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Previous genome-wide association studies (GWASs) of stroke — the second leading
cause of death worldwide — were conducted predominantly in populations of
European ancestry'?. Here, in cross-ancestry GWAS meta-analyses of 110,182 patients
who have had a stroke (five ancestries, 33% non-European) and 1,503,898 control
individuals, we identify association signals for stroke and its subtypes at 89 (61 new)
independentloci: 60 in primary inverse-variance-weighted analyses and 29 in
secondary meta-regression and multitrait analyses. On the basis of internal
cross-ancestry validation and an independent follow-up in 89,084 additional cases

of stroke (30% non-European) and 1,013,843 control individuals, 87% of the primary
stroke risk loci and 60% of the secondary stroke risk loci were replicated (P < 0.05).
Effect sizes were highly correlated across ancestries. Cross-ancestry fine-mapping, in
silico mutagenesis analysis®, and transcriptome-wide and proteome-wide association
analyses revealed putative causal genes (such as SH3PXD2A and FURIN) and variants
(such as at GRKS and NOS3). Using a three-pronged approach®*, we provide genetic
evidence for putative drug effects, highlighting F11, KLKB1, PROC, GP1BA, LAMC2 and
VCAML1 as possible targets, with drugs already under investigation for stroke for F11
and PROC. A polygenic score integrating cross-ancestry and ancestry-specific stroke

GWASs with vascular-risk factor GWASs (integrative polygenic scores) strongly
predicted ischaemic stroke in populations of European, East Asian and African
ancestry’. Stroke genetic risk scores were predictive of ischaemic stroke independent
of clinical risk factorsin 52,600 clinical-trial participants with cardiometabolic
disease. Our results provide insights to inform biology, reveal potential drug targets
and derive genetic risk prediction tools across ancestries.

Strokeis the second leading cause of death worldwide, responsible for
approximately 12% of total deaths, withanincreasing burden particu-
larly inlow-income countries ®. Characterized by a neurological deficit
of suddenonset, stroke is predominantly caused by cerebral ischaemia
(of whichthe main aetiological subtypes arelarge-artery atherosclerotic
stroke (LAS), cardioembolic stroke (CES), and small-vessel stroke (SVS))
and, less often, by intracerebral haemorrhage (ICH). The frequency
of stroke subtypes differs between ancestry groups as exemplified by
a higher prevalence of SVS and ICH in Asian and African populations
compared with European populations. Most genetic loci associated
with stroke have beenidentified in populations of European ancestry.
The largest published GWAS meta-analysis to date (67,162 cases and
454,450 control individuals, MEGASTROKE) reported 32 stroke risk
loci'. To identify new genetic associations and provide insights into
stroke pathogenesis and putative drug targets, we first performed
a cross-ancestry GWAS of 1,614,080 participants, including 110,182
patients who had a stroke, and followed up genome-wide significant
signalsinanindependent dataset of 89,084 patients who had a stroke
and 1,013,843 controlindividuals. We then characterized the identified
strokerisk loci by leveraging expression and protein quantitative trait
loci, cross-ancestry fine-mapping and shared genetic variation with
othertraits. Finally, we used aseries of approaches for genomics-driven
drugdiscovery for stroke prevention and treatment, and examined the

prediction of stroke with polygenic scores (PGSs) across ancestries in
the setting of both population-based studies and clinical trials.

Geneticdiscovery from GWASs

We performed afixed-effect inverse-variance weighted (IVW) GWAS
meta-analysis on 29 population-based cohorts or biobanks with inci-
dent stroke ascertainment and 25 clinic-based case-control studies,
comprising up to 110,182 patients who had a stroke and 1,503,898
control individuals (of whom 45.5% were in longitudinal cohorts or
biobanks), nearly doubling the number of cases in previous stroke
GWASs (the GIGASTROKE initiative; Supplementary Table 1 and
Extended DataFig.1). Genome-wide genotyping and imputation charac-
teristics are described in Supplementary Table 2. The cohortsincluded
individuals of European (66.7% of the patients who had a stroke), East
Asian (24.8%), African American (3.7%), South Asian (3.3%) and Hispanic
(1.4%) ancestry. Analyses were performed for any stroke (AS; compris-
ing ischaemic stroke, ICH, and stroke of unknown or undetermined
type), any ischaemic stroke regardless of subtype (AIS; n = 86,668)
and ischaemic stroke subtypes (LAS, n=9,219; CES, n=12,790; SVS,
n=13,620). We also conducted separate GWAS analyses of incident
AS and AIS (n=32,903 and n =16,863, respectively) in longitudinal
population-based cohort studies.
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Fig.1|Identifying genetic variants thatinfluence strokerisk.ldeogram
showing 89 genome-wide significant stroke-risk loci. The shapes correspond
toancestry:circles, cross-ancestry (CROSS-ANC); diamonds, Europeans (EUR);
triangles, East Asians (EAS); squares, African Americans (AFR) or South Asians
(SAS). Colours correspond to stroke types: green, AS; red, AIS; light blue, SVS;
darkblue, CES; purple, LAS. The nearest genesto lead variants are displayed.

Wetested up toaround 7,588,359 single-nucleotide polymorphisms
(SNPs) with a minor allele frequency (MAF) of 20.01 for association
with stroke. The linkage-disequilibrium score intercepts for our
ancestry-specific GWAS meta-analyses ranged from 0.91to 1.12, sug-
gesting that there was no systematic inflation of association statistics
(Supplementary Table 3). By performing IVW GWAS meta-analyses, we
identified variants associated with stroke at genome-wide significance
(P<5x10"%) at60loci, of which 33 were new (Fig.1and Supplementary
Table4).Lead variants at all of the new loci were common (MAF > 0.05),
except for low-frequency intronic variants in THAPS (MAF = 0.02, in
complete association (2 =1) with variantsin the 5 UTR of NRCAM) asso-
ciated with cross-ancestry incident AS/AIS, and in COBL (MAF = 0.04)
associated with AS/AISin South Asian individuals. Most of the associa-
tions for these 60 loci were with AS (48 loci, 23 new) and AIS (45 loci,
18 new), and one of the AIS loci was associated only with incident AIS
(Supplementary Table 4c). Although AlS subtypes were not availablein
some population-based cohorts (Supplementary Table 1), genome-wide
significance was reached for 4 loci for LAS, 8 for CES and 7 for SVS (of
which 1,3 and 3 were new, respectively; Supplementary Table 4). Our
resultsinclude alarge and comprehensive description of stroke genetic
risk variantsin each of the five represented ancestries. In cross-ancestry
meta-analyses, 53 loci (51 loci after controlling for ancestry-specific
linkage-disequilibrium score intercepts) reached genome-wide sig-
nificance (Supplementary Table 4), whereas 42 loci were genome-wide
significant inindividual ancestries (35 in Europeans, 6 in East Asians,
linSouth Asians and 2 in African Americans; Supplementary Table 4).
Using conditional and joint analysis (GCTA-CQJO)”, we confirmed three
independent signals at PITX2 and two at SH3PXD2A' (CES in Europeans;
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Lociarecharacterized as follows, on the basis of replication results (Methods):
bold with asterisk, high confidence; bold without asterisk, intermediate
confidence; notbold, low confidence; underlined, lociidentified in secondary
MR-MEGA and MTAG analyses. Black and grey font indicate new and known loci,
respectively. The numbers at the top indicate the chromosome.

Supplementary Table 5). We also performed cross-ancestry gene-based
association tests using VEGAS2® and MAGMA?, which revealed 267
gene-wide significant associations (P < 2.63 x 107°) at 39 loci, of which
14 were in 8 new loci that did not reach genome-wide significance in
thesingle-variant analyses (AGAPS5/SYNPO2L/SEC24C/CHCHDI, CD96,
HNRNPAO, MAMSTR, PPM1H, RALGAPA1, USP34 and USP38; Supple-
mentary Tables 6 and 7).

Next, we conducted a secondary cross-ancestry GWAS meta-analysis
using MR-MEGA'®, which accounts for the allelic heterogeneity between
ancestries. We identified three additional genome-wide significant
loci for AS (all new), near TSPAN19, and inintrons of DAZL and SHOCI,
allshowing high heterogeneity inallelic effects across ancestries (het-
erogeneity P < 0.01; Supplementary Table 8). To further enhance the
statistical power for AIS subtypes, we conducted secondary multitrait
analyses of GWASs (MTAG)" in Europeans and East Asians, including
traits correlated with specific stroke subtypes, namely (1) coronary
artery disease (CAD) for LAS, both caused by atheroma; (2) atrial
fibrillation for CES, as its main underlying cause; and (3) white mat-
ter hyperintensity volume (WMH, an MRI-marker of cerebral small
vessel disease) for SVS (available in Europeans only). In Europeans,
11 additional loci were associated with LAS (10 new), 3 with SVS (all
reportedinarecent SVS GWAS?) and 5 with CES (all new; Supplementary
Tables 9-11). Moreover, 18 and 15 additional genome-wide significant
associations wereidentified (all new) for ASand AlS, respectively, using
MTAG with WMH, CAD and atrialfibrillation (Supplementary Tables 12
and 13). In East Asian individuals, one locus was associated with AS
(FGF5) and one with LAS (HDAC9, new in East Asians) using MTAG. This
brings the number of identified stroke-risk loci from primary (IVW)



and secondary (MR-MEGA and MTAG) analyses to 89 in total (61 new),
of which 69 were associated with AS, 45 with AIS, 15 with LAS, 13 with
CESand 10 with SVS (of these 44, 33,11, 8 and 3 were new, respectively;
Fig.1and Supplementary Tables 4, 8 and 9-14).

Independent follow-up of GWAS signals

We followed up genome-wide significant stroke-risk loci both inter-
nally and externally. First, we sought to replicate the 42 stroke-risk
loci that reached genome-wide significance in individual ancestries
inatleastone other ancestry group among the discovery samples. We
successfully replicated, with consistent directionality, 10 of these loci
at P<1.19 x107% (accounting for the number of loci tested), of which 7
were genome-wide significant in Europeans, 1in East Asians, and 2 in
both Europeans and East Asians. An additional 15 loci showed nominal
association (P < 0.05) in at least one other ancestry (Supplementary
Table15).

Second, we gathered anindependent dataset of 89,084 individuals
who had astroke (AS; of which 85,546 AIS; 70.0% European, 15.6% African
American, 10.1% East Asian, 4.1% Hispanic and 0.1% South Asian) and
1,013,843 control individuals, mostly from large biobanks, for external
replication (the biobank setting did not allow suitable ischaemic stroke
subtype analyses). Out of the 60 loci that reached genome-wide sig-
nificancein the VW meta-analyses, 48 loci (80%) replicated at P< 0.05
with consistent directionality (Extended Data Fig. 2), of which 31(52%)
replicated at P< 8.2 x10™* (accounting for the number of loci tested)
(Supplementary Table 16). When considering both the internal and
external follow-up, 52 (87%) of the 60 IVW loci replicated, of which
37 replicated with high confidence, and 15 with intermediate confi-
dence (Methods, Fig.1and Supplementary Table 14). The 8 loci that
did not replicate were labelled as low confidence (Methods and Sup-
plementary Table 14). Four of these were ethnic specificand three were
low-frequency variants that were monomorphicinsome ancestries and
were therefore probably underpowered for replication.

Within the secondary analyses, none of the three MR-MEGA loci
replicated, although one was borderline significant (Supplementary
Table 16). Of the 26 MTAG loci, 18 (69%) replicated with AS or AIS at
P<0.05, of which 9 (35%) replicated with high confidence (P<1.7 x 1073,
accounting for 29 secondary loci tested; Supplementary Table 16). Of
the eight MTAG loci that did not replicate, seven showed a consist-
ent directionality and four were subtype specific and were therefore
underpowered to detect associations with AS or AlS.

Cross-ancestry effects and fine-mapping

For the 60 loci associated with stroke risk derived from the IVW
meta-analyses, we first demonstrated the added value in terms of locus
discovery of including non-European samples, showing a clear gainin
power beyond sample size increase, compared with the incremental
addition of European ancestry samples (Extended Data Fig. 3). We next
compared the per-allele effect size across the three ancestries with the
largest sample size (European, East Asian, African American). Corre-
lations of per-allele effect sizes of index variants varied from r= 0.55
(European with African American) tor = 0.66 (European with East Asian)
and r=0.74 (East Asian with African American; Fig. 2a).

To identify putative causal variants at stroke-risk loci identified
through IVW meta-analyses, we performed multiple-causal-variant
fine-mapping using SuSiE™, separately in European and East Asian
participants (Methods). Across stroke types, we identified 110 and 16
95% credible set-trait pairs in European and East Asian participants,
respectively, each of which having a 95% posterior probability of con-
taining a causal variant, with multiple credible sets identified at 6 (in
Europeans) and 1 (in East Asians) stroke-risk loci (Supplementary
Tables 17-19). Within the credible sets identified in European partici-
pants, 17 variants were found to have a posterior inclusion probability

(PIP) of >0.9. We found overlapping credible sets between European
and East Asian participants at SH3PXD2A (19 overlapping variants),
suggesting that there is cross-ancestry-shared genetic architecture
at this locus (Fig. 2b). Two loci had credible sets with a single variant
(rs10886430 at GRKS (PIP = 0.999), associated with GRKS5 platelet gene
expression and thrombin-induced platelet aggregation®, and rs1549758
at NOS3, PIP = 0.995), probably representing strong targets for func-
tional validation.

Although there were six non-synonymous variants among cred-
ible sets (rs671 (ALDH2), rs8071623 (SEPT4), rs35212307 (WDR12),
172932557 (CARF), rs11906160 (MYH7B) and rs2501968 (CENPQ)),
exonic variants for coding RNA within credible sets were few (1.2%). To
detect putative causal regulatory variants, we conducted an in silico
mutagenesis analysis using MENTR, a machine-learning method to
precisely predict transcriptional changes caused by causal variants>.
From credible sets, we obtained 78 robust predictions of variant-
transcript-model sets comprising 13 variants and 19 transcripts (Sup-
plementary Table 20), involving multiple cell types, consistent with the
diversity of mechanisms that underlie stroke aetiology. For example,
the Gallele of rs12476527 (5’ UTR of KCNK3) is arisk allele for stroke and
was predicted to increase KCNK3 expression in kidney cortex tubule
cells, despite no expression quantitative trait loci (eQTL) of this variant
being reported in Genotype-Tissue Expression (GTEX, v.8) oreQTLgen
(2019-12-23). The same G allele has been associated with higher systolic
blood pressure™. Furthermore, three variants (rs12705390 at PIK3CG,
rs2282978 at CDK6 and rs2483262 at PRDM16) were predicted to affect
the expression of along non-coding RNA and enhancer RNAs, predomi-
nantly in endothelial cells, as well as other vascular cells and visceral
preadipocytes, whereas a promoter variant of SH3PXD2A was predicted
to modulate its expression in macrophages.

Characterizing stroke-associated loci

VEGAS2Pathway® analysis revealed significant enrichment
(P<5.01x107%) of stroke-risk loci in pathways involved in (1) carboxy-
lation of amino-terminal glutamate residues required for the activation
of proteinsinvolvedinblood clot formation and regulation; (2) negative
regulation of coagulation; and (3) angiopoietin receptor Tie2-mediated
signalling, involved in angiogenesis (Supplementary Table 21).

We examined shared genetic variation with 12 (in Europeans) and 10
(in East Asians) vascular risk factors and disease traits (Methods and
Supplementary Methods). In Europeans, the lead variants for stroke
at57 of the 89 primary and secondary risk loci (64.0%) were associated
(P<5x107®) withat least one vascular trait, most frequently blood pres-
sure (33 loci, 37.1%; Extended Data Fig. 4 and Supplementary Table 22).
After correction for multiple testing (Methods; P< 4.17 x 107%), all of the
vascular-risk traits except for low-density lipoprotein (LDL)-cholesterol
showed significant genetic correlation (r,) with at least one stroke
type, the strongest correlations being for CAD and LAS (r, = 0.73), atrial
fibrillation and CES (r,= 0.63), and systolic blood pressure (SBP) with
all stroke types (r, ranging from 0.21 for CES to 0.49 for LAS and SVS;
Extended DataFig.5and Supplementary Table 23). Using two-sample
Mendelian randomization (MR), we found evidence for a possible causal
association for every vascular-risk trait except for triglycerides with at
least one stroke type (P < 4.17 x 107), with some subtype-specific asso-
ciation patterns. Genetic liability to WMH was associated with increased
risk of SVS but not other stroke subtypes, whereas genetic liability to
venous thromboembolism was associated with AS, AIS, CES and LAS,
but notSVS (Extended DataFig. 5 and Supplementary Table 24). Owing
to a limited overlap between the European GIGASTROKE sample and
cohorts included in GWASs for the exposure traits, we ran sensitivity
analyses weighting our geneticinstruments on the basis of asub-sample
of the UK Biobank, excluding cases included in GIGASTROKE'. The
notable consistency of these with the main analyses confirmed their
robustness against weak instrument bias (Supplementary Table 25).
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identifiedinstroke GWASs and cross-ancestry fine-mapping. a, Plotsshowing
the Pearson’s correlation coefficient (r) between the effect sizes (f) of the 60
stroke-risk alleles on AS significant after multiple-testing correction (P < 0.017)
in Europeans and East Asians (left; r (95% CI) = 0.66 (0.47-0.79), P=1x107);
Europeans and African Americans (middle; r (95% CI) = 0.55 (0.33-0.71),
P=2x107%);and East Asians and African Americans (right; r (95% Cl) = 0.74
(0.58-0.85), P=8x107%). n= 60 independent stroke-risk variants from the VW
meta-analyses were used to compute Pearson’s correlation coefficients (r) of
theeffectsizes between ancestries. The nearest geneis reported for SNPs
showinga differencein effectsize (3, absolute value) of >0.05 between a pair
ofancestries. The dotsrepresent the effect-size () estimates and the bars
represent the 95% Cl of the estimates. Two-sided Pvalues of the deviation of
Pearson’s correlation coefficient fromzero arereported. Colour corresponds
togenome-wide significant association (P <5 x 1078 inindividual ancestries:

We confirmed directionality using the Steiger test (Supplementary
Table 24) and ruled out reverse causation with reverse MR (Supple-
mentary Table 26). In East Asian individuals, SBP, diastolic blood
pressure (DBP), body mass index (BMI) and atrial fibrillation showed
significant genetic correlation with AS (r, = 0.45, 0.39, 0.24 and 0.32
versusr,=0.36,0.21,0.22 and 0.44 in Europeans) and AlS (except for
BMI), with evidence for a causal association of SBP and DBP with AS,
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purple, Europeanonly (tcross-ancestry); green, East Asian only
(+cross-ancestry); yellow, African Americanonly (cross-ancestry); blue,
bothancestries (+cross-ancestry); red, cross-ancestry only; grey, not
genome-wide significantin two plotted ancestriesandin cross-ancestry.

b, Locus plots of variants at SH3PXD2A in five ancestries. Fine-mapped variants
areshownonly in European and East Asian individuals (insufficient power

for otherancestries). Variants are coloured on the basis of their linkage
disequilibrium with the cross-ancestry lead variant (rs4918058), shown by the
purple diamonds. In the fine-mapping plots, variants in the SuSiE 95% credible
sets (CS) areshown. Shared variants between credible sets of European and
East Asian participantsareindicated by blackcircles. Thered verticallines
represent the position of thelead variants in European (rs55983834) and East
Asian (rs4918058) participants. The grey dashed horizontal lines represent
P=5x107% Thelinkage disequilibrium of each ancestry was derived from the
1000 Genomes Project.

AIS and SVS; CAD with AS, AlS and LAS; and atrial fibrillation with CES
(Extended Data Fig. 6 and Supplementary Tables 23 and 24). Notably,
MR analyses performed with binary exposures should be interpreted
with caution owing to the potential violations of the exclusion restric-
tion assumption®,

Next, to generate hypotheses of target genes and directions of effect,
we conducted transcriptome-wide association studies (TWAS) using



Methods Drug-target genes Example candidate drugs

FGA ————— Alteplase

PDE3A Cilostazol

MUT

Cyanocobalamin, hydroxocobalamin

Gene prioritization and
enrichment in ATC code
(GREP)

F2 ———— Lepirudin
Dalteparin
Abelacimab, conestat alfa

Isolated human kallikrein

MR and colocalization

VCAM1 Symbiopolyol, probucol
GP1BA Anfibatide, TGX-6b4
LAMC2 BST-1005

Negative correlation tests GR-32191

between genetically determined /
and compound-regulated
gene expression BRD-A22514244
(Trans-Phar)

AIS and AS SVS - CES

Fig.3|Genomics-driven drugdiscovery. Overlap enrichment analysis using
GREP? (top). Middle, integrating MR results using cis- and trans-pQTLs as
instrumental variables with data from drug databases. Bottom, negative
correlation tests between compound-regulated gene expression profiles and
genetically determined case-control gene expression profiles using
Trans-Phar.

TWAS-Fusionand eQTL based on RNA-sequencing (RNA-seq) analyses
in different tissues'” 2. We identified 27 genes of which the geneti-
cally regulated expression is associated with stroke and its subtypes
at the transcriptome-wide level and colocalized in at least one tissue
(10 genesinarteries and heart; 6 genes inbrain tissue; 17 genes across
tissues). Of these genes, 18 overlapped with 11 genome-wide significant
stroke-risk loci (Extended Data Fig. 7 and Supplementary Table 27). For
several genes of which bulk tissue expression levels showed evidence
for association with stroke, human single-nucleus sequencing data of
brain cellsinthe dorsolateral prefrontal cortex (DLPFC) showed distinct
cell-specific gene expression patterns suggesting that multiple genes
couldbeinvolved through different cell types® (Extended Data Fig. 8).
Overall, we observed asignificant enrichment mostly in brain vascular
endothelial cells and astrocytes, possibly reflecting the importance
of both vascular pathology and brain response to the vascular insult
in modulating stroke susceptibility (Extended Data Fig. 8 and Sup-
plementary Tables 28 and 29). Furthermore, using proteome-wide
association studies (PWAS) in DLPFC brain tissue, we found evidence
for the association of ICAIL with AS and AIS through its cis-regulated
protein abundance, with colocalization evidence (Extended Data Fig. 8
and Supplementary Table 30). In both TWAS and PWAS, lower /ICAIL
transcript or protein abundance in the DLPFC was associated with a
higher risk of stroke.

Genomics-driven drug discovery

We used a three-pronged approach for genomics-driven discovery
of drugs for the prevention or treatment of stroke* (Methods and
Fig. 3). First, using GREP?, we observed significant enrichment of
stroke-associated genes (MAGMA® or VEGAS28 false-discovery rates
(FDR) < 0.05) indrug-target genes for blood and blood-forming organs

(Anatomical Therapeutic Chemical Classification System B drugs, for
AS, AIS and CES). This encompasses the previously described PDE3A and
FGA genes', which encode targets for cilostazol (antiplatelet agent) and
alteplase (thrombolytic drug acting through plasminogen®), respec-
tively, aswell as F11, KLKBI1, F2, TFPl and MUT, which encode targets
for conestat alfa, ecallantide (both used for hereditary angioedema),
lepirudin, dalteparin (bothused to treat recurrent thromboembolism)
and vitamin B12, respectively (Supplementary Table 31). Notably, the
results for AS are probably driven by AIS (the vast majority of ASin the
current study) and cannot be extrapolated to ICH. Second, we used
Trans-Phar? to test the negative correlations between genetically deter-
mined case-control gene expression associated with stroke (TWAS
using all GTEx v.7 tissues”) and compound-regulated gene expression
profiles. At FDR < 0.10, we observed significant negative correlations
for BRD.A22514244 (for SVS; drug target unknown) and GR.32191 (for
CES; Supplementary Table 32). GR-32191is athromboxane A2 receptor
antagonist that hasbeen proposed as an alternative antiplatelet therapy
for stroke prevention®, and further drugs of this class are under devel-
opment*. Note that one of those drugs, terutroban, was evaluatedina
phase Il study but did not show non-inferiority against aspirin®. Third,
we used protein quantitative trait loci (pQTL) for 218 drug-target pro-
teins asinstruments for MR and found evidence for causal associations
of 9 plasma proteins with stroke risk (4 cis-pQTL and 6 trans-pQTL), of
which 7 were supported by colocalization analyses, with no evidence
for reverse causation using the Steiger test (PROC, VCAM], F11, KLKBI1,
MMP12, GP1BA and LAMC2; Supplementary Table 33). All of these rep-
licated (at FDR < 0.05) with consistent directionality using at least one
independent plasma pQTL resource and cerebrospinal fluid pQTL
for PROC and KLKB1, with evidence for colocalization for PROC, F11,
KLKB1and MMP12, but not for GP1BA (for which both concordant and
discordant directionality was observed) and LAMC2 (pQTL availablein
onereplication dataset only; FDR = 0.08). Using public drug databases,
we curated drugs targeting those proteins in a direction compatible
with a beneficial therapeutic effect against stroke based on MR esti-
mates and identified such drugs for VCAM1, F11, KLKB1, GP1BA, LAMC2
(inhibitors) and PROC (activators; Supplementary Table 34). Drugs
targeting F11 (NCT04755283,NCT04304508,NCT03766581) and PROC
(NCT02222714) are currently under investigation for stroke, and our
results provide genetic support for this. Notably, F11 and KLKBI are
adjacent genes with a long-range linkage-disequilibrium pattern and
complex co-regulation®, asillustrated here by the presence of ashared
trans-pQTLin KNGI (Supplementary Table 33). Additional studies are
needed to disentangle causal associations and the most appropri-
ate drug target in this region®?°. Next, for the five genes targeted by
inhibitors, VCAM1, F11, KLKB1, GP1BA and LAMC2, we examined the
associations of rare deleterious variants (MAF < 0.01) with stroke and
stroke-related traits, applying gene-based burden tests to whole-exome
sequencing data from >450,000 UK Biobank participants to support
potential therapeutic targets for inhibitors®. We observed one sig-
nificant protective association of rare deleterious variants in F11 with
venous thromboembolism (odds ratio (OR) =0.471, P=2.46 x10™),
inadirection concordant with that of MR estimates (Supplementary
Table 35). To further validate the candidate drugs and estimate their
potential side effects, we investigated whether the drug-target genes
were associated with stroke-related phenotypes using aphenome-wide
association study (PheWAS) approach. We conducted PheWAS in the
Estonian Biobank (EstBB) for pQTL variants for the PROC, VCAMI1,
FI11, KLKB1, GP1BA and LAMC2 genes. A cis-pQTL for F11,rs2289252,
was associated with higher risk of venous thromboembolic disorders
(P<3.45x107°),as previously described®, and showed suggestive asso-
ciation (P =3.44 x107®) with cerebral artery occlusion with cerebral
infarction (Phecode 433.21; Extended Data Fig. 9 and Supplementary
Table 36). By contrast, we observed no significant association with
non-stroke-related phenotypes, suggesting the safety of targeting F11.
Similar profiles were observed in the UK Biobank (https://pheweb.org/
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UKB-SAIGE/variant/4-187207381-C-T) and FinnGen (https://r7.finngen.
fi/variant/4-186286227-C-T), with no significant associations with other
disorders and no overlap of subthreshold signals with side-effects
reported in clinical trials®>. We further confirmed the association of
rs2289252 with venous thromboembolic disorders and that it has
no association with other non-stroke-related phenotypes using the
Phenoscanner database (Supplementary Table 37).

Overall, combining evidence from genomics-driven drug discovery
approaches, characterization of stroke-risk loci (missense variants,
TWAS, PWAS, colocalization, pathway enrichment, MR with pQTL,
MENTR and PoPS**), and previous knowledge from monogenic disease
models and experimental data, we found evidence for the potential
functionalimplication of 56 genes that should be prioritized for further
functional follow-up, with evidence from multiple approaches for 20
genes (Supplementary Table 38).

Integrative polygenicrisk prediction

We investigated the risk prediction potential of stroke GWASs, alone
and in combination with vascular-risk-trait GWASs, first in Europeans
and East Asians, using ancestry-specific PGSs. PGSs were based on
ancestry-specificand cross-ancestry GWAS summary statistics. We first
derived single PGS (sPGS) models from single stroke GWAS summary
data (Supplementary Table 39). We then constructed integrative PGS
(iPGS) models, which combined multiple GWAS summary data of dif-
ferenttraits into a PGS using elastic-net logistic regression® (Extended
DataFig.10). The iPGS analysis used two datasets for each ancestry for
model training and evaluation, respectively. The participants in the
training and evaluation datasets did not overlap and were notincluded
inthe input GWAS summary data.

For Europeans, we constructed theiPGS model using 1,003 prevalent
AIS cases and 8,997 controls, followed by evaluation of the model using
1,128 incident AIS cases among 102,099 participants, all from the EstBB.
The improvement in predictive ability (AC-index) was assessed over
abase model including age, sex and the top 5 principal components
(PCs) for population stratification. The iPGS model for Europeans
incorporated 10 GIGASTROKE GWAS analyses (all stroke types, using
the European and cross-ancestry analysis) and 12 vascular-risk-trait
GWAS analyses (Extended Data Fig. 10 and Supplementary Table 40).
The iPGS model achieved a AC-index of 0.027 (Supplementary
Table 41), 93% higher than that for a previously constructed iPGS
model for Europeans, derived from 5 MEGASTROKE GWAS analyses
and similar vascular-risk-trait GWASs (AC-index = 0.014)°. The age-,
sex- and top 5 PC-adjusted hazard ratio (HR) per s.d. of the iPGS was
1.26 (95% confidence interval (Cl) =1.19-1.34, P=2.0 x 107") for the
GIGASTROKE-based iPGS model compared to1.19 (95% Cl =1.12-1.26,
P=4.2x107°) for the MEGASTROKE-based iPGS model. Compared with
participants in the middle 10% (45-55%) of the GIGASTROKE-based
iPGS model, thosein the top 1% showed a >2.5-fold higher hazard of AIS
(HR=2.56,95% Cl=1.59-4.10, P=9.6 x 1075; Fig. 4aand Supplementary
Table 42). We further confirmed the GIGASTROKE-based European
iPGS model trained on the EstBB in 403,489 European-ancestry par-
ticipants of the Million Veteran Program (MVP) study, of whom 8,392
developed anAIS:HR pers.d. =119 (95% Cl =1.16-1.21, P= 6.94 x 107%?),
with a AC-index of 0.010 (Supplementary Table 43).

For East Asians, we derived the iPGS model using 577 cases of preva-
lent AIS and 9,232 control individuals, and evaluated the model using
1,470 cases of prevalent AIS and 40,459 control individuals from
Biobank Japan (BBJ). A base model including age, sex and the top 5
PCs showed an area under the curve (AUC) of 0.634. The iPGS model
was constructed by integrating 10 GIGASTROKE GWAS analyses
and 12 vascular-risk-trait GWAS analyses (Extended Data Fig. 10 and
Supplementary Table 44). The iPGS model for East Asians showed
animprovement in AUC (AAUC) of 0.019 (Supplementary Table 45).
The age-, sex- and top 5 PC-adjusted odds ratio (OR) per s.d. of PGS
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was 1.33 (95% C1=1.26-1.40, P=9.9 x 107*) for the iPGS model. The
MEGASTROKE- and GIGASTROKE-based iPGS models for Europeans
achieved alower AUCimprovement (AAUC = 0.007 and 0.009, respec-
tively) than the GIGASTROKE-based iPGS model for East Asians. While
this suggests that the transferability of iPGS models from Europeans to
East Asians might be limited (Supplementary Table 45), it doesindicate
that an ancestry-specific stroke iPGS approachyields similarimprove-
mentin predictive ability relative to their base models.

Participantsinthetop 1% of the iPGS showed 1.9-fold higher odds of
AIS(OR=1.90,95% CI=1.20-2.91, P= 0.004) compared with the middle
10% (Fig. 4b and Supplementary Table 46). We further confirmed the
GIGASTROKE-based East Asian iPGS model trained on the BBJ in 1,399
cases of prevalent AIS and 86,283 controls from the Taiwan Biobank
(TWB): OR pers.d.=1.18 (95% Cl =1.12-1.25,P=1.1x10"°), witha AAUC
0f 0.003 (Supplementary Table 47).

Notably, iPGS models derived from cross-ancestry stroke GWASs had
a higher predictive ability compared with iPGS models derived from
ancestry-specific stroke GWASs both in Europeans and East Asians
(Supplementary Table 48).

Next, we evaluated the predictive ability of the European-derived
GIGASTROKE-based iPGS model in African American and indig-
enous African (Nigerian and Ghanaian) datasets. In 107,343 African
American MVP participants, of whom 2,227 developed an AlS, the
GIGASTROKE-based iPGS model showed a significant association
with AlSincidence (HRper1s.d.=1.11,95% Cl=1.06-1.17,P=1.8 x 1075,
AC-index = 0.003; Supplementary Table 49), although weaker than
in European MVP participants (Supplementary Table 43). The par-
ticipants in the top 1% of the iPGS showed 1.5-fold higher odds of AIS
(HR=1.53,95% CI,1.04-2.25, P=0.03) compared with participants in
the middle 10% (Fig. 4c and Supplementary Table 50). In 1,691 cases
and 1,743 control participants from the indigenous African (Nigerian
and Ghanaian) SIREN case-control study, the GIGASTROKE-based
iPGS also showed asignificant association with the odds of AIS (OR per
1s.d.=1.09, 95% Cl =1.02-1.17, P= 0.010, AAUC = 0.007; Supplemen-
tary Table 51). The GIGASTROKE-based iPGS model showed a stronger
association with AIS and a larger improvement in predictive ability
compared with the MEGASTROKE-based iPGS modelinboth MVP and
SIREN (Supplementary Tables 49 and 51).

Risk predictionin clinical trials

Following up on previous work*, we further examined whether a
geneticrisk score (GRS) based on genome-wide significantrisk loci from
the cross-ancestry IVW AS meta-analyses could identify individuals who
areathigherrisk of AIS after accounting for established risk factors in
five clinical trials across the spectrum of cardiometabolic disease®.
The primary analysis was conducted in 51,288 European participants
ofwhom 960 developed anincidentischaemic stroke (AIS) over a3 year
follow-up. InaCox modeladjusted for age, sex and vascular risk factors
(Methods), ahigher GIGASTROKE GRS was significantly associated with
increasedrisk of AISin Europeans (adjusted HR =1.17,95% Cl =1.09-1.24
pers.d.increase, P=2 x10% Supplementary Table 52). This associa-
tion was substantially stronger than the association with the earlier
MEGASTROKE GRS based on 32 genome-wide significant stroke-risk loci
(HR=1.07,95% Cl=1.00-1.14, P= 0.036)*. Compared with patientsin
the lowest GIGASTROKE GRS tertile, patientsin the top GRS tertile had
anadjusted HR 0f1.35 (95% Cl = 1.16-1.58) for developing AlS, whereas
thoseinthe middletertile had anadjusted HR 0f 1.13 (95% Cl = 0.96-1.33,
Pyena = 1.4 x107*; Fig. 4€). The performance of the GRS was stronger in
individuals who had not previously had astroke (n = 44,095; adjusted
HRof thetop versus lowest tertile =1.37,95% Cl =1.14-1.65) compared
withinthose who previously had astroke (n=7,193; adjusted HR = 1.15,
95% Cl = 0.87-1.54). Similar associations were observed when using
effect estimates from stroke GWAS meta-analyses in Europeans or for
AlS (Supplementary Table 52). In secondary analyses, we examined
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Fig.4 |Risk predictioninapopulationand trial setting.a-d, The association
of iPGS withischaemic stroke (AIS) in European (Estonian Biobank) (a), East
Asian (BioBankJapan) (b), African American (Million Veteran Program) (c) and
European participantsin clinical trials (d). Compared with the middle decile
(45-55%) of the population as areference group, the risk of high-iPGS groups
with varying percentile thresholds was estimated using a Cox proportional
hazards model for European and African Americanindividuals and logistic

the association of the GIGASTROKE cross-ancestry AS GRS with
incident AIS in the much smaller East Asian sample (1,312 partici-
pants of whom 27 developed an incident AIS over a 3 year follow-up),
and found consistent associations (adjusted HR =1.49, 95% Cl =
1.00-2.21 pers.d.increase, P= 0.048; Supplementary Table 52), whereas
the MEGASTROKE GRS was not associated with incident AIS in East
Asians (adjusted HR = 0.82, 95% CI = 0.55-1.23, P= 0.34). Finally, in
Europeantrial participants (there were too few East Asian individuals
for this analysis), the GIGASTROKE-based iPGS was also significantly
associated withiincreased AlS incidence (HR per1s.d. increase =1.19,
95% Cl=1.11-1.27,P=3.2 107, AC-index = 0.008), performing better
than the MEGASTROKE-based iPGS (Supplementary Table 53). Com-
pared with the middle 10% of the participants, thoseinthe top1%hada
2.8-fold higher hazard of AIS (HR =2.78,95% Cl = 1.67-4.61,P=7.9 x 107)
(Fig. 4d and Supplementary Table 54).

Discussion

Our GWAS meta-analyses, including 110,182 patients who had astroke
and 1,503,898 control participants from five different ancestries (33% of
patients who had a stroke were non-European), identified 89 (61 new)
risk loci for stroke and stroke subtypes (60 through primary IVW and
29 through secondary MR-MEGA and MTAG analyses). We observed
substantial shared susceptibility to stroke across ancestries, with a
strong correlation of effect sizes. On the basis of internal cross-ancestry
validation and independent follow-up in 89,084 cases of stroke (30%
non-European) and 1,013,843 control individuals, mostly from large
biobanks withinformation on AS and AIS only, the level of confidence
of these loci was intermediate or high for 87% of primary stroke-risk
lociand 60% of secondary loci. Effect estimates for variants that were
common across ancestries were typically similar, whereas, expectedly,
variants that were rare or low frequency in one or more populations
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regression models for East Asianindividuals with adjustments for age, sexand
thetop five genetic principal components. e, Kaplan-Meier event rates for
ischaemic stroke in European participants in five clinical trials (Methods) by
tertile of GRS at 3 years (the GRS uses effect estimates of the cross-ancestry AS
GWAS as weights) showing higher GRS increasesrisk of ischaemic stroke
(Pyreng = 1.4 x107*). The two-sided P,,.,qvalue was computed using Cox
regression. Int., intermediate.

showed differences in effect size, for example, at PROCR, TAPI or
BNCZ-CNTLN (MAF < 0.05 in East Asians), or at GRKS, FOXF2 or COBL
(MAF < 0.05 in African Americans). Ancestry-specific meta-analyses
in smaller non-European populations detected fewer loci than in
Europeans that were nevertheless biologically plausible, for example,
3pl2 and PTCHI for SVS in African Americans. Rare variants at 3p12
were recently shown to be associated with WMH volume®, whereas
common variants at PTCHI were associated with functional outcome
after ischaemic stroke (in European individuals)¥. New association
signals from cross-ancestry GWASsincluded, for example, variants at
PROCR, GRKS and F11 (thrombosis), LPAand ATP2BI (lipid metabolism,
hypertension and atherosclerosis), SWAP70 (membrane ruffling) and
LAMCI (cerebrovascular matrisome).

Extensive bioinformatics analyses highlight genes for prioritization
infunctional follow-up studies (Supplementary Table 38). For example,
apromoter variant of SH3PXD2A, which encodes an adaptor protein that
isinvolved in extracellular matrix degradation through invadopodia
and podosome formation, was predicted to modulate its expressionin
macrophages’®. FURIN expression levels across tissues were associated
withanincreased stroke risk. FURIN has previously beenimplicatedin
CAD* aswell as in atherosclerotic lesion progression in mice*. It also
has a key role in SARS-CoV-2 infectivity*, and patients with COVID-19
are atincreased risk of AIS, especially LAS*?; the FURIN locus was pre-
dominantly associated with LAS in our data (Supplementary Table 55).

Ourresults provide genetic evidence for putative drug effects using
threeindependent approaches, with converging results from two meth-
ods (gene enrichment analysis and pQTL-based MR) for drugs targeting
F11and KLKB1.F1land Fllainhibitors (such as abelacimab, BAY 2433334
and BMS-986177) are currently being examined in phase 2 trials for pri-
mary or secondary stroke prevention (NCT04755283, NCT04304508,
NCT03766581). pQTL-based MR suggested PROC as a potential drug
target for stroke. A recombinant variant of humanactivated protein C
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(encoded by PROC) was found to be safe for the treatment of acute
ischaemic stroke after thrombolysis, mechanical thrombectomy or
bothin phaseland2trials (3K3A-APC,NCT02222714)**, and is poised
for an upcoming phase 3 trial. 3K3A-APC is proposed as a neuropro-
tectant, with evidence for the protection of white matter tracts and
oligodendrocytes against ischaemic injury in mice*. Weaker evidence
was found for GP1BA, VCAMI and LAMC2 as potential drug targets
for stroke, with evidence for colocalization in only one pQTL dataset.
Anfibatide, a GPIba antagonist, reduced blood-brainbarrier disruption
after ischaemic stroke in mice*® and is being tested as an antiplate-
let drug in myocardial infarction (NCT01585259). Although specific
VCAMI1 inhibitors are not available, probucol—alipid lowering drug
with pleiotropic effects including VCAML1 inhibition—was tested for
secondary prevention against atherosclerotic events in patients with
CAD (PROSPECTIVE, UMINO0O0003307)*.

We investigated stroke PGSs across ancestries. PGSs integrating
cross-ancestry and ancestry-specific stroke GWASs with vascular-
risk-factor GWASs (iPGS) analyses showed strong prediction of ischae-
micstrokeriskin Europeans and,importantly, in East Asians,inwhom
stroke incidence is highest®. These results were confirmed in several
independent datasets. The iPGS performed better than stroke PGS
alone and better than the previous best iPGS models in Europeans®.
The transferability of European-specific iPGS models to East Asians
was limited. While there were not enough African participants to gen-
erate an African-specific stroke PGS, the European iPGS showed a sig-
nificant association with AIS inboth African American and indigenous
African participants, although expectedly weaker than in European
participants. Individualsin the top 1% of the PGS distribution had a2- to
2.5-fold risk of ischaemicstroke in East Asian and European participants
compared with those in the middle 10%, whereas this risk was 1.5-fold
in African American participants. Although caution is warranted when
interpreting risk estimates owing to the wide Cls, these results suggest
that GIGASTROKE-based iPGS models may be useful to stratify individu-
als exposed to genetically high risk of ischaemic stroke, especially in
Europeans and East Asians. Our results highlight the importance of
ancestry-specific and cross-ancestry genomic studies for the transfer-
ability of genomic risk prediction across populations, and the urgent
need tosubstantially increase participant diversity in genomic studies,
especially from the most under-represented regions such as Africa, to
avoid exacerbation of health disparitiesin the era of precision medicine
and precision public health*s,

Finally, leveraging data from S clinical trials in 52,600 patients with
cardiometabolic disease, we showed that a cross-ancestry GRS pre-
dicted ischaemic stroke, independently of clinical risk factors, and
outperforming previous genetic risk evaluation®. Notably, although
the trials included predominantly European participants, consistent
results were observed in East Asian participants. We further confirmed
the GIGASTROKE iPGS in these clinical trials.

Our study includes a considerable contribution of non-European
stroke genetics resources (n = 61,528/616,014 cases/controls for the
GWASs and follow-up and an additional n =1,718/3,055 for the PGS/GRS
studies). Despite substantial effortstoenhance non-European contribu-
tions to GIGASTROKE, we still had limited power for identifying shared
causal variants through cross-ancestry fine-mapping. We provided
independent validation of the vast majority of identified genome-wide
significantassociations and graded lociby level of confidence based on
these findings. Despite the notable size of the follow-up study sample,
with nearly 90,000 additional patients who had astroke, this analysis
remains underpowered, especially for low-frequency variants and
ancestry- and subtype-specific associations, as most follow-up studies
were derived from large biobanks with event ascertainment based on
electronic healthrecords and no suitable stroke subtype information.
The muted risk prediction in clinical-trial participants with previous
stroke history possibly points to theimpact of selection orindex event
biases and secondary prevention therapy®.
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Inconclusion, our genomic findings derived from>200,000 patients
who had a stroke worldwide provide critical insights to inform future
biological research on stroke pathogenesis, highlight potential drug
targets for intervention and provide tools for genetic risk prediction
across ancestries.
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