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W Check for updates

Identification of individuals at highest risk of coronary artery disease
(CAD)—ideally before onset—remains an important public health need.
Prior studies have developed genome-wide polygenic scores to enable
risk stratification, reflecting the substantial inherited component to CAD

risk. Here we develop a new and significantly improved polygenic score
for CAD, termed GPS,,,;,, thatincorporates genome-wide association data
across five ancestries for CAD (>269,000 cases and >1,178,000 controls)
and ten CAD risk factors. GPS,,. strongly associated with prevalent CAD
(oddsratio per standard deviation 2.14, 95% confidence interval 2.10-2.19,
P <0.001) in UK Biobank participants of European ancestry, identifying

20.0% of the population with 3-fold increased risk and conversely 13.9% with
3-fold decreased risk as compared with those in the middle quintile. GPS,,,
was also associated with incident CAD events (hazard ratio per standard
deviation1.73,95% confidenceinterval 1.70-1.76, P < 0.001), identifying 3%

of healthy individuals with risk of future CAD events equivalent to those
with existing disease and significantly improving risk discrimination and
reclassification. Across multiethnic, external validation datasets inclusive
0f33,096,124,467,16,433 and 16,874 participants of African, European,
Hispanic and South Asian ancestry, respectively, GPS,,,. demonstrated
increased strength of associations across all ancestries and outperformed
all available previously published CAD polygenic scores. These data
contribute anew GPS,, for CAD to the field and provide a generalizable
framework for how large-scale integration of genetic association data for
CAD and related traits from diverse populations can meaningfully improve
polygenicrisk prediction.

Coronary artery disease (CAD) is the leading cause of death
worldwide, and identification of at-risk individuals remains a
critical public health need'. Especially if identified early, at-risk
individuals can benefit from more efficiently targeted lifestyle
interventions and cholesterol-lowering medications toward
lifelong risk mitigation®. However, commonly used clinical risk

estimators for CAD were optimized for use in middle-aged
adult populations in historical cohort studies and consequently
underperform in younger populations or individuals of non-
European ancestries®°. As CAD is a heritable disease, the increasing
amount of widely available genetic data offers additional opportuni-
ties to substantially enhance CAD risk prediction early in life, which
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islikely to prove to be particularly valuable for those in the extremes
of the inherited risk distribution’.

Polygenicscoresintegrate dataderived from genome-wide asso-
ciation studies (GWASs)—which quantify the relationship between
each of many common DNA variants and risk of disease—into a sin-
gle quantitative and predictive metric of inherited risk. Several stud-
ies so far observed substantial gradients in CAD risk, even among
participants with similar clinical risk factor profiles, according to a
polygenic score® ™. Given this potential, polygenic scores are now
being deployed clinically across some biobanks and returned through
direct-to-consumer testing platforms'*. Although the past decade has
seennumerous advancesinthe predictive capacity of polygenicscores,
score performance remains considerably lower than the theoretical
maximum, the proportion of trait liability explained by common DNA
variants, particularly among individuals of non-European ancestry™.
Simulation studies suggest that even larger sample sizes of GWASs have
the potential to more accurately estimate the effect size associated with
each single nucleotide polymorphism to improve scores for CAD".
Polygenic scores integrating GWAS data from individuals of diverse
ancestries in addition to that of the target population show relative
improvement in predictive accuracy compared with methods only
utilizing GWAS data from a single ancestry source'®". Furthermore,
the principles of genetic correlation suggest benefit inincorporating
information from GWAS of related traits to refine polygenic prediction
in the trait of interest'®".

Alongside considerable—and warranted—enthusiasm for poly-
genic scores to enable a new era of preventive clinical medicine is
recognition of several key limitations. First, polygenic scores have
reduced predictive performance in individuals of non-European
ancestry®. This largely stems from relative underrepresentation of
otherancestriesin prior GWAS discovery cohorts. Recent efforts have
focused on conducting GWAS in larger and more ancestrally diverse
populations and designing methods leveraging ancestry-specific
linkage disequilibrium patterns to help improve score perfor-
mance'®"?"?2, Second, although available scores associate strongly
with prevalent disease, they performless well in predicting incident
disease, which would offer more clinical utility in enabling targeted
interventions®. Finally, most risk prediction models so far are based
oneither geneticor clinical risk factors, butbetterintegration of these
modalities and estimation of a clinically actionable risk estimate is
needed*?*.

In this Article, to address these needs, we used information from
ancestrally diverse 269,000 CAD cases, over 1,178,000 controls and
datafromrelated traitsin over two million individuals along with meth-
ods leveraging commonalities in mechanistic pathways to develop a
new polygenic risk score for CAD.

Results

Summary statistics from GWAS for CAD, other atherosclerotic diseases
(for example, ischemic stroke), and their risk factors (for example,
diabetes, blood pressure and lipid concentrations) across over 1.4
million individuals from multi-ancestry cohorts were aggregated to
design polygenicrisk scores for CAD (Fig.1and Supplementary Table
1). These scores were trained within the UK Biobank cohort in 116,649
individuals of European ancestry and then validated in the remaining
independent study population of 325,991 individuals (54.3% female,
7281 African, 1,464 East Asian, 308,264 European and 8,982 South Asian
ancestry) (Supplementary Table 2)%. The participants in the training
andvalidation cohorts are independent from theindividuals analyzed
inthe previously conducted GWAS from which summary statistics were
obtained”. A total of 51 candidate ancestry- and trait-specific scores
wereincludedinthe genome-wide polygenic score (GPS) training analy-
sis, with 32 scores carried forward on the basis of a stepwise process to
identify those that significantly contributed to overall prediction and
included in the weighting of GPS,,,,. (Fig. 2a,b).

Association of GPS,,, with prevalent disease in UK Biobank
The resulting score, GPS,,, demonstrated a strong association with
prevalent CAD, with significant improvement from previously pub-
lished scores. Among 308,264 European ancestry individuals in the
hold-out validation dataset, GPS,, was associated with an odds ratio
perstandard deviationincrease (OR/SD) of 2.14 (95% confidence inter-
val(CI)2.10-2.19) inamodel adjusted for age, sex, genotyping array and
thefirst ten principal components of genetic ancestry, with significant
improvement from prior published scores from the Polygenic Score
Catalog without UK Biobank participants in discovery data, where
OR/SD ranged from 1.14 to 1.77 (Supplementary Table 3)*%. This cor-
responded to a Nagelkerke R? of 0.074 and a logit liability R? of 0.187
(Extended DataFig.1). After adjusting for measured clinical risk factors
including systolic and diastolic blood pressure, low-density lipopro-
tein (LDL) cholesterol, high-density lipoprotein (HDL) cholesterol,
triglycerides, diabetes, body mass index and glomerular filtration
rate, this risk estimate was only modestly attenuated to an OR/SD 2.07
(95% C12.02-2.13) (Supplementary Table 4). The associations between
GPSy:and CAD were largely consistent across studied subgroups, but
some evidence of heterogeneity was found when restricting to male
participants (OR/SD 2.20,95% C12.15-2.26, P < 0.001) when compared
with female participants (OR/SD 1.94, 95% C11.86-2.03, P< 0.001),
with P-heterogeneity <0.001 (Extended Data Fig. 2). Additionally, the
association between GPS,,,. and CAD was stronger in younger indi-
viduals aged 45-54 years (OR/SD 2.17,95% C12.04-2.31, P < 0.001) and
55-64 years (OR/SD 2.18,95% C12.11-2.25, P < 0.001), when compared
with olderindividuals aged 65-75 years (OR/SD 2.08,95% C12.01-2.15,
P <0.001), consistent with recent studies (Extended Data Fig. 2)*>*°.

GPSy, sShowed stronger association with CAD risk when compared
with the previously published GPS,,, (ref. 9) in direct comparison
using the same group of individuals for validation. Among individuals
of European ancestry, individuals in the bottom and top centile of the
polygenicscorehad a0.8% and 12.3% prevalence of CAD, respectively,
with GPS,;5, compared with 0.6% and 16.3% prevalence of CAD with
GPS, (Fig. 3 a,b). GPSy, also outperformed GPS,,5 in predicting
prevalent CAD across ancestry groups inthe UK Biobank, with OR/SD of
1.39 (95% CI1.17-1.67) in African ancestry, 2.14 (95% Cl1.34-3.49) in East
Asianancestry and OR 2.02 (95% C11.83-2.23) in South Asian ancestry
(Fig.3c). Amongindividuals with CAD, the median percentile of GPSy,;,
is significantly higher than that of the GPS,, 75 (interquartile range
50-91) versus 69 (interquartile range 43-88) (Fig. 3d). Given improved
stratification with this newly developed polygenic score, both tails of
the score distribution were associated with a greater magnitude of
risk when compared with GPS,,s. With the GPS,;s, the top 8.3%, 3.0%
and 1.3% of the population had 3-fold, 4-fold and 5-fold greater odds
for CADrelative to the middle quintile of the population, respectively,
whereas with the GPS,,,, the top 20.0%, 9.6% and 4.9% of the popula-
tion had 3-fold, 4-fold and 5-fold greater odds for CAD relative to the
middle quintile of the population, respectively (Fig. 3e, Extended Data
Fig. 3a,b and Supplementary Table 5). Conversely, with the GPS,;s,
the bottom 1.7%, 0.5% and 0.1% of the population had 1/3,1/4 and 1/5
the odds for CAD relative to the middle quintile of the population,
respectively, whereas with the GPS,,,, thebottom13.9%,1.7% and 0.2%
ofthe population had 3-fold, 4-fold and 5-fold lower odds of CAD rela-
tive to the middle quintile of the population, respectively (Fig. 3f and
Extended Data Fig. 3c,d).

Validation of GPS,,, in external cohorts

GPS,,, Was also strongly associated with prevalent CAD in external
cohorts, with significant improvement from prior published scores.
Twenty-seven polygenic scores for CAD from the Polygenic Score Cata-
log and GPS,,, were calculated in identical groups of individuals to
facilitate direct comparison within individuals of African, European
and Hispanic Ancestry in Million Veteran Program® and South Asian
ancestry in Genes & Health* (Fig. 4 and Supplementary Tables 6 and 7).
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Calculate ancestry-stratified, cohort-specific GPSs for a trait. Select best combination of these
GPSs using stepAIC. Determine mixing weights for each GPS by logistic regression for
predicting CAD in 4,412 cases and 112,237 controls in UK Biobank
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Fig.1| Overview of GPS,,, development. Polygenic scores were constructed
using cohort-specific, ancestry-stratified summary statistics for CAD and
CAD-related traits, resulting in 51 GPS across all traits and ancestries. For each
trait (for example, CAD) the best-performing combination of cohort-specific,
ancestry-stratified GPSs was determined using stepAIC, and their optimal mixing
weights (8) were determined using logistic regression in 116,649 individuals of
European ancestry in the UK Biobank training dataset. The selected GPSs were
linearly combined using these mixing weights to yield multi-ancestry scores
predicting CAD for each trait (layer 1). The best-performing combination of
multi-ancestry, trait-specific GPSs was determined using stepAIC, and their

Hispanic: 16,433

optimal mixing weights (8) were determined using logistic regression in 116,649
individuals of European ancestry in the UK Biobank training dataset. The selected
GPSs were linearly combined using these mixing weights to yield GPSy,, (layer
2). Ancestries: AFR, African; EA, East Asian; EUR, European; HISP, Hispanic;

SA, South Asian. Source GWAS traits: CAD*****355¢ body mass index (BMI)***,
ischemic stroke®***’, diabetes mellitus (DM)**', peripheral artery disease
(PAD)****¢?, glomerular filtration rate (GFR)**%, systolic blood pressure (SBP)**%¢,
diastolic blood pressure (DBP)**%*, LDL cholesterol’**>*®, HDL cholesterol**¢¢°,
triglycerides (TG)*®%>¢,

For each group, individuals were selected for inclusion that were not
includedin any of the published GWAS summary statistics®** used for
GPSy,derivation. Among 33,096 individuals of African ancestry in the
Million Veteran Program, GPS,,, was associated with an OR/SD of1.25
(95% C11.21-1.29, P< 0.001) for CAD in a model adjusted for age, sex,
genotyping array and the first ten principal components of genetic
ancestry, correspondingin a73% (P < 0.001) relative improvement in
effect size compared with GPS,,,s and 39% (P=0.008) improvement
when compared with the recently published PRS,,, (ref. 27), respec-
tively. Similarly,among 124,467 individuals of European ancestry in the
Million Veteran Program, GPS,,, was associated with an OR/SD of1.72
(95% C11.69-1.75, P < 0.001), corresponding in a 46% (P < 0.001) and
13.6% (P < 0.001) relative improvement in effect size compared with
GPS,ysand PRS,,, (ref. 27), respectively. Among 16,433 individuals of
Hispanic ancestry in the Million Veteran Program, GPS,,,,, was associ-
ated withan OR/SD of1.61(95% C11.53-1.70, P< 0.001), corresponding

ina66.8% (P<0.001) and13.9% (P = 0.11) relative improvement in effect
size compared with GPS,y;s and PRS,,,, respectively. Lastly, among
16,874 individuals of South Asian ancestry in Genes & Health, GPSy,,
was associated with an OR/SD 0f1.83 (95% C11.69-1.99, P< 0.02), corre-
spondingtoall3% (P < 0.001) and 29% (P= 0.02) relative improvement
in effect size compared with GPS,,,s and PRS,,,, respectively (Fig. 4).

Association of GPS,,, with incident disease in UK Biobank

The GPS,,,. was predictive of incident CAD events over median (inter-
quartilerange) 12.0 (11.2-12.7) years of follow-up across all four ances-
tral groupsinthe UK Biobank. Across the entire UK Biobank validation
study population without prior CAD, an incident CAD event was
observed in 1.1% of those in the lowest percentile of the GPSy,,, dis-
tribution versus 11.7% of those in the top percentile. Overall, GPSy,,
was associated with a hazard ratio per standard deviation (HR/SD) of
1.73 (95% C11.70-1.76, P < 0.001), compared with hazard ratio (HR)
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Fig. 2| Trait-specific component polygenic score performance and ancestry-
specific polygenic score composition of GPS,,,,.. a, The OR/SD with 95% ClI for
prevalent CAD risk of the multi-ancestry, trait-specific layer 1 GPSs was assessed
inlogistic regression models adjusted for age, sex, genotyping array and the first
ten principal components of ancestry in the same training group of n = 116,649
independent UK Biobank European ancestry individuals. b, The contributing
weights of each of the ancestry-stratified, cohort-specific GWAS-based GPS to

20 30 40 50

Weight in final GPS,,,,, (% of total)

each of the trait-based layer 1 polygenic scores are proportional to stacked bar
size, which are colored according to ancestry of source GWAS, and normalized
to100% to reflect composition in the overall GPSy,,,. Of 51 ancestry- and
trait-specific scores that were included in the GPS training analysis, 32 scores
significantly contributed to overall prediction in GPS,,, after optimization of
score selection with stepAIC and weighting through logistic regression in the
two layers.

1.49 (95% Cl11.46-1.52, P< 0.001) found with GPS,,,s. When stratified
by ancestry, risk estimates were comparable across individuals of East
Asian (HR/SD 1.72,95% CI11.13-2.60, P= 0.011), European (HR/SD 1.74,
95% Cl11.71-1.78, P< 0.001), and South Asian (HR/SD 1.62, 95% C11.49-
1.77, P<0.001) ancestry, but effect size was reduced among individu-
als of African ancestry (HR/SD 1.25, 95% C11.07-1.46, P= 0.004) (Fig.
5a).Acrossallindividualsin the UK Biobank validation dataset, GPSy;
demonstrated 38% relativeimprovement in effect size compared with
GPS,,5. Of this, 26% improvement resulted from larger sample size of
the primary Coronary ARtery DIsease Genome wide Replication and
Meta-analysis plus The Coronary Artery Disease Genetics consortium
(CARDIOGRAMplusC4D) GWAS (excluding UK Biobank participants),
9% improvement from incorporation of multi-ancestry CAD summary
statistics, and 3% improvement from leveraging genetic commonalities
with CADrisk factors torefine score weighting (Fig. 5b). Incorporation
of multi-ancestry and multi-trait genetic dataresulted in greater relative
gainsinincident disease prediction forindividualsin each ancestry, with
improved relative effect sizes 0f 143%, 71%, 38% and 23% for individuals
of African, East Asian, European and South Asian ancestry, respectively,

compared with GPS,,,s performance in those groups. Enhanced per-
formance, indexed to the effect size observed in European ancestry
with the GPS,,5, was also observed across ancestries, with improved
predictionin African ancestry (relative effect size 0.55, increased from
0.23) (Fig. 5b) and performance surpassing the reference score in East
Asianancestry (relative effect size 1.37,increased from 0.80) and South
Asian ancestry (relative effect size 1.19, increased from 0.97).

Disease risk in the extremes of the GPS,,,, distribution

We additionally hypothesized that the GPSy,,. could identify individuals
inthe extremetails of its distribution with clinicallyimportantincrease,
ordecrease, inrisk. Current cardiovascular disease prevention guide-
lines recommend statin therapy for individuals with prior CAD, periph-
eral artery disease (PAD), ischemic stroke, diabetes mellitus or severe
hypercholesterolemia (LDL 2190 mg/dL to help mitigate their high risk
of cardiovascular disease and mortality?. In the high end of GPS,,,,, we
sought toidentifyindividuals with geneticrisk of equivalent magnitude
to that of individuals with these guideline-endorsed indications for
statin therapy. In prospective analyses of individuals without prior CAD,
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Fig.3|Improvementsin polygenic prediction of prevalent CAD prediction.
a,b, The mean prevalence of CAD with 95% Cl according to 100 groups of the
UK Biobank European ancestry validation dataset consisting of n = 308,264
independent participants, binned according to the percentile of the GPS,,¢

(a) and GPS,, (b). ¢, The OR/SD with 95% Cl for prevalent CAD of GPS,,,; was
assessed in alogistic regression model adjusted for age, sex and the first ten
principal components of ancestry in n =7,281independent individuals of
African ancestry, n=1,464 independentindividuals of East Asian ancestry,
n=308,264 independent individuals of European ancestry, and n = 8,982
independentindividuals of South Asian ancestry. d, Distributions of GPS,ysand
GPSy, percentiles across the UK Biobank European ancestry validation dataset

consisting of n = 308,264 independent participants. For all box plots: central line
of each box, median; top and bottom edges of each box, first and third quartiles;
whiskers extend 1.5x the interquartile range beyond box edges. e, Proportion of
UK Biobank validation population with 3-, 4- and 5-fold increased risk for CAD
versus the middle quintile of the population, stratified by GPS. The odds ratio
assessed inalogistic regression model adjusted for age, sex, genotyping array
and the first ten principal components of ancestry. f, Proportion of UK Biobank
testing population with1/3,1/4, and 1/5 risk for CAD versus the middle quintile
ofthe population, stratified by GPS. Odds ratio assessed in a logistic regression
model adjusted for age, sex, genotyping array and the first ten principal
components of ancestry.
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Fig. 4 | External validation of GPS,,,. and benchmarking against published
polygenicscores for CAD across multiple ancestries in Million Veteran
Program and Genes & Health studies. The OR/SD with 95% ClI for prevalent CAD
risk was assessed for each polygenic score in alogistic regression model adjusted
for age, sex, genotyping array and the first ten principal components of ancestry
inthe same group of individuals per cohort: n=33,096 independent African
ancestry individuals in the Million Veteran Program; n = 124,467 independent
European ancestry individuals in the Million Veteran Program; n =16,433

T T
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independent Hispanic ancestry individuals in the Million Veteran Program;
n=16,874independent South Asian ancestry individuals in the Genes & Health
Study, using high-performing published scores from the Polygenic Score Catalog
(GPS 5 (ref. 9), metaGRS®, metaPRS¢,p*, ANnoPredcp®®, PRSCS¢yp®® and PRS,,,
(ref. 27), as well as GPS,,,,**. Results for these and additional CAD polygenic
scores published in the Polygenic Score Catalog are available in Supplementary
Tables6and 7.

when compared withindividualsin the middle quintile, those within the
top 3 percentiles of GPS,,,. had equivalent disease risk of incident CAD
astherecurrenteventrisk for anindividualwhohad a CAD event before
enrollment (Extended Data Fig. 4a). Furthermore, individuals without
PAD in the top 8% of polygenic score distribution had incident CAD risk
equivalent toindividuals with prior PAD; individuals without diabetes
in the top 21% of polygenic score distribution had incident CAD risk
equivalent toindividuals with prior diabetes; and individuals without
severe hypercholesterolemia (estimated untreated LDL cholesterol
2190 mg/dL) in the top 28% of polygenic score distribution had incident
CADrrisk equivalent to individuals with prior hypercholesterolemia
(Extended DataFig.5a-c). Conversely, inthe low end of the GPS,,, dis-
tribution, individualsin the bottom 5 percentiles were associated with
asignificantreductioninincident CAD risk (HR 0.27,95% C10.21-0.35,
P <0.001) when compared with the middle quintile (40-59%). When
comparingindividuals who smoke and arein thebottom 5 percentiles
of GPSy,, Wwithnonsmokersin the middle quintile, the reductioninthe
absoluteincidence of CAD associated with low GPS,,,,. offsets approxi-
mately 60 pack-years of smoking. Furthermore, individuals in the 5th
to 9th percentiles of GPS,,. also had a significant reductionin CAD risk
(HR0.55,95% C10.49-0.62, P < 0.001) when compared with the middle
quintile. These individuals experienced comparable risk reduction as
those individuals carrying variants in PCSK9-associated lifelong low
levels of LDL cholesterol (Extended Data Fig. 4b)*.

Modeling of GPS,,, with clinical risk predictors

Arisk prediction approachintegrating clinical and geneticrisk using the
American College of Cardiology/American Heart Association Pooled
CohortEquations (PCE)’, GPSy,.and their interactioninasingle model
was used to predict 10-year risk of CAD in the UK Biobank validation
population. Accounting for theinteraction between the polygenicscore

and clinical risk estimate improves performance beyond the simple
addition of the two, with lower GPS,,, weighting with higher PCE esti-
mates (interaction effect size —0.60, Piyeraciion < 0-001). This combined
model effectively improved risk prediction when compared with PCE
alone. Whenbinnedinto stratacorresponding to clinical guideline rec-
ommendations’, this model suggested striking gradientsin predicted
CAD incidence across the GPS,,, distribution, with significant differ-
ences observed in ancestry-based subgroups (Fig. 6a). The absolute
gradientinrisk predicted by this model from bottomto top centile was
largest in South Asian ancestry individuals with high PCE risk (5.1% to
29.1%), compared with European ancestry individuals (2.6%t020.6%).

When compared with the PCE risk estimate incorporating clinical
risk factors alone, integration of the PCE with GPSy, contributed to
significantly higher discrimination and predictive performance across
the entire tested population. First, discrimination was assessed in
Cox regression models including various covariables using Harrell’s
C-statistic. Agradientinimprovement was seen using baseline models
with age and sex alone (C-statistic 0.710, 95% CI 0.706-0.715), PCE,
whichisinclusive of age and sex (C-statistic 0.739,95% C10.735-0.744),
and the model integrating PCE, GPSy,, and their interaction term
(C-statistic 0.763,95% C10.759-0.768) (Fig. 6b). Similarimprovements
in C-statistic were observed for models tested in subgroups strati-
fied by ancestry (Supplementary Table 8). Second, categorized net
reclassification improvement (NRI) was calculated across the entire
study population using a threshold of 7.5% (NR10.075) of the predicted
10-year risk of CAD, which is the clinically accepted estimated risk
threshold for recommending initiation of statin therapy for preven-
tion of CAD. The risk model combining PCE and GPS,,,, resulted in
significantimprovementsin the categorical netreclassificationindex
(NRI7.0%,+8.1% for incident cases and —1.1% for noncases), with GPSy,;.
resulting in greater up classification of risk largely in individuals who
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a Polygenic  Hazard
Ancestry N CAD/total (%) score ratio 95% ClI P value
All 11,895/314,811 (3.8%) GPSyut 173  (1.70-1.76)  <0.0001
GPS,ys 149 (1.46-152)  <0.0001
African 165/7,157 (2.3%) GPS,it 1.25 (1.07-1.46) 0.004 —_—
GPSy01s 110 (0.94-128) 0237 ——+——
East Asian 23/1,442 (1.6%) GPSy,it 172 (113-2.60) 0.0m
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European  11,165/297,772 (3.7%) GPSyui 174 (1.71-1.78)  <0.0001
GPS,ps 150 (1.47-153)  <0.0001
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Fig. 5| Incident CAD prediction by GPS,,,. stratified by ancestry. a, Adjusted
HR/SD of the polygenic score with corresponding 95% Cls and P values for
incident CAD by ancestry, stratified by the version of the polygenic score,
calculated from Cox proportional-hazards regression models adjusted for age,
sex, genotyping array and the first ten principal components of ancestry in the
UK Biobank validation dataset, consisting of n = 7,157 independent individuals
of Africanancestry, n=1,442 independent individuals of East Asian ancestry,
n=297,772 independent individuals of European ancestry, and n = 8,440
independent individuals of South Asian ancestry. GPS,s corresponds to a
previously published polygenic score for CAD’. Pvalues are derived froma
Wald testimplemented in the coxph functionin Rand are two-sided. b, The

score effect sizes relative to the effect size of GPS,sin European ancestry
individuals. ‘>3-fold larger CAD GWAS'’ designates a polygenic score generated
using summary statistics of largely European ancestry from the most recent
CARDIOGRAMplusC4D excluding the UK Biobank (GPS¢xpug)- ‘Multi-ancestry
CAD GWAS ' refers to the polygenic score generated by combining ancestry-
specific polygenic scores generated using GWAS summary statistics from
CARDIOGRAMplusC4D, Genes & Health, Biobank Japan, Million Veteran Program
and FinnGEN biobanks in layer 1 (GPScxpanc)- GPSuu designates polygenic

score for CAD designed with summary statistics from multiple ancestries and
multiple CAD-related traits in layer 2. Asterisk designates the reference group for
calculating relative gain.

go on to develop disease (Fig. 6¢). Third, when compared with estab-
lished risk-enhancing factors for CAD, categorization withinthetop 10
percentiles of the GPS,,,, distribution corresponded to a significantly
higher net reclassification over the use of PCE estimate alone (3.7%)
as compared with other risk enhancers such as elevated lipoprotein
(a) (with NRI1.3%) (Extended Data Fig. 6). Similar results in NRI were
observed across other ancestries (Supplementary Table 9). Addition-
ally, similar trends in predictive performance, discrimination and
reclassification were observed in a model that included integration
of the QRISK clinical risk estimator, instead of the PCE, with GPS,,,
(Supplementary Tables 8 and 9).

Association of GPS,,, withrecurrent disease in UK Biobank
Inaddition tofirst events, the GPS,,,. predicted recurrent CAD eventsin
individuals with prior CAD. GPS,,,, was associated with an HR/SD of 1.13

(95% Cl11.08-1.18, P< 0.001), comparable to prior studies”. Although
asignificantly less pronounced effect estimate as compared with the
prediction of a first CAD event, the predictive performance of GPSy,
inthis context was comparable to that of diastolic blood pressure (HR
1.11,95% C11.06-1.16, P < 0.001) and glycated hemoglobin (HR1.07,95%
Cl1.02-1.12, P< 0.001) (Extended Data Fig. 7).

Discussion

A new polygenic score for CAD incorporating multi-ancestry sum-
mary statistics from GWAS for CAD and related risk factor traitsona
large scale demonstrated significantly improved performance when
compared to prior published scores. External validation in fully inde-
pendent datasets derived from the Million Veteran Program and the
Genes & Health studies confirmed enhanced prediction compared with-
previously published and available polygenic scores across multiple
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Fig. 6 | Discrimination and reclassification by a model integrating polygenic
and clinical risk for incident CAD. a, The cumulative incidence of CAD over

10 years predicted by modeling GPS,,,,,, AHA/ACC PCE 10-year risk estimate, and
theirinteraction in the UK Biobank validation dataset binned according to the
percentile of the GPS,,.. Individuals were grouped by risk categories of the PCE
(predicted 10-year risk of atherosclerotic cardiovascular disease as ‘low’ (<5%),
‘borderline’ (5% to <7.5%), ‘intermediate’ (>7.5% to <20%) and ‘high’ (=20%)), and

Full population 261,415

N Categorical NRI (95% CI)  Continuous NRI (95% CI)

0.070 (0.059-0.082) 0.405 (0.379-0.424)

8,117 0.081(0.069-0.094) 0.200 (0.182-0.215)

253,298 -0.011(-0.012 to -0.009) 0.205 (0.197-0.213)

stratified by ancestry. b, C-statistics are based on 10-year follow-up events from
Cox regression models of listed variables. PCE includes age and sex variables
initsrisk estimation. ¢, Theimprovement in the predictive performance of

the addition of the GPSy,,, to the PCE was evaluated using continuous and
categorized NRI, with a risk probability threshold of 7.5% and Cls (95%) obtained
from 100-fold bootstrapping.

ancestries. The enhanced predictive capacity of this score was par-
ticularly pronounced in the extremes of the score distribution, ena-
bling—in some cases—identification of healthy individuals with risk of
CAD equivalent to those with pre-existing disease. When added torisk
scores usedin current clinical practice, GPS,,,, significantly improved
discrimination and reclassification relevant to clinically important
decision thresholds, such as the decision to initiate statin therapy.

Thisworkbuilds on prior studies in providing aframework for opti-
mizing a polygenicscore forany trait, within the limitations of available
GWAS with finite sample sizes and underrepresentation of diverse popu-
lations. The GPSy,,, incorporates CAD summary statistics from large
non-European ancestry biobanks encompassing over 269,000 cases
and over1,178,000 controls, including many-fold larger representation
of individuals of non-European ancestries than previously published
efforts®***%* Thisresultsin substantialimprovements in prediction for
individuals of East and South Asian ancestry, reflecting greater repre-
sentation of summary statistics from Biobank Japan and Genes & Health.
However, the majority ofimprovementin effect sizeis attributable touse
of summary statistics fromthe largest CAD GWAS so far (CARDIOGRAM-
plusC4D consortium, excluding UK Biobank participants), particularly
in European ancestry individuals”. The additional incorporation of
genetic associations with CAD-related risk factors across ancestries
into calculating GPS,,, significantlyimproves prediction beyond using
summary statistics from CAD GWAS alone, withimpact most notablein
individuals of non-European ancestry. This may potentially be due to
greater representation of these ancestries in the discovery GWAS for
CAD risk factor traits. With these additions, the phenotypic variance
explained by GPS,,,, for CAD calculated as R? on the logit-liability scale
was 0.187. Although this estimate remains below the estimated single
nucleotide polymorphism heritability for CAD of 0.4-0.6, it surpasses
the phenotypic variance explained of 0.155 by the largest component
GWAS from the CARDIOGRAMplusC4D consortium?®°,

Overall, modest improvements in prediction were observed
among individuals of African ancestry, in part due to underrepresen-
tation of this group in GWASs so far, and these discrepancies warrant
careful consideration as polygenic scores start to enter into clinical
practice®. Due to smaller haplotype blocks observed in individuals
of African ancestry, a4-to 7-fold larger GWAS is needed to yield com-
parable prediction gains*. In the near term, the decreased effect size
observedinindividuals of African ancestry s likely to persist, and this
hasalso been observed for other biomarkers and predictorsin clinical
practice*. Nevertheless, genetic ancestry has a considerable impact
on certain aspects of polygenic risk prediction, such as the allele fre-
quency of agivenvariant. In order to best to move polygenic scoresinto
widespread practice, research efforts would benefit from transparent
and systematic reporting of score performance across ancestries*,
recruitment of more diverse study participants in cohorts such as the
US AllofUs Research Program?, new statistical methods to enhance
cross-ancestry portability'®”, more sophisticated quantitative metrics
and ongoing dialog with a range of stakeholders, including patients**.
Furthermore, as the population of admixed individuals that do not
discretely mapping onto a single continental ancestry continues to
increase, recently developed methods that account for more continu-
ousrepresentations of ancestry in polygenic scores may prove useful®.

Polygenic scores have the potential to enhance clinical decision
making, although this warrants confirmation in prospective studies.
Somesuchstudies are already underway returning polygenic risk infor-
mation to patients>*¢, and medical societies have begun to provide pro-
visionalguidance on their use”. Furthering these goals, GPS,,, is able
tobetteridentify individuals at the highest risk for developing incident
CAD to potentially guide early preventive interventions***°, Building on
prior work advocating for use of polygenic scores as arisk-enhancing
factor to guide decision making regarding statin therapy in individu-
als at borderline or intermediate CAD risk, the current work more
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strongly supports use in primary screening across the population to
target interventions’. Current cardiovascular prevention guidelines
recommend statininitiation for individuals solely on the basis of having
any of the following conditions as they portend high risk of anew ath-
erosclerotic cardiovascular disease event: prior CAD, ischemic stroke,
PAD, diabetes or severe hypercholesterolemia”. Here we demonstrate
that GPS,,, identified 3% of the population with equivalent risk for a
future CAD event as that in individuals who have had prior disease.
Similarly, the top 8%, 21% and 28% of the GPS,,,, distribution—despite
having no known CAD—had equivalentrisk ofincident CAD asindividu-
als with prior PAD, diabetes mellitus and severe hypercholesterolemia,
respectively. Because all three of these designations are currently clini-
calindications for statin therapy, a high GPS,,,,. could be employed to
identify additional individuals for cholesterol-lowering therapiesasan
adjunctto currentguidelines. Furthermore, given the GPSy,,’s ability
toidentify these individuals with the highest propensity for developing
CAD, these scores could be employed to enrich for high-genetic-risk
individualsin CAD prevention trials to maximize event rates and mini-
mize drug trial costs®.. The GPS,,,, could also be employed to identify
the individuals with the highest risk of recurrent events for targeted,
otherwise costly therapies that have been shown to be beneficial in this
population®***, Additionally, GPS,,, also identifies individuals in the
lower end of genetic risk who are seemingly protected from CAD with
similar risk reduction as that of carriers of variants in the PCSK9 gene
leading to lifelong reductions on LDL cholesterol**®,

Furthermore, a risk model incorporating polygenic risk with the
PCE estimated risk is applied to individuals across different ancestries
to demonstrate improved predictive performance. This improved
performance illustrates the potential for an integrated absolute risk
prediction model***. For example, this model is particularly useful
in differentiating risk in the high-risk South Asian ancestry popula-
tion, where traditional clinical risk estimators often fail to capture the
increased risk associated with this ancestry*. The integration of the
GPS,,c with PCE builds on prior efforts that demonstrated improve-
mentin model discrimination by now showing nearly identicalimprove-
mentin C-statistic (0.03) inbetween models incorporating (1) age and
sex, (2) PCE alone and (3) combined genetic and clinical risk across the
population®. However measures of C-statistic alone are not optimal or
fully comprehensive in evaluating models that predict future risk’*.
GPSy,, demonstrates nearly three-fold greater net reclassification of
CAD cases/noncases when added to the PCE 10-year risk assessment
toguidestatininitiation as compared with established ‘risk-enhancing
factors’. Further work is needed to incorporate additional risk fac-
tors. To aid in future model calibration efforts, there is a need for
population-level disease incidence and mortality data disaggregated
by ancestral subgroups®.

These results should be interpreted within the context of limita-
tions. Polygenic scores were developed and validated in individuals
of European ancestry and then externally validated in non-European
ancestry populations, and this may have contributed to decreased
predictive performanceinthese groups. These results underscore the
need for larger and more representative GWAS studies. UK Biobank
participants were recruited at age 40-69 years, raising the possibility
of survivorship or selection bias that limits generalizability to younger
patients; however, recent studies have demonstrated reliable perfor-
mance of GPSin younger age groups’. All UK Biobank disease endpoints
were similarly ascertained through participant self-report, diagnosis
codes frominpatient admissions, national procedure, and death reg-
istries. Relatively few incident events were observed in individuals
of non-European ancestry in the UK Biobank, and additional work is
neededto evaluate thisinlarger populations and further validate opti-
mal approaches tointegrate GPS with clinical risk scores. Participants
inresearch studies tend to be healthier than the general population—
recalibration of disease risk models for a given target population may
be needed before clinical deployment™,

In conclusion, incorporating GWAS data for CAD and related traits
frommultiple ancestries onalarge scale leads to significantly improved
performance of GPS,,.in external validation among diverse ancestry
populations when compared with previously published scores. This
approachis readily generalizable to common complex diseases and
traits, results in a polygenic score that is able to better identify indi-
viduals at the highest and lowest ends of risk, significantly reclassifies
risk beyond clinical risk estimators, and has the potential to advance
clinical decision making.
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Methods

Study populations

The UK Biobank is a prospective cohort study that enrolled over
500,000 individuals between the ages of 40 and 69 years between
2006 and 2010 (refs. 26,70). A detailed questionnaire completed by
UK Biobank participants at enrollment assessed self-report of sex,
ancestry and lifestyle factors, including smoking. Anthropometric
measurements including body mass index were measured at the
initial enrollment visit. Biomarkersincluding serum lipid concentra-
tions and renal function markers were assessed at time of enrollment
as part of the study protocol. Diagnoses of PAD, diabetes and hyper-
tension were determined on the basis of self-report, hospitalization
records, procedure codes and death registry codes confirming a
clinical diagnosis*”.

Participants within the Million Veteran Program were recruited
from more than 75 Veteran Affairs Medical Centers nationwide since
2011, with >885,000 individuals currently enrolled®. Each participant
has consented to linkage to their electronic medical record, wherein
self-reports of ancestry and sex, ICD9/10 diagnosis codes, Current
Procedural Terminology codes, clinical laboratory measurements and
reports of diagnostic imaging modalities are available. Participants
were also asked to complete baseline and lifestyle questionnaires to
further augment data contained in the electronic health record.

Genes & Health is a UK-based cohort of over 48,000 British Paki-
staniand Bangladeshiindividuals recruited and consented for lifelong
electronic health record access and genetic analysis®’. Medical records
arelinked toICD10, OPCS and SNOMED diagnosis and procedural codes
across inpatient and hospital settings as well as clinical laboratory
measurements, and abaseline questionnaire containing demographic
information including self-report of sex and ancestry.

Clinical endpoints

Ascertainment of CAD at enrollment in the UK Biobank was based
on self-report, hospitalization records, procedural codes or death
registry confirming diagnosis of myocardial infarction or its acute
complications, or a coronary revascularization procedure (coronary
artery bypass graft surgery or percutaneous angioplasty/stent place-
ment)””% The earliest date at which the diagnosis was ascertained
was considered as the diagnosis date. For individuals with CAD before
enrollment, recurrence of CAD was determined on the basis of diag-
nosis of a myocardial infarction or revascularization in the follow-up
period after study enrollment’.

Within the Million Veteran Program, ICD9, ICD10 and Current
Procedural Terminology codes from both inpatient and outpatient
encounters were used to curate and classify CAD cases based on having
amyocardial infarction or undergoing revascularization, identified
as subjects with at least two codes (of any category) that occurred on
distinct dates withina12 month window?®. Incident cases were identi-
fied as those with the first of the two qualifying codes occurring after
enrollment. The remaining CAD cases, including through self-report,
were considered prevalent.

In the Genes & Health study, ICD10 and SNOMED codes from the
linked electronic health record were used to classify CAD cases defined
asmyocardial infarction or revascularization on the basis of first diag-
nosis date*. Prevalent cases were defined as events before enrollment
while events occurring after enrollment were designated as incident
disease.

GPS construction

Summary statistics from recent CAD GWAS studies (Genes & Health,
FinnGen, Million Veteran Program, BiobankJapan and CARDIOGRAM-
plusC4D excluding UK Biobank samples) conducted in individuals
of diverse ancestries were used to determine primary CAD score
weights (Supplementary Table 1)*****?%3°, UK Biobank participants
were not included among these discovery cohorts to preserve them

asan independent hold-out dataset for training and validation of the
GPSy, (Supplementary Table 2). Ancestry-specific linkage disequilib-
riumreference panels were extracted from the 1000 Genomes Project
phase 3 data to match with the ancestry for the discovery GWAS, and
only unrelated samples were used’. GPS,,,. construction comprised a
two-layer process, with layer 1 consisting of combining multiple poly-
genic scores derived from different ancestry-specific GWAS data for
eachtrait, and layer 2 consisting of combining this multi-ancestry CAD
polygenicscore with similarly constructed multi-ancestry CAD-related
trait scores predicting CAD (Fig. 1) to generate GPS,..

Separate GPS were constructed for each ancestry-stratified CAD
GWAS using the LDpred2 method, which is a Bayesian approach to
calculate a posterior mean effect for all variants based on an effect
size in the prior GWAS and subsequent shrinkage based on linkage
disequilibrium”. Only HapMap3 variants—a set 0f 1,296,172 variants
compiled by the International HapMap Project which capture com-
mon patterns of variation in a variety of human populations—were
included for score calculation”. The default parameters used in the
LDpred2 method included the proportion of variants assumed to
be causal (cut-offs of P=1.0 x107*,1.8 x10™*, 3.2 x107*, 5.6 x 107*,
1.0x1072,1.8x1073,3.2x1073,5.6 x107%,1.0x10%1.8 x1072,3.2x107?,
5.6x102,1.0x107, 1.8 x107,3.2x107, 5.6 x 10 and 1), the scale of
heritability (s = 0.7, 1and 1.4) and whether or not a sparse LD matrix
was applied®”>””. Combinations of these parameters resulted in 102
candidate GPSs for each set of ancestry-stratified GWAS summary
statistics. We extracted the genotypes from centrally imputed data
repository, manipulated and transformed the data by bgenix and
BCFtools’®”?, computed the polygenic scores by the Plink software
parallelly for each chromosome, and combined the chromosome
scores for each individual by the Datamash software®*®'. The best GPS
was selected among these candidates by assessing their performance
in predicting prevalent CAD in an independent 116,649 individuals
of White British ancestry from UK Biobank (this dataset was used
in all the score selection procedures thereafter, and same group of
individuals used to train previously published score GPS,,;s who had
notwithdrawn consentin theinterim)’. For example, using the GWAS
data from CARDIOGRAMplusC4D excluding UK Biobank samples,
the best-performing score predicting CAD (GPS¢aprur) Was generated
using LDpred2 parameters of P= 0.018, h*scale = 1, and without sparse
LD. For selecting the best combination of CAD GPS scores from each
ancestry-specific CAD GWAS for mixing, the discriminative capacities
(Akaike information criterion, AIC) of these GPS combinations for
predicting CAD were assessed using the stepAIC function from RMASS
package®. A logistic regression model was used to estimate the mixing
weights for each individual ancestry-specific GPS. These GPSs were
then linearly combined together into a single GPS¢,panc SCOTeE (layer
1, Fig. 1). Similar procedures were followed for other atherosclerotic
diseases (ischemic stroke and PAD)***and risk factor traits—LDL cho-
lesterol, HDL cholesterol, triglycerides®>*®, diabetes®’, systolic blood
pressure®, diastolic blood pressure, glomerular filtration rate®® and
body mass index (Supplementary Table 1and Fig. 1).

These multi-ancestry trait-specific GPSs were then linearly com-
bined with the multi-ancestry GPS,panc (from layer 1) to generate the
final GPS,,, (Iayer 2). Just as for layer 1, the discriminative capacities
(AIC) of these GPS combinations for predicting CAD were assessed
to identify the best combination of trait-level scores for mixing®. A
logistic regression model was used to estimate the mixing weights
for eachindividual trait-specific GPS as described above. These GPSs
were thenlinearly combined together into asingle GPS,,, score (layer
2,Fig.1). Of 51 GWAS- and ancestry-specific GPS that went through lay-
ers1land 2 of selection and mixing, 32 contributed to the final GPS,y,
incorporating GWAS summary statistics from multiple ancestries and
multiple CAD-related traits (Fig. 2). LDpred2 parameters selected for
each score, whether the score survived after feature selection, and
mixing weights fromlayers1and2arelisted inSupplementary Table 1.
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GPS validation

The GPSy,,. was compared with previously published polygenicscores
withrespect to effect size for CAD association. The variant effect sizes
were downloaded from PGS Catalog and calculated in the same UK
Biobank validation dataset of 308,264 European ancestry individuals
for direct comparison®92328:49686984-9 Eqr score accession numbers
and performance metrics, see Supplementary Table 3. The validation
datasets were composed of UK Biobank participants separate from
those used to train the GPS,,.. These individuals underwent genotyp-
ing using the UK BiLEVE Axiom Array or UK Biobank Axiom Array, con-
taining over 800,000 variants spanning the genome?. Imputation was
performed using the Haplotype Reference Consortium resource, the
UK10K panel, and the 1000 Genomes panel™*’%, We identified asubset
of 488,243 participants with genotyping array data. After additional
exclusion of 45,602 individuals for high heterozygosity or genotype
missing rates, discordant reported versus genotypic sex, putative sex
chromosome aneuploidy, excess relatedness (second-degree relative
or closer), withdrawal of informed consent, or unreported ancestry and
116,649 individuals used for score training, 325,991 individuals (54.3%
female, 2.2% African, 0.4% East Asian, 92.0% European and 2.7% South
Asian) were included in the multi-ancestry internal validation cohort
for subsequent analyses.

External validation was performed inthe Million Veteran Program
and Genes & Health studies. Among Million Veteran Program partici-
pants, 173,996 individuals notincluded in the previously published CAD
GWAS*wereincluded and comprised 33,096 (21%) individuals of Afri-
canancestry and 124,467 (79%) individuals of European ancestry (Sup-
plementary Table 2). Individuals were genotyped using the Affymetrix
Axiomarray and imputed to the TOPMed reference panel. Variants and
sample quality control were previously described’. Within the Genes
& Health study, individuals not included in the previously published
CAD GWAS**were included and comprised 16,874 participants of South
Asianancestry (Supplementary Table 2). These individuals underwent
genotyping using the lllumina Infinium Global Screening Array v3 and
imputed using the GenomeAsia pilot reference panel. Variants with
low callrate (<0.99), rare variants with minor allele frequency <1%, and
variants that failed the Hardy-Weinberg test (P <1 x107®) inasubset of
samples with low level of autozygosity were removed.

Across all cohorts, individuals were analyzed in distinct
self-identified groups of African, East Asian, European, Hispanic
and South Asian ancestries. The generated polygenic scores were
residualized for thefirst ten principal components of genetic ancestry
and then scaled to a mean of O and standard deviation of 1 for each
ancestral group.

Statistical analysis

Comparison of baseline characteristics between individuals with high
or average genetic risk based on polygenic score was performed with
the chi-squared test for categorical variables, analysis of variance
(ANOVA) for asubset of continuous variables with normal distributions,
and Mann-Whitney Utest for continuous variables with nonparametric
distributions. Individuals with a given magnitude of increased risk were
identified by comparing progressively higher percentile cut-offs to the
middle quintile population in a logistic regression model predicting
disease status and adjusted for baseline model covariates. Individuals
were next binned into 100 groupings according to percentile of the
GPSyu and the unadjusted prevalence of CAD within each bin was
determined.

Risk for prevalent disease was calculated using logistic regression
models, including baseline model covariates defined as enrollment
age, sex, genotyping array and the first ten principal components
of genetic ancestry. Risk for incident CAD was calculated using Cox
proportional-hazards regression models, including baseline model
covariates. The proportion of phenotypic variance explained by the
polygenic score or risk factor of interest on the observed scale was

calculated using the Nagelkerke’s pseudo-R? metric using the rcom-
panionR package—where R?was calculated for the full modelinclusive
of thevariable of interest plus the baseline model covariates minus R?
for thebaseline model covariates alone. The proportion of phenotypic
variance explained on the liability scale was similarly calculated using
the logit liability R metric'®°.

To determine the polygenic risk equivalent of a CAD event com-
parable to risk experienced by those with prior CAD, a model was
constructed comparing three groups and monitored for a CAD event
inthe follow-up period: individuals with prior CAD, individuals without
prior CAD indifferentgroupings of the top distribution of GPS,,, (high
GPS,,) and individualsin the middle quintile of GPS,,, without prior
CAD using the survminer R package. Sequentially lower percentile
cut-offs for this high GPS,,,,. group were tested to find the grouping with
equivalentriskincrease for CAD as those with prior CAD. This analysis
was repeated for diabetes mellitus, PAD and severe hypercholester-
olemia (LDL cholesterol 2190 mg/dL). Inthe lower tail of GPSy,,,, the risk
forincident CAD was calculated inindividuals inthe bottom 5 percen-
tiles or 5th to 9th percentiles of GPSy,, relative to those in the middle
quintile, using Cox proportional-hazards regression modelsincluding
baseline model covariates. The prevalence of CAD among individuals
in the bottom 5 percentiles of GPS,,, was calculated, stratified by 20
pack-years smoking increments and compared with the prevalence of
CADinnonsmokersinthe middle 40th to 59th percentiles to estimate
equivalent offset risk.

Cox proportional-hazards models were used to estimate HRs
for incident CAD in the UK Biobank, with covariates of the first ten
principal components.Inmodel1, only age and sex were modeled with
the covariates. In model 2, only the clinical risk estimator—ACC/AHA
PCE’ or QRISK3 (ref. 6)—was modeled with the covariates. In model
3, GPSyu., clinical risk estimator, and the interaction term of GPSy,,
with the clinical risk estimator and the first ten principal components
of genetic ancestry are modeled. The 10-year incidence of CAD for
individuals grouped by GPS,, percentile and stratified by ancestry
group was quantified using model 3 standardized to four PCE risk
levels (mean 10-year risk of atherosclerotic cardiovascular disease as
low (<5%), borderline (5% to <7.5%), intermediate (=7.5% to <20%), and
high (=20%)) and the means of each of the covariates. The discrimina-
tion of each of these predictive models was assessed using Harrell’s
C-statistic. Theimprovement in predictive performance of the addition
ofthe GPS,,,.to the PCE or QRISK3 was evaluated using continuous and
categorized NRI, with a risk probability threshold of 7.5% and 95% Cls
obtained from 100-fold bootstrapping with the nricens R package. All
analyses were two-sided. Inallanalyses, a 95% Cl that excluded unity was
considered evidence of statistical significance. All statistical analyses
were performed with the use of R software, versions 3.5 and 3.6 (R
Project for Statistical Computing) and figures were generated using
the ggplot2 R package.

Reporting summary
Furtherinformation onresearch designisavailable in the Nature Port-
folio Reporting Summary linked to this article.

Data availability

All data are made available from the UK Biobank (https://www.
ukbiobank.ac.uk/enable-your-research/apply-for-access) toresearch-
ers from universities and other institutions with genuine research
inquiries followinginstitutional review board and UK Biobank approval.
This research was conducted using the UK Biobank resource under
applicationnumber 7089 and approved by the Mass General Brigham
institutional review board. The genome-wide association data support-
ing the findings of this study are publicly available in Biobank Japan
(http://jenger.riken.jp/en/result), FinnGen (https://www.finngen.fi/en/
access_results), AGEN T2D (https://kp4cd.org/index.php/node/309),
GIANT (https://portals.broadinstitute.org/collaboration/giant/),
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Global Lipids Genetics Consortium (http://csg.sph.umich.edu/willer/
public/glgc-lipids2021) and Million Veteran Program (via dbGaP at
https://ftp.ncbi.nlm.nih.gov/dbgap/studies/, under accession number
phs001672), and upon request from CARDIoOGRAMplusC4D (http://
www.cardiogramplusc4d.org/data-downloads/), MEGASTROKE
(http://megastroke.org/download.html) and Genes & Health (https://
www.genesandhealth.org/research/scientific-data-downloads). The
full GPS,,, weights are available in the Polygenic Score Catalog through
accession ID PGS003725.
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UK Biobank Study. The proportion of phenotypic variance explained by the
polygenic score predicting coronary artery disease (CAD) was calculated
inthe UK Biobank European ancestry validation cohort for each GPS score
using the A: Nagelkerke’s pseudo-R? metric, as the difference of the full model
inclusive of the polygenic score plus age, sex, genotyping array, and the first
ten principal components of ancestry minus R*for the covariates alone; and B:
logit-liability R metric. GPS,,,s denotes previously published polygenic score
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DlIsease Genome wide Replication and Meta-analysis plus The Coronary Artery
Disease Genetics consortium analysis (CARDIOGRAMplusC4D) excluding the
UK Biobank. Multi-ancestry CAD GWAS refers to the polygenic score generated
by combining ancestry-specific polygenic scores generated using discovery data
from Genes & Health, Biobank Japan, Million Veteran Program, FinnGen, and
CARDIOGRAMplusC4D (excluding UK Biobank). GPS,,,; designates polygenic
score for CAD designed with summary statistics from multiple ancestries and
multiple CAD-related traits.
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Subgroup N CAD (%) OR/SD 95%-ClI P-Value Odds Ratio/Standard Deviation
Males 8449 /140471 (6 %) 2.20 [2.15;2.26] <0.0001
Females 2043/167793 (1.2 %) 1.94 [1.86; 2.03] <0.0001 -
Ages 45-54 1064 /85790 (1.2 %) 2.17 [2.04; 2.31] <0.0001 —a—
Ages 55-64 4955/133302 (3.7 %) 2.18 [2.11; 2.25] <0.0001 |
Ages 65-75 4322/59876 (7.2 %) 2.08 [2.01; 2.15] <0.0001 L
[ I [ |
0.9 1 1.5 2 2.5
Extended Data Fig. 2| GPS,,, performance by sex and age subgroups. The principal components of genetic ancestry in the European ancestry validation
odds ratio per standard deviation (OR/SD) with 95% confidence intervals for dataset of the UK biobank (N = 308,264 independent participants) stratified by
prevalent coronary artery disease (CAD) risk of the GPS,,,, was assessed in a sex and age subgroups. Pvalues are derived from a ¢-testimplemented in the GLM

logistic regression model adjusted for age, sex, genotyping array, and thefirstten  functioninRand are two-sided.
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Extended Data Fig. 3| Coronary artery disease risk in the extreme ends of the
polygenicscore distribution. Proportion of UK Biobank validation population
with 3,4, and 5-fold increased risk for CAD versus the middle quintile of the
populationidentified by GPS,q;5 (A) and GPS,,,, (B). The odds ratio assessed ina
logistic regression model adjusted for age, sex, genotyping array, and the first ten
principal components of ancestry. Proportion of UK Biobank testing population
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with1/3,1/4,and 1/5 risk for CAD versus the middle quintile of the population,
population identified by GPS,,,s (C) and GPSy,, (D). Odds ratio assessed in a
logistic regression model adjusted for age, sex, genotyping array, and the first
ten principal components of ancestry. GPS: Genome-wide polygenic score; CAD:
coronary artery disease.
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Extended Data Fig. 4 | Extremes of risk for incident coronary artery disease same model standardized to the mean of each of the covariates. B: Cumulative
identified by tail distributions of GPS,,,,. A: Cumulative incidence of coronary CADrrisk (%) stratified by the bottom 5%, the 5-9% segment, and the 40-59%
artery disease (CAD) events (%) over length of the follow-up period stratified segment of the population for GPSy,, risk, estimated using Cox proportional-
by presence of prior CAD or with no prior CAD and for the middle quintile or hazards regression model adjusted for age, sex, genotyping array, and the
top 3% of the population for GPSy,,, risk, estimated using Cox proportional- first ten principal components of ancestry in the European ancestry validation
hazards regression model adjusted for age, sex, genotyping array, and the first dataset of the UK Biobank Study. The estimated 10-year CAD risk was predicted
ten principal components of ancestry in the European ancestry UK Biobank using same model standardized to the mean of each of the covariates. GPS:
validation dataset. The estimated 10-year CAD event risk was predicted using Genome-wide polygenic score.
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Extended Data Fig. 5| Equivalents of increased risk for incident coronary
artery disease event identified by high GPS,,,,.in the UK Biobank Study. A:
Cumulative incidence of coronary artery disease (CAD) events (%) over length
of follow-up stratified by presence of prior peripheral artery disease (PAD) or
no prior PAD with GPS,,,.in the middle quintile or top 8% of the population,
estimated using Cox proportional-hazards regression model adjusted for age,
sex, genotyping array, and the first ten principal components of ancestry in the
European ancestry UK Biobank validation dataset. B: Cumulative incidence of
CAD events (%) over length of follow-up stratified by presence of prior diabetes
mellitus (DM) or no prior DM with GPSy,, in the middle quintile or top 21% of

the population, estimated using Cox proportional-hazards regression model
adjusted for age, sex, genotyping array, and the first ten principal components of
ancestry in the European ancestry UK Biobank validation dataset. C: Cumulative
incidence of CAD events (%) over length of follow-up stratified by presence of
prior severe hypercholesterolemia (estimated untreated low-density lipoprotein
cholesterol, LDL-C 190 mg/dL or higher), or no prior hypercholesterolemia with
GPSy,in the middle quintile or top 28% of the population, estimated using Cox
proportional-hazards regression model adjusted for age, sex, genotyping array,
and the first ten principal components of ancestry in the European ancestry UK
Biobank validation dataset.
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Extended DataFig. 6 | Net reclassification with presence of high GPS,, or high GPSy,, when added to a baseline model of just the American Heart
or CADrisk enhancing factors over PCE10-year risk estimates. Net Association/American College of Cardiology Pooled Cohort Equations®in the
reclassification of coronary artery disease (CAD) cases and non-cases at the European ancestry validation dataset of the UK Biobank.

7.5% threshold achieved by presence of established CAD risk enhancing factors
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Extended Data Fig. 7| Association of GPS,,,. and risk factors with incident
and recurrent coronary artery disease events. Hazards ratio per standard
deviation (HR/SD) with 95% confidence intervals of variable of interest for
incident disease assessed in individuals without prior coronary artery disease
(CAD) followed for development of first CAD event with Cox proportional
hazards regression model adjusted for age, sex, genotyping array, and the
first ten principal components of ancestry in the European ancestry validation
dataset of the UK Biobank Study (N = 308,264 independent participants).
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Sample size These scores were validated within the non-overlapping UK Biobank cohort in 116,645 individuals of European ancestry and then tested in an
independent study population in the UK Biobank (African ancestry N=7281, East Asian ancestry N=1464, European ancestry N=308264, and
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South Asian ancestry N=8982), Million Veteran Program (African ancestry N=33096, European ancestry N=124467, Hispanic ancestry
N=16433), and Genes & Health Study (South Asian ancestry N=16874). Sample size for the UK Biobank, Milion Veteran project, and Genes &
Health Study were determined by the number of subjects who were genotyped and passed quality control. These sample sizes provide
adequate power to detect significant associations of GPSMult and previously published polygenic scores for coronary artery disease with
modest effect.

Data exclusions  Individuals were excluded based on excessive DNA contamination, low target base coverage, putative sex chromosome aneupoloidy, outliers,
for heterozygosity, or low genotyping array call rate. For each pair of related individuals (second-degree or closer), one was removed.
Additionally, participants who withdrew consent following initial enrollment were excluded.

Replication Careful steps were taken to obtain polygenic risk score weights from independent cohorts. After training in a hold out of the White British UK
Biobank participants, for score validation, the analyses of polygenic risk score associations with coronary artery disease were replicated using
the exact same procedure in 4 ancestry-stratified cohorts of the remaining individuals in the UK Biobank (African, East Asian, European, and
South Asian ancestry), 3 ancestry-stratified cohorts in the Million Veteran Program (African, European, and Hispanic ancestry), and in the
Genes & Health Study (South Asian ancestry).
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