in brain 
connectivity.

Ethics oversight This study is based on publicly available data with different levels of accessibility. The study was approved by the Institutional 
Review Boards of all participating institutions and was carried out in accordance with the approved protocols.The UK Biobank  
was approved by the National Health Service National Research Ethics (ref: 11/NW/0382). The ABCD study was approved by 
the central Institutional Review Board (IRB) at the University of California, San Diego. The IMAGEN study was approved by the 
institutional ethics committee of King’s College London, University of Nottingham, Trinity College Dublin, University of 
Heidelberg, Technische Universität Dresden, Commissariat à l’Energie Atomique et aux Energies Alternatives, and University 
Medical Center at the University of Hamburg. The HCP was reviewed and approved by the Institutional Ethics Committee of 
Washington University in St. Louis, Missouri. 

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences Behavioural & social sciences  Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design
All studies must disclose on these points even when the disclosure is negative.

Sample size No statistical methods were used to predetermine sample sizes, and eligible participants with both genetic and imaging data were included as 
much as possible. 

Data exclusions Participants without genetic data, MRI T1 data, and covariates available were excluded. 
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Replication The CHARGE cohort has similar demographics to UKB, and its summary statistics were applied for replication analysis. Most (83%) 

independent significant variants were replicated in CHARGE after Bonferroni correction.

Randomization Age, age2, sex, intracranial volume, imaging center, and the first ten genetic principal components were adjusted in the study.

Blinding Blinding was not applicable to this study as this study is observational. 

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Clinical data

Dual use research of concern

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Magnetic resonance imaging

Experimental design

Design type Genome-wide association analysis using phenotypes derived from structural MRI

Design specifications UK Biobank designed the imaging acquisition protocals including 6 modalities, covering structual, diffusion and 
functional iamging. In the current study, T1-weighted structural image was used and the image was acquired using 
straight sagittal orientation for 5 minutes.

Behavioral performance measures No behavioral performance was assessed, only structural MRl.

Acquisition

Imaging type(s) T1-weighted structural imaging

Field strength 3T

Sequence & imaging parameters Varying (description in Supplementary Table 41)

Area of acquisition Whole brain, including cerebral ventricles

Diffusion MRI Used Not used

Preprocessing

Preprocessing software Varying (description in each dataset description) but mainly based on Freesurfer recon-all

Normalization Varying (description in each dataset description) but mainly based on Freesurfer recon-all

Normalization template Varying (description in each dataset description) but mainly based on Freesurfer recon-all

Noise and artifact removal Varying (description in each dataset description) but mainly based on Freesurfer recon-all

Volume censoring Varying (description in each dataset description) but mainly based on Freesurfer recon-all

Statistical modeling & inference

Model type and settings Linear regression under the addictive model

Effect(s) tested Associations of SNPs across the whole genome with MRI-based ventricular traits
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Specify type of analysis: Whole brain ROI-based Both

Anatomical location(s) subcortical volumetric segmentation (aseg)

Statistic type for inference
(See Eklund et al. 2016)

Region-based measures

Correction The paper includes various different analyses and the multiple testing approach for each is described explicitly in the 
methods, either Bonferroni or FDR.

Models & analysis

n/a Involved in the study
Functional and/or effective connectivity

Graph analysis

Multivariate modeling or predictive analysis
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