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a b s t r a c t 

Genome-Wide Association studies have typically been limited to univariate analysis in which a single outcome measure is tested against millions of variants. 

Recent work demonstrates that a Multivariate Omnibus Statistic Test (MOSTest) is well powered to discover genomic effects distributed across multiple pheno- 

types. Applied to cortical brain MRI morphology measures, MOSTest has resulted in a drastic improvement in power to discover loci when compared to estab- 

lished approaches (min-P). One question that arises is how well these discovered loci replicate in independent data. Here we perform 10 times cross validation 

within 34,973 individuals from UK Biobank for imaging measures of cortical area, thickness and sulcal depth ( > 1,000 dimensionality for each). By deploying a 

replication method that aggregates discovered effects distributed across multiple phenotypes, termed PolyVertex Score (MOSTest-PVS), we demonstrate a higher 

replication yield and comparable replication rate of discovered loci for MOSTest (# replicated loci: 242–496, replication rate: 96–97%) in independent data 

when compared with the established min-P approach (# replicated loci: 26–55, replication rate: 91–93%). An out-of-sample replication of discovered loci was 

conducted with a sample of 4,069 individuals from the Adolescent Brain Cognitive Development® (ABCD) study, who are on average 50 years younger than 

UK Biobank individuals. We observe a higher replication yield and comparable replication rate of MOSTest-PVS compared to min-P. This finding underscores 

the importance of using well-powered multivariate techniques for both discovery and replication of high dimensional phenotypes in Genome-Wide Association 

studies. 
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. Introduction 

Performing Genome Wide Association Studies (GWAS) on high

imensional phenotypes using methods that fail to model pleiotropic ef-

ects distributed across phenotypes can result in low power to detect as-

ociations. Vertex-wise measures of cortical morphology (area, thickness

nd sulcal depth) represent high dimensional phenotypes ( > 1000 di-

ensions) and, from twin studies, are known to have high heritabilities

f up to 90% and 50% for total and regional area respectively, and 80%

nd 60% for mean and regional thickness respectively ( Panizzon et al.,

009 ; Eyler et al., 2012 ). Our group has previously developed a novel

ultivariate Omnibus Test (MOSTest) ( van der Meer et al., 2020 ;
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an der Meer et al., 2021 ; Shadrin et al., 2021 ), which aggregates the

ffect of a genomic variant across the cortex. This method significantly

oosts discovery of genetic loci linked to cortical morphology, with

n up to 10x increase in number of loci discovered – when compared

o an established approach (min-P) deployed for the same phenotypes

 Shadrin et al., 2021 ). Additionally, discovered loci show strong enrich-

ent with pathways involved in neurogenesis and cell differentiation.

he major statistical boost in power of MOSTest over established tech-

iques, like min-P, is its ability to aggregate pleiotropic effects across

he dimensionality of phenotypes into a single statistical test – whilst

ppropriately correcting for genome-wide multiple comparisons. Given

uch a dramatic increase in discovery of genomic loci, it is of interest
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Fig. 1. Schematic of replication process for a single SNP. Vari- 

ant rs8025239 is discovered in training fold and has mass 

univariate map of association statistics with cortical area. 

Min-P replication (indicated by orange box and arrow) takes 

most significant vertex and associates that vertex with variant 

rs8025239 in test data. MOSTest-PVS replication (indicated 

by blue box and arrow) computes a PolyVertex Score (PVS) in 

test data which aggregates all effects across the cortex by tak- 

ing a weighted sum (using association statistics from training 

set) across all vertices – the PVS is then correlated with the 

variant rs8025239. This process is repeated for all discovered 

variants in training set with a separate PVS being generated 

for each MOSTest discovery. Replication of a variant is de- 

fined as p < 0.05 in one tailed t -test. 
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o understand how well these discoveries replicate in independent

ata. 

Here we perform 10-times cross validation with simulated and real

rain imaging data taken from the UK Biobank, and randomly split the

ample into ⅔ training and ⅓ replication splits. For the training sam-

les we perform discovery of vertex-wise measures of area, thickness

nd sulcal depth as in ( van der Meer et al., 2021 ). Having discovered

enomic loci in training folds, we perform replication of these loci in the

est sets. To perform replication for each SNP we calculate a PolyVertex

core (PVS) (similar to ( Zhao et al., 2019 , 2021 )) from imaging data

n the test set for each MOSTest discovered locus. This PVS aggregates

he distributed effects across the cortex by taking a weighted sum across

ll vertices using mass univariate z statistics as weights from the train-

ng set. This approach is similar to the widely used method of Polygenic

isk Scores (PRS) in genetics ( Lewis and Vassos, 2020 ), where instead of

redicting a phenotype we are predicting a single genomic variant and

nstead of using distributed effects across the genome as predictors we

se the distributed effects across the cortex, estimated in the training set.

or each discovered loci in the training set we generate a PVS for each

ndividual, which represents a continuous prediction of the genotype in

he test set. We then correlate each PVS with its corresponding mea-

ured genomic variant in the test set to test how well these discovered

oci replicate (one tailed t-test, p < 0.05). We test this MOSTest discov-

ry and PVS replication (termed MOSTest-PVS), against an established

WAS approach (min-P) ( Grasby, 2020 ). Fig. 1 displays a schematic

f how replication of how min-P and MOSTest-PVS differs for a single

iscovered variant. Firstly, we perform this process on simulated data

nder a range of different genetic architectures to demonstrate higher

ower to detect and replicate associations for MOSTest-PVS vs min-P

hile appropriately controlling type-I errors. Next, repeating this for

eal imaging data from the UK Biobank, we confirm a higher replica-

ion yield and comparable replication rate MOSTest-PVS versus min-P.

inally, we test the generalization of loci discovered in UK Biobank to

 developmental cohort of 9–10 year old children from the Adolescent

rain Cognitive Development® (ABCD; https://abcdstudy.org ) Study,

here we see a higher yield of replicated loci for MOSTest-PVS versus

in-P. 
t

2 
. Results 

.1. Simulations 

Across a range of simulated conditions MOSTest-PVS exhibited

reater power than min-P to discover and replicate causal variants – see

ig. 2 . At low polygenic ( 𝑛𝑐= 10) phenotypes the two methods showed

omparable power. Both min-P and MOSTest-PVS demonstrated a well-

ontrolled type 1 error rate, with MOSTest-PVS having zero and min-P

aving one false positive replication across all simulations and folds. For

in-P across 12 sets of simulated phenotypes, 10 folds and 7.2 million

ariants this single false positive represents an error rate of less than

0 − 8 . This low type 1 error rate for both methods is likely due to the

tringent criteria required for variants to be both discovered ( p < 10 − 8 )

n training and replicated (0.05) on test data. 

.2. Real data – cross validation 

Across training folds, the UK Biobank sample, we confirm that

OSTest confers up to a 10-fold increase in discovered loci over min-P

see solid bars Fig. 3 . When replication of loci is defined at the nom-

nal level ( p < 0.05, see methods) we see a higher number of replicated

oci for MOSTest-PVS (area: 292, thickness: 242, sulcal depth: 496) vs

in-P (area: 34, thickness:26, sulcal depth: 55), as well as compara-

le replication rate for MOSTest-PVS (area:96%, thickness: 97%, sulcal

epth: 96%) vs min-P (area:91%, thickness: 93%, sulcal depth: 92%)

see hatched bars Fig. 3 . Averaged across cross-validation folds, we

ound that the lead SNP of the top locus accounted for more variance in

he replication set with MOSTest-PVS ( 𝑅 

2 (95%CI) = area:0.029 (0.024–

.034), thickness: 0.058 (0.040–0.076), sulcal depth: 0.043 (0.037–

.049)) compared to min-P ( 𝑅 

2 (95%CI) = area: 0.0092 (0.0062–0.012),

hickness: 0.012 (0.010–0.14), sulcal depth: 0.014 (0.0095–0.019)). If

eplication is defined more conservatively with significance corrected

or the number of discovered loci ( p < 0.05/# of discovered loci), we

gain find that MOSTest-PVS confers a comparable replication rate

area: 71%, thickness: 77%, sulcal depth: 70%) to min-P (area: 66%,

hickness: 77%, sulcal depth: 67%). 

https://abcdstudy.org


R.J. Loughnan, A.A. Shadrin, O. Frei et al. NeuroImage 263 (2022) 119632 

Fig. 2. Power to detect and replicate causal associations from simulated high dimensional phenotypes ( T = 1175) for min-P and MOSTest-PVS under different genetic 

architectures. Error bars represent standard deviations across cross-validation folds. 

Fig. 3. Cross-validation discovery and replication yield within 10-times cross validation within UK Biobank for cortical morphometry measures. Solid bars represent 

the number of genome wide significant loci associated with each measure. Hashed bars represent the number of loci that replicate in test folds at a nominal significance 

level ( p < 0.05). Error bars are standard deviations across 10 cross-validation repetitions. Numbers in parentheses represent replication rate (# of discovered loci / # 

replicated loci) for each method-phenotype pair. 
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Fig. 4. Replication yield within the ABCD dataset across 10 training folds of UK 

Biobank for cortical morphometry measures. Bars represent the number of loci 

that replicate in ABCD at a nominal significance level ( p < 0.05). Error bars are 

standard deviations across 10 training sets of UK Biobank. Numbers in parenthe- 

ses represent replication rate (# of discovered loci / # replicated loci). ABCD: 

Adolescent Brain Cognitive Development Study. 
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Next, we tested the generalization performance of loci discovered

n each training fold of UK Biobank to a developmental cohort of

dolescents from the Adolescent Brain Cognitive Development study.

ere we once again see a higher absolute number of replicated loci

nominal p < 0.05 level), as well as a comparable replication rate for

OSTest-PVS (area: 72%, thickness: 70%, sulcal depth: 73%) to min-

 (area: 60%, thickness: 63%, sulcal depth: 72%) - see Fig. 4 . Again, the

ariance explained by the lead SNP of the top locus (averaged across

ross-validation folds) accounted for more variance for MOSTest-PVS

 𝑅 

2 = area: 0.019 (0.016–0.022), thickness: 0.042 (0.025–0.059), sulcal

epth: 0.033 (0.030–0.036)) than for min-P ( 𝑅 

2 = area: 0.0083 (0.0073–

.0093), thickness: 0.0066 (0.0046–0.0086), sulcal depth: 0.013 (NA-

A 

∗ )). ∗ Confidence interval was not estimable due to zero variance

cross folds. 

.3. Real data - full sample training and testing 

Finally, we performed MOSTest discovery on the full UK Biobank

ample and validated these in the ABCD sample by i) MOSTest Re-

iscovery (performing MOSTest discovery again in ABCD) and ii)

OSTest-PVS Replication (PolyVertex Score replication as presented in

ross-validation results above). For this analysis in the full UK Biobank

ample we discovered 543 loci for area, 569 loci for thickness and

84 loci for sulcal depth. We found in ABCD, MOSTest-PVS replica-

ion yielded a larger number of replicated loci across measures (area:

21, thickness: 298 and sulcal depth: 492) than MOSTest Re-discovery

area: 144, thickness: 137 and sulcal depth: 243). Supplementary ta-

les present the results of this analysis for all discovered loci. For area

nd sulcal depth we found rs59203590 displayed maximum discovery

both: 𝑃 𝑈𝐾𝐵, 𝑀𝑂𝑆𝑇𝑒𝑠𝑡 < 10 −300 ) and PVS replication (area: 𝑃 𝐴𝐵𝐶𝐷, 𝑃𝑉 𝑆 =
 . 42 × 10 −13 , sulcal depth: 𝑃 𝐴𝐵𝐶𝐷, 𝑃𝑉 𝑆 = 6 . 19 × 10 −22 ). For cortical thick-

ess the lead variant was rs8032326 ( 𝑃 𝑈𝐾𝐵, 𝑀𝑂𝑆𝑇𝑒𝑠𝑡 < 10 −300 and

 𝐴𝐵𝐶𝐷, 𝑃𝑉 𝑆 = 1 . 27 × 10 −19 ). Both rs59203590 and rs8032326 are on

hromosome 15, proximal and in large linkage disequilibrium with

ach other and as well as with rs1080066 (rs59203590: 𝑟 2 = 0.18 and

s8032326: 𝑟 2 = 0.31) – a variant previously reported to be strongly

inked to cortical morphology ( van der Meer et al., 2020 ; Grasby, 2020 ).

dditionally, we find rs13107325, a variant in SLC39A8 which codes

or ZIP8, a transmembrane protein responsible for influx of zinc,

agnesium, iron, and cadmium ( Wang et al., 2011 ). This variant

hich has previously been shown to display strong diverse associa-
4 
ions across cortical morphology, BMI, alcohol consumption and choles-

erol ( Elliott et al., 2018 ; Richardson et al., 2020 ; Pulit et al., 2019 ;

hou et al., 2020 ), was associated with cortical thickness in UK Biobank

 𝑃 𝑈𝐾𝐵, 𝑀𝑂𝑆𝑇𝑒𝑠𝑡 = 1 . 45 × 10 −155 ) and replicated in ABCD ( 𝑃 𝐴𝐵𝐶𝐷, 𝑃𝑉 𝑆 =
 . 51 × 10 −6 ) . Interestingly, this variant did not display an association

ith cortical area in ABCD using PVS replication ( 𝑃 𝐴𝐵𝐶𝐷, 𝑃𝑉 𝑆 = 0 . 76) ,
ut did across all discovery and validation folds of UK Biobank (median

cross folds: 𝑃 𝑈𝐾𝐵, 𝑀𝑂𝑆𝑇𝑒𝑠𝑡 = 1 . 07 × 10 −17 , 𝑃 𝑈𝐾𝐵, 𝑃𝑉 𝑆 = 4 . 61 × 10 −9 ) –
ossibly indicating an age dependent effect of this SNP on cortical area.

. Discussion 

In simulations we demonstrated the increased power of MOSTest vs

in-P to replicate through the deployment of a PVS method, whilst

xhibiting appropriate control of type-I errors. On real imaging data

rom UK Biobank we show a higher replication yield and comparable

eplication rate of MOSTest-PVS compared to a conventional min-P ap-

roach. The comparable replication rate for MOSTest-PVS loci (96–97%

s 91–93% for min-P) indicates that the difference in absolute number

f replicated loci for MOSTest-PVS vs min-P is not merely a result of

OSTest discovering a higher number of loci. Furthermore, we still see

 comparable replication rate when we penalize the replication signifi-

ance threshold by the number of loci discovered by each method (i.e.

 < 0.05/ # of discovered loci). This underscores the distributed effects

f the genome across the cortex, which multivariate methods are better

owered to capture and in turn, will display stronger generalization to

ndependent data. Of note although other methods exist for perform-

ng GWAS discovery across multiple phenotypes ( Galesloot et al., 2014 ;

hang et al., 2014 ), we found none of these were able to feasibly run

n the large dimensionality of phenotypes in this analysis – see supple-

entary note. 

Additionally, we have shown that genetic-cortical morphology as-

ociations learned within an adult population (mean age 64 years) of

ndividuals from the UK generalize out of sample to adolescents aged

–10 years old in the United States of America taken from the ABCD

tudy. There are marked differences between the training sample of UK

iobank and validation sample of ABCD including: large age differences,

ifferent scanners used, imaging protocols and the number of individ-

als in validation sets. In spite of these differences we observe a high

eplication rate in ABCD of discoveries found within UK Biobank via

OSTest-PVS. We see higher replication for cortical area and sulcal

epth in ABCD than for cortical thickness. Cortical thickness changes

ore dynamically over the lifespan ( Walhovd et al., 2017 ), therefore,

iven the large age disparity between the two samples, perhaps it is not

 surprise to see that cortical thickness is the measure that exhibits the

argest reduction in replication rates in ABCD when compared across

ross-validation folds of UK Biobank for MOSTest-PVS (70% vs 97%).

e may expect that the replication rate of discovered cortical thickness

oci to increase as the children develop, a hypothesis that can be tested

s more longitudinal ABCD data is collected. Despite differences across

hese datasets we observe greater replication of UK Biobank discovered

oci in ABCD when taking into account the multivariate nature of asso-

iations across the cortex (i.e. MOSTest and PVS). 

Furthermore, we demonstrated that lead MOSTest discoveries ex-

lained a notable amount of variance out of sample, by GWAS stan-

ards: 3–6% in UK Biobank and 2–4% in ABCD. Methods, such as

OSTest and PVS, that result in high replication yield and out of sample

ariance explained may support precision medicine efforts ( Denny and

ollins, 2021 ). In particular if these methods are deployed on disor-

ers of the brain they may provide complimentary predictive power to

ell established models such as Polygenic Risk Scores. Here we have

hown the utility of PVS in quantifying the association between corti-

al morphology and genotype, however this method has been used for

uantifying brain-behavior relationships ( Zhao et al., 2021 ) and could

e extended to clinical neuroimaging problems unrelated to genetics e.g.

redicting language recovery from MRI scans following stroke. 
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The training data used here to detect loci and train PVS projections

eights were taken from individuals of European ancestry from the UK

iobank. We may expect that the genetic architecture of cortical mor-

hology to differ between ancestry groups ( Fan et al., 2015 ). Addition-

lly, although our simulations were built using a variety of genetic ar-

hitectures they were not sparse across dimensions of generated pheno-

ypes –we may expect min-P and MOSTest-PVS performance to be more

omparable for sparse signals. We also acknowledge that our use of PVS

o predict genotypes out of sample is just one possible projection weight-

ng scheme, which may not provide optimal out of sample prediction.

ere we have demonstrated the high generalization performance of cor-

ical morphology discoveries using MOSTest-PVS to independent data.

his was shown both within study (UK Biobank) and across studies (UK

iobank to ABCD) despite substantial age differences of participants.

his work underscores the importance of deploying well powered mul-

ivariate methods when performing GWAS on high dimensional pheno-

ypes, both for discovery and replication. 

. Methods 

The UK Biobank sample used and methods described for min-P and

OSTest discovery overlap with previous work ( van der Meer et al.,

021 ; Shadrin et al., 2021 ). 

.1. UK biobank sample 

Genotypes, MRI scans, demographic and clinical data were obtained

rom the UK Biobank under accession number 27,412, excluding par-

icipants who withdrew their consent. For this study we selected white

ritish individuals (derived from both self-declared ethnicity and prin-

ipal component analysis) who were unrelated (no relation greater

han 3rd degree relatives using PLINK ( Chang et al., 2015 ) –king-cutoff

.0625) and who had undergone the neuroimaging protocol. This was

one to obtain a homogenous group of unrelated individuals of a sin-

le ancestry as is considered best practice to control for confounds in

enetic analyses ( Marees et al., 2018 ). The resulting sample contained

4,973 individuals with a mean age of 64.4 years (standard deviation

.5 years), 18,031 female. T 1 -weighted MRI scans were collected from

hree scanning sites throughout the United Kingdom, all on identically

onfigured Siemens Skyra 3T scanners, with 32-channel receive head

oils. We used UK Biobank v3 imputed genotype data ( Bycroft et al.,

018 ). 

.2. Adolescent brain cognitive development® (ABCD) sample 

The ABCD study is a longitudinal study across 21 data acquisition

ite following 11,878 children starting at 9 and 10 years old. This

aper analyzed the full baseline sample from data release 3.0 (NDA

OI:10.151.54/1,519,007). The ABCD study used school-based recruit-

ent strategies to create a population-based, demographically diverse

ample with heterogeneous ancestry. T 1 -weighted MRI scans were col-

ected using Siemens Prisma, GE 750 and Phillips 3T scanners. Scanning

rotocols were harmonized across 21 acquisition sites. Genetic ancestry

actors were estimated using fastStructure ( Raj et al., 2014 ) with four

ncestry groups. Genotype data was imputed at the Michigan Imputa-

ion Server ( Das et al., 2016 ), using the HRC reference panel as described

n ( Loughnan et al., 2021 ; Loughnan et al., 2022 ). We selected individ-

als who had passed neuroimaging and genetic quality control checks.

dditionally, we restricted to individuals who were unrelated (no rela-

ion greater than 3rd degree relatives) and of European ancestry ( > 90%

stimated European from fastStructure) as training and testing in the

ame ancestry groups is considered best practice for genetic analyses

 Duncan et al., 2019 ). This resulted in 4,069 individuals with a mean

ge of 9.9 years (standard deviation 0.62 years), 1889 female. 
5 
.3. Data processing 

T1-weighted structural MRI scans were processed with the

reeSurfer v5.3 standard “recon-all ” processing pipeline ( Dale et al.,

004 ) to generate 1284 non-smoothed vertex-wise measures (ico3

ownsampling with the medial wall removed) summarizing cortical sur-

ace area, thickness and sulcal depth. Vertices with no variation across

ubjects were removed. All measures were pre-residualized for age, sex,

canner site, Euler number and the first ten genetic principal compo-

ents. In contrast to other MOSTest work ( van der Meer et al., 2020 ;

hadrin et al., 2021 ) we did not pre-residualize for global measures spe-

ific to each set of variables (total cortical surface area or mean cortical

hickness) as there is no clear analogous global measure for sulcal depth.

ubsequently, a rank-based inverse normal transformation was applied

o the residualized measures. For genomic data we carried out stan-

ard quality-checks as described previously ( van der Meer et al., 2020 ),

etting a minor allele frequency threshold of 0.5% and finding the in-

ersecting variants between UK Biobank and ABCD, leaving 8230,886

ariants. Variants were tested for association with cortical surface area,

ortical thickness and sulcal depth at each vertex using the standard uni-

ariate GWAS procedure. Resulting univariate p-values and effect sizes

ere further combined in the MOSTest and min-P analyses to identify

rea, thickness and sulcal depth associated loci. 

.4. Cross validation 

We performed 10 times cross validation within UK Biobank with ran-

om ⅔ training and ⅓ testing splits. Validation in ABCD was performed

cross each of these ⅔ UKB Training samples. 

.5. Simulations 

Within the UK Biobank sample we generated simulated phenotypes

hich exhibited effects distributed across a large number of phenotypes

ollowing a similar process to previously published work ( van der Meer

t al., 2020 ). For this we included the full sample of N = 34,973 indi-

iduals, across M = 8230,886 variants. Using an additive genetic model,

e drew genetic effects 𝜷 from a gaussian distribution, and then calcu-

ated quantitative phenotypes y i of the i th sample as 𝑦 𝑖 = 

∑𝑀 

𝑗=1 𝑥 𝑖𝑗 𝛽𝑗 + 𝜀 𝑖 ,

here X = (x ij ) is an N by M genotype matrix, containing the num-

er of reference alleles for the i th sample and j th variant . 𝛽 j is the

ausal effect size, and 𝜀 is a normally distributed residual that yields

 pre-defined level of heritability, ℎ 2 = 𝑉 𝑎𝑟 ( 𝑿 𝛽)∕ 𝑉 𝑎𝑟 ( 𝑦 ) , for our simu-

ations ℎ 2 = 0.004, 0.04 or a 50%/50% mixture of variants with ℎ 2 =
.004/0.04. To simulate a realistic multivariate scenario of genetically

nd phenotypically correlated phenotypes observed for cortical mor-

hology, we introduced a covariance structure in both 𝜷 and 𝜀 across a

otal of T = 1175 phenotypes set to the correlation structure across ver-

ex wise measures of sulcal depth in UK Biobank. Each set of T = 1175

imulated phenotypes had a pre-defined number of causal variants, nc,

here nc = 10, 100, 10,000 and 100,000. These causal variants were

estricted to 102,484 markers of chromosome 21 to facilitate the cal-

ulation of type-I error rate, as null markers (i.e. those not on chro-

osome 21) would not be in LD (linkage disequilibrium) with causal

arkers. Type-I errors were calculated as the number of null variants

iscovered (genome-wide significance level p < 5 × 10 − 8 ) and replicated

 p < 0.05) across training and testing folds, by min-P and MOSTest-PVS

ethods respectively – described below (without pruning described in

Locus Definition ” section). Replication power was analogously calcu-

ated as the proportion of causal variants discovered and replicated by

ach method across training and testing folds. In total we generated

2 sets of simulated phenotypes (each of dimensionality T = 1175)

nder different genetic architectures at 3 ℎ 2 values and 4 nc values.

ssuming the same distribution of genetic effects across other chro-

osomes the simulated phenotype of nc = 100 and ℎ 2 = 0.004, repre-

ents a realistic magnitude of the genetic effects, with genome-wide
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2 = 28.3% exhibiting the empirical phenotype correlation structure of

ulcal depth. These simulated phenotypes were then each discovered

nd replicated using min-P and MOSTest-PVS for each of the 10 train-

ng and testing folds. Code for generating these simulations can be found

t: https://github.com/precimed/mostest/tree/master/simu . 

.6. Full sample training and testing 

To quantify full replicability of MOSTest discoveries in UK Biobank

o ABCD, we additionally performed MOSTest discovery in the full

K Biobank (34,973 individuals). We then evaluated the replication

f these discoveries in the ABCD dataset (4,069 individuals) using a)

OSTest re-discovery and b) MOSTest-PVS replication. Here “MOSTest

e-discovery ” refers to performing MOSTest discovery separately in

BCD to see which hits replicate and “MOSTest-PVS ” refers to using

he vertex weights learned from the full UK Biobank dataset to gener-

te PolyVertex Scores in ABCD to test replication of discoveries – as

escribed below. MOSTest discoveries were using genome-wide signifi-

ance p < 5 × 10 − 8 (with locus definition as described below) and repli-

ated hits were defined with a threshold of p < 0.05. 

.7. MOSTest discovery 

Consider M variants and P (pre-residualized) phenotypes. Let z j,k be

 z-score from the univariate association test between j th variant and

 th (residualized) phenotype, and z j be the vector of z-scores of the j th

ariant across phenotypes. Let 𝒀 be a matrix of (pre-residualized) phe-

otypes with N (individuals) rows and P (phenotypes) columns, and 𝑹

e its correlation matrix. 𝑹 can be decomposed using singular valued

ecomposition as 𝑹 = 𝑼 𝑺 𝑼 

𝑇 ( U – unitary matrix, S – diagonal matrix

ith singular values on its diagonal). Consider the regularized version

f the correlation matrix 𝑹 𝐫 = 𝑼 𝑺 𝒓 𝑼 

𝑇 , where 𝑺 𝒓 is obtained from 𝑺 by

eeping 𝑟 largest singular values and replacing the remaining with 𝑟 𝑡ℎ 

argest. The MOSTest statistics for j th variant (scalar) is then estimated

s χ𝑗 = 𝒛 𝑗 𝑹 

−1 
𝒓 
𝒛 𝑇 
𝑗 

, where regularization parameter is selected separately

or cortical area, thickness and sulcal depth to maximize the yield of

enome-wide significant loci. As established in previous work ( van der

eer et al., 2020 , 2021 ; Shadrin et al., 2021 ) the largest yield for corti-

al surface area is obtained with 𝑟 = 10; the optimal choice for cortical

hickness and sulcal depth was 𝑟 = 20. For simulations we set 𝑟 = 20

s simulated phenotypes were based on correlation structure of sulcal

epth. As performed in previous MOSTest work ( van der Meer et al.,

021 ; Shadrin et al., 2021 ) the distribution of the test statistics under

ull ( 𝐶𝐷𝐹 most 
null ) is approximated from the observed distribution of the

est statistics with permuted genotypes, using the empirical distribu-

ion in the 99.99 percentile and Gamma distribution in the upper tail,

here shape and scale parameters of Gamma distribution are fit to the

bserved data. The p-value of the MOSTest test statistic for the j th vari-

nt is then obtained as 𝑝 𝑚𝑜𝑠𝑡 = 𝐶𝐷𝐹 most 
null ( χ𝑗 ) . To clarify our notation, the

amma( a , b ) distribution is parametrized by shape ( a ) and scale ( b ), so

hat 𝑝 𝑔𝑎𝑚𝑚𝑎 ( 𝑥 |𝑎, 𝑏 ) = 

1 
𝑏 𝑎 Γ( 𝑎 ) 𝑥 

𝑎 −1 𝑒 − 𝑥 ∕ 𝑏 , where Γ(·) is the gamma function

 Evans et al., 1993 ). 

.8. min-P discovery 

Similar to the MOSTest analysis, consider M variants P and pre-

esidualized phenotypes. Let 𝑧 𝑖,𝑗 be a z-score from the univariate associ-

tion test between j th variant and k th (residualized) phenotype and 𝒛 𝑗 
e the vector of z-scores of the j th variant across phenotypes. The min-P

tatistics for the j th variant is then estimated as 𝑣 𝑗 = 2Φ( − max 
𝑘 =1 ...𝑃 

( |𝑧 𝑗,𝑘 |) ) ,
here Φ is a cumulative distribution function of the standard nor-

al distribution. The distribution of the min-P test statistics under null

 𝐶𝐷𝐹 minP 
null ) is approximated from the observed distribution of the test

tatistics with permuted genotypes, using the empirical distribution in

he 99.99th percentile and Beta distribution in the upper tail, where
6 
hape parameters of Beta distribution ( α and β) are fit to the observed

ata ( Evans et al., 1993 ). The p-value of the min-P test statistic for the

 th variant is then obtained as 𝑝 𝑚𝑖𝑛𝑃 = 𝐶𝐷 𝐹 𝑚𝑖𝑛𝑃 
𝑛𝑢𝑙 𝑙 

( 𝑣 𝑗 ) . 

.9. Comparison with other multivariate GWAS methods 

Although other methods exist for performing multivariate GWAS

 Galesloot et al., 2014 ; Zhang et al., 2014 ), we found these would not

easibly run on the high dimensional data in this analysis – see supple-

entary note for details. 

.10. Locus definition 

Independent significant SNPs and genomic loci were identified in

ccordance with the PGC locus definition, as also used in FUMA

NP2GENE ( Watanabe et al., 2017 ). First, we select a subset of SNPs

hat pass genome-wide significance threshold 5 × 10 − 8 , and use PLINK

 Chang et al., 2015 ) to perform a clumping procedure at LD r2 = 0.6, to

dentify the list of independent significant SNPs. Second, we clump the

ist of independent significant SNPs at LD r2 = 0.1 threshold to identify

ead SNPs. Third, we query the reference panel for all candidate SNPs

n LD r2 of 0.1 or higher with any lead SNPs. Further, for each lead

NP, it’s corresponding genomic loci is defined as a contiguous region of

he lead SNPs’ chromosome, containing all candidate SNPs in r2 = 0.1 or

igher LD with the lead SNP. Finally, adjacent genomic loci are merged

f they are separated by less than 250 KB. Allele LD correlations are

omputed from EUR population of the 1000 genomes Phase 3 data. Ob-

ained clumps of variants were considered as independent genome-wide

ignificant genetic loci. This process was only performed for min-P and

OSTest discovery of loci for real data, and not on simulated data. 

.11. Replication of discovered variants 

A schematic displaying the difference between min-P and MOSTest-

VS replication is displayed in Fig. 1 . For genome-wide significant loci

efined in the training folds, we performed replication in test folds of

K Biobank, as well as the whole sample of ABCD. Let 𝑿 

𝒕 𝒆 𝒔 𝒕 represent

he genotype matrix of individuals in the test set of N individuals and M

ariants and 𝒀 𝒕 𝒆 𝒔 𝒕 represent the phenotype matrix of N individuals and

 (pre-residualized) phenotypes. Replication was performed in one of

wo ways, depending on whether the genetic variant was discovered us-

ng min-P or MOSTest. Firstly, for a min-P discovery, implicated by the

ssociation statistic 𝑧 𝑗,𝑘 , the j th variant, 𝒙 𝑡𝑒𝑠𝑡 
𝑗 

, is associated with the k th

residualized) phenotype 𝒚 𝑡𝑒𝑠𝑡 
𝑘 

, in the test set. Secondly, for MOSTest-PVS

alidation the j th discovered loci corresponds to a vector of mass uni-

ariate association statistics across all vertices 𝒛 𝒋 - these are used to gen-

rate projection weights to create a PolyVertex Score (PVS) ( Zhao et al.,

021 ), 𝒙 𝑡𝑒𝑠𝑡 
𝑃𝑉 𝑆,𝑗 . 

This approach largely mirrors the use of polygenic scores

sed in genetics, where here we are aggregating effects of vertices across

he cortex. For polygenic scores, it is well known that the correlation

tructure (i.e. linkage disequilibrium) across the genome can result in

uboptimal out of sample performance. This has motivated techniques

ike LD-Pred ( Vilhjálmsson et al., 2015 ) and PRSice ( Choi et al., 2020 ) to

rst account for this genomic correlation before generating scores. Simi-

arly, we decorrelate the association statistics, 𝒛 𝑗 , as 𝒘 𝑗 = 𝐑̃ 𝑟 𝐳 𝑗 using the

egularized correlation matrix 𝐑̃ 𝑟 that was learned in the training fold.

e then generate the polyvertex score for the j th genomic variant as the

ot product of 𝒘 𝑗 with the (pre-residualized) phenotype matrix, 𝒀 𝑡𝑒𝑠𝑡 ,

n the test set: 𝒙̂ 𝑡𝑒𝑠𝑡 
𝑃𝑉 𝑆,𝑗 

= 𝒘 𝑗 𝒀 
𝑡𝑒𝑠𝑡 . This PVS, 𝒙̂ 𝑡𝑒𝑠𝑡 

𝑃𝑉 𝑆,𝑗 
, was then associated

ith its corresponding genetic variant, 𝑥 𝑗 , in the test set. 

As the phenotype matrix, 𝒀 𝑡𝑒𝑠𝑡 , was pre-residualized for covariates

efore taking the most significant vertex (min-P) or computing the PVS

MOSTest-PVS) we did not need to further control for covariates. For

oth min-P and MOSTest-PVS validation, we calculated one-tailed p val-

es from computed replication t statistics as we assume the effect to be

https://github.com/precimed/mostest/tree/master/simu
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n the same direction for training folds and test sets. To define repli-

ated loci we use a nominal p value threshold of 0.05 for associations.

ue to the higher number of discovered loci for MOSTest vs min-P, we

dditionally report the number of loci validated at a Bonferroni cor-

ected threshold, where this number of independent tests is taken to be

he number of discovered loci in the training set. This corrected thresh-

ld penalizes MOSTest-PVS to a greater extent than min-P for discover-

ng a larger number of loci. We calculate the variance explained by the

ingle lead j th variant in the replication sample from t statistics of 𝑥 𝑗 

nd degrees of freedom ( df ) as: 𝑅 

2 = 

𝑡 2 

( 𝑡 2 + 𝑑𝑓 ) . We report the mean of

 

2 across cross validation folds, as well as an estimate of its 95% confi-

ence interval as 1.96 x σ, where σ is the standard deviation of 𝑅 

2 across

ross validation folds. Code for discovery and replication is available at

 https://github.com/robloughnan/MOSTest _ generalization ). 
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