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Abstract

Early prediction of risk of cardiovascular disease (CVD) including stroke, is a cornerstone of
disease prevention. Clinical risk scores have been widely used for predicting CVD risk from
known risk factors. Most CVDs have a substantial genetic component, which also has been
confirmed for stroke in recent gene discovery efforts. However, the role of genetics in prediction
of risk of CVD including stroke, has been limited to testing for highly penetrant monogenic
disorders. In contrast, the importance of polygenic variation, the aggregated effect of many
common genetic variants across the genome with individually small effects, has become more
apparent in the last 5-10 years and powerful polygenic risk scores for CVD have been developed.
Here we review the current state of the field of polygenic risk scores for CVD including stroke,
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and their potential to improve CVD risk prediction. We present findings and lessons from diseases
such as coronary artery disease as these will likely be useful to inform future research in stroke
polygenic risk prediction.

Non-standard Abbreviations and Acronyms

PRS polygenic risk score
metaGRS meta genomic risk score
GPS genome-wide polygenic score
PCE pooled cohort equations
C-index concordance index

CVD risk prediction

Risk prediction is one of the key tools in primary prevention of CVD and strokel, with

the first risk calculators being based on the Framingham study?: 3, followed by the Pooled
Cohort Equations®, QRISK3®, SCORES, and others. Risk calculators rely on risk factors
such as age, sex, total and/or LDL cholesterol, systolic blood pressure, and diabetes, to
predict the future risk of CVD (typically within 10 years). Individuals with high risk of
CVD and stroke can be prioritised for lifestyle interventions and medications such as statins,
antiplatelet, and antihypertensive treatments.

Despite advances in risk prediction, for many people the first sign of CVD risk is an event
such as a stroke or myocardial infarction. Some of the reasons for this are: (i) lack of
routine screening in the general population for the risk factors included in the calculators;
(ii) a large number of individuals fall within intermediate risk categories, a group in which
many events will occur; (iii) imperfect effectiveness and uptake of interventions or lifestyle
modifications; (iv) most traditional risk factors are less useful early in life to predict risk
later in life; (v) standard risk calculators do not capture all the risk of CVD, and there
remains substantial unexplained variability in risk, which may be partially explained by
other factors not yet routinely incorporated into these scores, such as education levels’.

With the aim of identifying further biomarkers and risk factors to add information to clinical
risk factors, genetics seems like a natural avenue, as there is the potential to discover

new markers beyond the traditional risk factors, as well as take advantage of the fact that
germline variation is essentially fixed for life and thus less susceptible to confounding and
reverse causality than other biomarkers and risk factors.

Monogenic variation (also called Mendelian) and its effect on CVD risk has been

well studied across a range of diseases: mutations for familial hypercholesterolemia
(LDLRI! APOB| PCSK?Y) increase the risk of myocardial infarction 4-10x fold8,

and similarly Cerebral Autosomal Dominant Arteriopathy with Subcortical Infarcts and
Leukoencephalopathy (CADASIL; NOTCH23) increases risk of ischaemic stroke markedly®.

Stroke. Author manuscript; available in PMC 2022 February 01.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Abraham et al.

Page 3

While monogenic variants can have high penetrance for disease and are thus of high
importance for those individuals who carry them and their families, only a small proportion
of the population carry these risk variants (~1 in 250 for familial hypercholesterolemia, 2-4
in 100,000 for CADASIL19), and the vast majority of CVD events in the general population
are not caused by them.

From GWAS to Polygenic Risk Scores

In contrast with rare monogenic variants, the role of common genetic variants in complex
diseases (typically single nucleotide polymorphisms, SNPs, with minor allele frequency of
>5%) has become clearer with the genetic and genomic revolution of the past 15 years or so.
Genome-wide associations studies (GWAS) have now identified as many as 32 genetic loci
associated with strokel?, >160 loci associated with coronary artery diseasel?-14, and other
related traits such as intracranial aneurysm?® (17 loci) and blood pressurel6-19 (>1000 loci).
The heritability of CAD and stroke has been estimated at ~40-50%20. However, despite

the large number of risk loci identified so far, these typically still explain only a minority

of the heritability of CVD and stroke (~20% for CAD and ~2% for ischaemic stroke),
indicating that there are likely more loci yet to be discovered by further increasing the
GWAS sample size?! and examining SNPs with lower allele frequencies. In addition, some
variants may be ancestry-specific, discoverable only by analysis of populations from more
diverse ancestries?2.

The main aim of GWAS is biological discovery, but the results can also be harnessed for
risk prediction via polygenic risk scores (PRS), also called genetic or genomic risk scores
(GRS) or genome-wide polygenic scores (GPS). While the individual alleles identified in
GWAS typically modify the disease risks only marginally, the cumulative impact of risk
alleles across the entire genome is considerable for many diseases. PRS are the weighted
sum of the individual effects of many risk alleles, with the weight based on the effect size
estimated from GWAS and optionally re-estimated to account for other properties such as
linkage disequilibrium.

Early risk scores had only a small number of SNPs23-26, as they were based on genome-
wide significant SNPs (typically SNPs associated at P<5x108, the genome-wide statistical
significance threshold). Subsequent relaxing of this stringent requirement led to stronger
yet still robust scores?’-30, More recently, it has been demonstrated that expanding the
scores to include far more SNPs than the genome-wide significant SNPs can substantially
improve predictive power, in accordance with the high polygenicity of CVD. PRS with as
many as several thousand or even millions of SNPs have been developed for CAD 31-33,
atrial fibrillation32-34 and ischaemic stroke35, using large biobank studies including the UK
Biobank3®: 37 and FinnGen.

For ischaemic stroke (1S), expanding the PRS from a 90-SNP score?’ (http:/
www.pgscatalog.org/score/PGS000038) to a 3.2 million SNP score (metaGRSstroke; http://
www.pgscatalog.org/score/PGS000039)3% increased the association with ischaemic stroke
from a hazard ratio (HR) of 1.13 (95% CI 1.10-1.17) per standard deviation of the score

to HR=1.26 (95% CI 1.22-1.31) per standard deviation, and correspondingly increased
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the C-index by 0.029 (C-indices of 0.556 and 0.585 for the 90-SNP score and metaGRS,
respectively; based on sex-stratified age-as-time-scale Cox models, adjusting for genotyping
chip and 10 genetic principal components). Another PRS, consisting of 350,000 SNPs, was
recently developed based on Japanese case/control datasets including BioBank Japan, and
validated in the Hisayama Study in Japan, resulting in a sex and age-adjusted HR=1.64 (95%
Cl 1.04-2.55) when comparing the bottom 40% with the top 60% of the score38.

For coronary artery disease, an analysis in the UK Biobank3! showed that an early 50-

SNP score (http://www.pgscatalog.org/score/PGS000011)25 achieved a hazard ratio of 1.26
(95% CI 1.25-1.28) per standard deviation (SD) of the score, compared with HR=1.52
(95% CI 1.50-1.55) for a later 46,000-SNP score?8 (http://www.pgscatalog.org/score/
PGS000012), and increasing to HR=1.71 (95% CI 1.68-1.73) for a 1.7 million SNP score
(metaGRScap; http://www.pgscatalog.org/score/PGS000018). The C-index (discrimination)
increased from C=0.59 (95% CI 0-58-0.60) for the 50-SNP score to C=0.66 (95% ClI
0.65-0.66) for the metaGRScap. Similar results in the UK Biobank were achieved using

an alternative approach based on a PRS consisting of 6.6 million SNPs (GPScap; http://
www.pgscatalog.org/score/PGS000013)32,

Despite early concerns that the use of SNPs that had not reached genome-wide significance
in the construction of a PRS could reduce the reliability of such scores, the performance of
these scores has been strongly validated in independent cohorts outside of UK Biobank:

in a meta-analysis of French Canadian cohorts (MHI Biobank / CARTaGENE)3? the
metaGRScap had an odds ratio (OR) of 1.69 (95% CI1 1.58-1.81) per SD of the score

for prevalent CAD and OR=1.17 (95% CI, 1.08-1.26) per SD of the score for recurrent
CAD; the GPScap had an OR=1.61 (95% CI 1.51-1.71) per SD of the score for prevalent
CAD and OR=1.13 (95% CI 1.06-1.22) per SD of the score for recurrent CAD. Similarly,
in an analysis of incident- only CAD in the eMERGE cohort in the USA%0, consistent effect
patterns in individuals of European ancestries were observed: HR=1.20 (95% CI 1.15-1.25)
per standard deviation for the 50-SNP score, HR=1.50 (95% CI 1.43-1.56) for the GPScap,
and HR=1.53 (95% CI 1.46-1.60) for the metaGRS¢cp, With both larger scores showing
increases of C-index by +0.02 over the smaller score.

It is now clear that due to the high polygenicity of CVD, scores that incorporate a much
larger number of SNPs than the genome-wide significant SNPs, can achieve substantially
better predictive power with consistent performance across cohorts of the same ancestry.
However, this approach also depends on the availability of more sophisticated statistical
modelling tools that can better account for the complex patterns of SNPs correlations
(linkage disequilibrium, LD) and effect sizes, such as LDpredL. In addition, extra predictive
power can often be gained by leveraging GWAS of multiple correlated risk factors and
diseases related to CVD and stroke (e.g., blood pressure, HDL cholesterol, BMI), into a
single PRS, a so-called ‘metaGRS?31: 35,

PRS versus traditional risk factors

Genetic variation cannot directly affect disease risk but must operate through various
biological pathways, some of which are represented by traditional risk factors such as blood
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pressure and cholesterol. The question of the relationship between PRS and traditional CVD
risk factors has been examined across several studies with remarkably consistent results.
More specifically, the questions of interest have been: (i) how does the predictive power of
PRS compare with individual known risk factors? (ii) are PRS substantially correlated with
known risk factors or independent of them? (iii) do PRS add any predictive information on
top of established clinical risk scores? (iv) how do the unique characteristics of PRS affect
risk prediction compared with that based on traditional risk factors?

First, recent CVD PRS have been shown to perform as well as or better than individual
traditional risk factors. The metaGRSgtqke has been shown in the UK Biobank to be more
predictive of ischaemic stroke risk than family history, systolic blood pressure, body mass
index (BMI), current smoking, diagnosed diabetes, and only slightly less than diagnosed
hypertension3®. Similarly for CAD, the metaGRScap has been shown in the UK Biobank to
be more predictive of CAD risk than individual traditional risk factors (current smoking,
diagnosed diabetes, family history of heart disease, hypertension, and diagnosed high
cholesterol)3L, with an increase in C-index of +0.029 for the PRS over the 2nd strongest
risk factor, diagnosed high cholesterol (C-indices of 0.623 and 0.594 for the metaGRScap
and diagnosed high cholesterol, respectively). Highly concordant results were demonstrated
for the GPScap, Which was shown to be stronger than each of the eleven CVD risk factors
examined, including systolic and diastolic blood pressure, ApoB, ApoAl, total/LDL/HDL
cholesterol, BMI, current smoking, diabetes, and family history of CAD, in both the Malmd
Diet and Cancer Cardiovascular Cohort as well as the UK Biobank (increases in C-index of
+0.013 and +0.014, respectively, over the next strongest factor, while adjusting for sex and
age)*2.

Second, across several studies, PRS for CVD have been shown to be essentially independent
of the clinical risk scores such as the Framingham Risk Score and the Pooled Cohort
Equations (PCE)28. 31, 33,42 This is likely because age and sex are the largest contributors to
these clinical scores*3, whereas the PRS do not vary by sex or age. In addition, GWAS have
uncovered a large number of genetic associations which strongly implicate the role of novel
biological pathways not currently captured by traditional risk factors. In CAD, GWAS has
highlighted the role of inflammation and cellular proliferation in disease risk*4. Similarly in
stroke, large meta-analyses have confirmed known associations with blood pressure, atrial
fibrillation, and blood lipids as well as implicated pathways that are less of a focus of current
research: coagulation, cardiomyocyte differentiation, muscle-cell fate commitment, nitric
oxide metabolism, and possibly heart ratell. Since PRS that are based on genome-wide
summary statistics are relatively unbiased with respect to biological pathways, they tend to
capture a broad range of genetic effects which operate through traditional risk factors, novel
risk factors, and those likely unknown as well. This, together with the fact that PRS act
largely multiplicatively (log-additively) on disease risk, means that the PRS effect on risk

is largely not explained by traditional risk factors and can be added into risk models as an
essentially independent risk factor.

Third, beyond adding information above individual risk factors, recent CVD PRS also
consistently increase predictive power above established clinical risk scores: adding the
49,000-SNP CAD PRS to either the Framingham Risk Score or the PCE led to increases in
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C-index for CAD of +0.015-0.016 (meta-analysis across FINRISK and Framingham Heart
Study)28. Adding the GPScap to the PCE resulted in increases in C-index for CAD of +0.02
in UK Biobank and +0.026 in the Malmé Diet and Cancer Cardiovascular Cohort*2. Another
recent CAD PRS#? evaluated in the FINRISK study in Finland showed that a score based

on age, sex, and a PRS, outperformed the clinical risk scores for predicting incident CAD
(C-index of 0.832 and 0.823, respectively) and incident atrial fibrillation (C-index of 0.751
and 0.725, respectively).

Beyond the increases in raw predictive power, a public health analysis*® used the UK
Biobank and extrapolated it to the general UK population via the Clinical Practice Research
Datalink (CPRD) dataset. In the analysis, addition of a CVD PRS to conventional risk
prediction models improved prediction of composite CVD (CAD or stroke). Targeting PRS
to those individuals who had been identified as intermediate risk by clinical risk scores
(5-10% 10-year risk) was estimated to help prevent one additional CVD event for every
~340 individuals screened. This compared favourably with an alternative approach of adding
C-reactive protein (CRP) to the clinical models, which was estimated to lead to prevention
of only one event in ~490 individuals screened. Extrapolating these estimates to the entire
UK population, adding a PRS to risk screening would be estimated to prevent an additional
20,000 CVD events over 10 years in 40-75 year-old individuals.

Similarly, a health-economic analysis of the use of an earlier PRS?8 to guide statin treatment
for prevention of CAD found a net benefit in the context of the Finnish health system,

with an estimated saving of 2.5 Euro per patient aged 45 or older, over a 10-year follow-up
period?’; it is likely that the net benefit for more recent CAD PRS, which are more powerful,
would be even greater.

Finally, while PRS can be considered a powerful risk factor, it does offer unique advantages
relative to traditional risk factors. Risk factors such as blood pressure and cholesterol levels
can vary over time, and any one measurement only provides a snapshot at one point in time
rather than the cumulative lifetime effect*8. Similarly, family history often indicates both
genetic as well as environmental/lifestyle risk, but is also highly limited in that it depends on
actual events having occurred and being appropriately recorded and known by the person. In
contrast, PRS are based on germline variation which is essentially stable across life and can
be ascertained once by genotyping. This does not preclude updating the SNP weights when
new scores become available in the future.

There is now strong evidence for creating new CVD risk scores, which combine traditional
risk factors with PRS, leading to stronger scores than would be possible today. At the
same time, the important role of monogenic variants should not be ignored. Since the
polygenic and monogenic components are inherited essentially independently of each
other, there will be individuals who carry monogenic variants as well as high PRS,

putting them at substantially high risk of CVD versus carriers with low or average

PRS (i.e., variable penetrance). Recent results in the UK Biobank® have estimated that
familial hypercholesterolemia carriers had an average cumulative CAD risk of 41% by

age 75, but the risk varied between 20% to 80% depending on the PRS (GPScap in this
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case) for that individual. In addition, individuals with high PRS who were not familial
hypercholesterolemia carriers had similar lifetime risk of CAD as carriers with low PRS.

These results indicate that for the vast majority of the population who do not carry CVD-
related monogenic variants, the standard combined PRS and traditional risk factor score

will be adequate. However, for monogenic carriers, having the PRS information can still be
informative regarding their risk; importantly, the same PRS can be used regardless of carrier
status. While similar rare variant analyses have not yet been performed for stroke, it is likely
that the findings from other cardiovascular diseases will apply to stroke as well, and further
work is needed to better understand how PRS can modify monogenic penetrance across a
range of cardiovascular diseases and related traits.

Future Directions in PRS Development

Several factors represent challenges for development of far more powerful and effective PRS
for CVD. GWAS sample sizes will remain a critical factor across all PRS, since they directly
affect the precision of the GWAS effect size estimates which, in turn, impact the PRS
predictive power. As larger GWAS cohorts become available, new PRS will become more
powerful, with the only limitation being the heritability of CVD5%0 (Figure 1). However,
recruitment, genotyping, and phenotyping of large cohorts is costly and time-consuming. In
the meantime, statistical approaches can be used to augment the effective sample size via
the use of proxy designs (taking advantage of individuals with family history of CVD in
addition to cases)®, methods that perform multi-trait GWAS®?2 to increase statistical power
to detect CVVD-associated loci, and PRS that combine multiple related PRS into a more
powerful single score (metaGRS)31: 35,

Sex differences in CVD is another important topic for consideration in future PRS analyses.
There are well-known differences in both incidence and presentation of CVD between the
sexes, suggesting that sex-specific PRS may be better than sex-agnostic PRS. However,
most GWAS are limited to the autosomal chromosomes. So far, no associations have been
detected on chromosome X for CAD®3. Yet, there may be some sex-specific effects for

the same autosomal loci; these analyses would require performing a sex-specific GWAS

of existing cohorts and may enable development of sex-specific PRS with better predictive
power than existing PRS that do not consider sex-specific effects.

Another substantial challenge is ancestry, as it can have a large effect on the performance
and interpretation of PRS®# 55, The majority of past cohorts collected for population
research have been dominated by European ancestries and this has fed into the GWAS
performed for CVD-related traits. The PRS developed from these GWAS tend to perform
best in European ancestries, with reduced performance in other ancestries, particularly
African. This is likely due to differences in allele frequencies and linkage disequilibrium
between ancestries, but may also reflect some differences in environmental effects such as
in lifestyle or diet (i.e., gene-by-environment interactions). In some cases, existing PRS can
undergo some re-tuning in order to increase transferability>®. However, in general, there
remains a strong need for validation of existing scores on a wider range of ancestries, as
well as larger non-European participation in GWAS cohorts which would allow derivation
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of ancestry-specific PRS%’. Notably, the widely-used Pooled Cohort Equations only allow
for White and Black categories, again highlighting the need for better incorporation of more
diverse ancestries in clinical risk scores as well.

Challenges and Next Steps in Stroke PRS Development

In addition to the challenges faced by CVD PRS as a whole, stroke poses special challenges
for development of effective PRS.

While all cardiovascular diseases are heterogeneous to some degree, this is an issue
particularly with stroke. Besides the major distinction between ischaemic and haemorrhagic
stroke, there are further clinical subtypes of stroke with distinct underlying aetiological
pathways, such as large artery atherosclerotic stroke (LAS), cardioembolic stroke (CES),
and small vessel stroke (SVS). Although there is some overlap in the genetic factors
between stroke subtypes, heterogeneity in the influence of genetic variants on different
stroke subtypes is the norm, not the exception!: %8, The majority of loci identified in the
largest stroke GWAS to date (MEGASTROKE), were associated with multiple, but never
all, stroke subtypes®8. GWAS in stroke subtypes has been challenging due to the small
sample sizes with confirmed diagnoses of these subtypes. One notable example is SVS,
which causes up to a quarter of all ischaemic strokes. SVS is the most common stroke
subtype caused by monogenic disease and has a strong association with family history>®,
however, up until recently only a small number of SVS risk loci have been identified in
GWAS. Outside of the known monogenic loci, GWAS initially identified the role of the
16024.2 locus in SVS risk®, with three more loci having been identified with varying
degrees of certainty (2933, 14422, 12q24)%°. Besides increases in sample size, leveraging
related traits using multi-trait GWAS seems promising to increase statistical power to detect
more SVS-associated loci®l.

Despite these advances in stroke genetics, the implications for polygenic risk scores are
not immediately clear. Currently, GWAS sample sizes with confirmed diagnoses of stroke
subtypes remain low, limiting predictive power and necessitating the use of a generic
ischaemic stroke PRS3® or all-stroke PRS27. However, there may be benefit in the future
from developing subtype-specific PRS when larger sample sizes are available.

Clinical Applications and Implementation of PRS

A recent retrospective analysis of a stroke PRS examined five randomised controlled trials
(ENGAGE AF-TIMI 48, SOLID-TIMI 52, SAVOR-TIMI 53, PEGASUS-TIMI 54, and
FOURIER) totalling 51,000 participants (960 incident ischaemic stroke events)52. A 32-SNP
score was more strongly associated with ischaemic stroke in participants without prior
stroke than those with prior events, even after adjusting for a large number of clinical

risk factors including hypertension, hyperlipidaemia, diabetes, smoking, atrial fibrillation,
vascular diseases, and congestive heart failure (HR=1.24, 95% CI 1.05-1.45 for the top

33% of genetic risk vs the bottom 33% for participants without prior stroke). The score

had similar predictive power across subgroups of sex and age. Further, in participants with
atrial fibrillation and CHA,DS,-VASc of 2, being in the top 33% of genetic risk increased
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risk markedly (HR=3.97, 95% CI 1.04-15.2), with an absolute risk similar to that of a
CHA,DS,-VASc of 3. These results further support the notion that stroke PRS are an
independent risk factor outside of clinical risk factors, and that they may also be useful at
identifying individuals with atrial fibrillation who are at increased stroke risk despite having
moderate CHA,DS,-VASC scores of 2. Thus, stroke PRS may help guide anticoagulation
therapy in individuals with atrial fibrillation. The use of a larger PRS with better predictive
power3® would likely improve these results further and should be examined.

With the growing interest in PRS for CVD and other diseases, together with the

wide range of cohorts and scores that have been developed, there is greater need for
standardisation in terms of PRS curation and reporting. The recently-developed PGS
Catalog® serves as a central public repository for PRS for CVD, other diseases, and other
human traits, where metadata regarding each score and its analysis are curated, including
the performance metrics in each dataset, such as /2, area under the receiver-operating
characteristic curve (AUC), and odds ratios. In addition, reporting standards for PRS have
been recently developed (PRS Reporting Statement, PRS-RS)®4, which call for publication
of detailed information about each study population (recruitment method, demographics,
exclusion criteria, definition of the clinical outcome) and the statistical analysis behind the
development and validation of the score. The reporting standards aim to increase better
transparency in PRS analysis, leading to higher reproducibility of results and ease of
benchmarking of various competing scores.

Finally, we highlight two outstanding issues pertaining to deployment and communication
of PRS to individuals. First, from a purely technical perspective, genotyping is essentially

a one-time cost, and from the same set of genotypes (potentially augmented by statistical
imputation of more variants) several PRS for CVD and other diseases can be calculated.

The PRS can be updated later as new ones are developed. It remains to be seen how
genotyping and scoring will be implemented within health systems to maintain consistent
standards and protocols of care. A second important challenge is how to communicate PRS
results to individuals in a consistent and transparent way that enables them, together with
clinicians, to make the best informed decisions about CVD risk management. Preliminary
results from the GeneRisk® study in Finland indicate that interactive risk tools (such as
their KardioKompassi tool) are effective in motivating high-risk individuals to adopt lifestyle
changes, but more studies, including prospective®® and randomised controlled trials, are
required to better understand the generalisability of these results and long-term impact of the
risk information.

Conclusions

The past 15 years have seen immense development in genomics and genetics, enabling
genome-wide association studies of large cohorts, and uncovering the ubiquitous polygenic
basis for CVD, including stroke. The predictive power of polygenic scores for CVD now
routinely surpasses that of traditional risk factors, and will likely increase in the future.
The next generation of risk scores will likely integrate traditional risk factors together with
polygenic risk, and also account for any monogenic variants a person may be carrying.
Further research is needed to expand this approach to the various subtypes of stroke, better
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understand the role of sex in CVD genetics, better account for diverse ancestries in score
development and validation, and finally, to safely and effectively communicate the risk
results to individuals.
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Figure 1. Distribution of typical current and future PRSin the population.
(A) Stratification of risk for typical current CVD PRSs (explaining 10% of heritability),

comparing the top bins in the populations versus the middle PRS category (45-55%) in
terms of odds ratio (OR). (B) Distributions of PRS in disease and non-disease individuals
for a typical current CVD PRS, as well as receiver-operating characteristic curves (ROC;

AUC=0.645). (C) Discrimination for a hypothetical

future PRS explaining all CVD
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heritability (AUC=0.914). Based on simulations of the liability threshold model®® assuming
a CVD population prevalence of 3% and heritability of 50%.
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