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Abstract

Background: Cardiovascular disease (CVD) is the leading cause of
death worldwide, yet commonly used CVD risk calculators do not
incorporate genetic predisposition and are based only on clinical and
lifestyle factors.

Aim: This review evaluates the role of polygenic risk scores (PRS) in
cardiovascular risk prediction.

Methods: This review is a narrative synthesis of studies on PRS in
CVD. A systematic PubMed search of articles published in the last five
years, supplemented by reference screening, was used to identify
relevant papers.

Findings: PRS modestly improves risk prediction when combined
with conventional models, particularly in younger populations.
However, on its own PRS lacks sufficient predictive power to serve as
a replacement. Its clinical utility is limited by cost, lack of guidelines,
and reduced accuracy in non-European populations due to biases in
genome-wide association studies.

Conclusion: Although PRS provides genetic insight, its practical
application remains limited. Future research must address ancestry
biases and cost-effectiveness for equitable integration into CVD
prevention strategies. Hence, PRS should be considered as a
supplemental tool and not as a standalone predictor in cardiovascular
risk assessment.
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Abbreviations

CAD - coronary artery disease

CVD - cardiovascular disease

FHx — family history

GWAS - genome-wide association studies
PRS — polygenic risk scores

Introduction

Cardiovascular disease (CVD) is the leading cause of death, causing
32% of global deaths every year.! Coronary artery disease (CAD) is the
most common form of CVD, accounting for 66,437 deaths in the UK
in 2023.2 CAD is caused by the buildup of plaque on the inner walls
of coronary arteries, reducing blood flow to the heart and increasing
the risk of a heart attack.> Accurate risk prediction is critical for early
intervention and prevention strategies, with models such as the
Pooled Cohort Equations, Framingham Risk Score and Systematic
Coronary Risk Evaluation being used for CVD risk prediction. These
models are used in primary care to predict the risk of CVD based
on lifestyle and clinical factors like age, blood pressure, smoking,
diabetes, cholesterol and family history (FHx) of CVD.* However, while
these models incorporate FHx as an indirect measure of genetic risk,
they do not account for genetic variability that is distributed across
the entire genome.

To address this, polygenic risk scores (PRS), a new approach to



quantifying genetic risk by aggregating multiple genetic variants has
been proposed to enhance the prediction of CVD. PRS is a genetic-
based approach that uses the total effect of multiple genetic variants
to determine an individual’s risk to a disease. Unlike traditional risk
factors, PRS is stable throughout the life course and properly captures
the inherited predisposition. PRS is calculated from genome-wide
association studies (GWAS), which are large-scale studies that
determine genetic associations with a disease across a population.®
Thus, through combining the effects of these variants into a single
value, PRS provides a quantitative measure of genetic risk.

This review critically evaluates the role of PRS in CVD risk prediction,
focusing on its predictive accuracy, applications in the short and
long term, and challenges associated with its applications in diverse
populations. By addressing these key issues, this review aims to
provide a comprehensive understanding of PRS and its potential role
in shaping the future of cardiovascular risk prediction.

Methods

The PubMed database was searched on 28 February 2025 to identify
relevant studies on PRS and CVD risk stratification. The search terms
("Polygenic Risk Score" OR "Genetic Risk Score" OR "PRS") AND ("Heart
Attack" OR "Myocardial Infarction" OR "Coronary Artery Disease") AND
("Risk Prediction" OR "Risk Stratification" OR "Cardiovascular Risk")
were used. Studies were included if they were systematic reviews,
randomised controlled trials, observational studies, meta-analysis or
clinical trials and published within the last 5 years. Furthermore, non-
human studies, single-gene mutation research, non-peer-reviewed
articles, and non-English papers were excluded.

The search initially yielded 144 articles, which were reduced to 14
after applying the inclusion and exclusion criteria. Following an in-
depth review, 11 studies were selected for their relevance to PRS
and CVD. Additionally, 8 supplemental articles were obtained from
a manual review of reference lists, and a further 6 references were
obtained for definitions and background information.

As this is a literature-based review, ethical approval was not required.
No statistical analyses were performed.

Results

Eleven studies were selected for their relevance to PRS in CVD
(Table 1). These included large prospective cohorts, clinical cohorts,
randomised trial sub-studies, one meta-analysis and one systematic
review. Sample sizes ranged from 1002 to 979,286.

A summary of the populations, sample sizes, study designs, and key
findings of the included studies is presented in Table 1.

Discussion
Evaluating PRS against established cardiovascular risk models

Recent studies have compared the use of PRS with established CVD
risk models. A study of individuals aged 70 years and older found
that PRS was less accurate than established models by 14.81%
and was also worse than several single clinical predictors, such
as sex, cholesterol, creatinine and age, using receiver operating
characteristics.® An observational study of UK Biobank participants
aged 40-69 years supported these findings.” These results indicate
that while PRS captures genetic predisposition, it does not capture
the lifestyle factors that drive the progression of CVD, which
traditional risk models better incorporate.

However, genetic predisposition is currently assessed through FHx,
which remains a strong predictor of CVD as FHx incorporates both
geneticand shared environmental factors. A large-scale observational
study using FinnGen study Data Freeze 7 found that PRS and FHx
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have independent but complementary effects on risk prediction.
The study reported that PRS explained only 10% of the effect of FHx,
while FHx explained 3% of PRS variance? indicating that PRS does
not simply replace FHx but provides additional information for risk
stratification.

Given this, researchers have assessed the use of PRS alongside
traditional risk models to enhance predictive accuracy. A Danish
study found that the incorporation of PRS into conventional risk
models for CAD enhanced predictive capability by 4%.° A systematic
review of cohort studies reported that PRS increased the predictive
capability of CAD by an average of 0.006 in C-statistic, which is
modest but statistically significant.” Although these findings support
the FinnGen study,® their clinical significance remains uncertain,
particularly when considering the cost-effectiveness of integrating
PRS into clinical practice.

The accuracy of PRS is dependent on the method used to derive
the score. A meta-analysis found that weighted PRS methods, such
as LDpred and metaGRS, outperform unweighted methods in CAD
prediction by 1.6%." These findings were supported by a systematic
review.'? This is due to unweighted PRS assigning equal weight to all
geneticvariants regardless of their effect size, which oversimplifies the
genetic architecture of complex traits. However, weighted PRS uses
variant specific effect sizes derived from GWAS to improve predictive
accuracy, especially for complex traits like CAD, by accounting for the
relative contribution of each variant to disease risk.

Even though PRS seems promising, its clinical application remains
limited due to cost and accessibility barriers. Although genomic
sequencing is expensive, PRS calculations typically rely on genotype
data obtained from genotyping arrays, which are more affordable and
widely used in research settings.> However, health systems lack cost-
effective methods for integrating PRS, and until its predictive value
outweighs costs, widespread implementation remains uncertain.

PRS for short-term vs long-term risk: identifying the optimal use
case

How PRS is implemented determines its value to patient care, for
example, for long-term primary prevention or short-term clinical
management of high-risk patients.

In long-term risk primary prevention, PRS provides a genetically
informed measure of risk, allowing high-risk individuals to be
identified from birth since PRS remains stable throughout life, unlike
traditional risk factors, which fluctuate over time, allowing for earlier
intervention.'>'* Studies show that PRS-based CAD stratification is
particularly effective in younger populations with the odds ratio of
disease per standard deviation of incident CAD being higher." This
suggests that PRS could serve as justification for early pharmacologic
interventions, such as early statin therapy initiation, given that earlier,
more aggressive LDL cholesterol reduction has shown to improve
long-term cardiovascular outcomes.'>'*'> Furthermore, digital health
programmes that incorporate PRS has enhanced the adherence to
lifestyle changes,''” showing how PRS may support prevention
efforts. However, PRS is rarely accompanied by specific management
guidelines, limiting its utility in young adults who do not have other
risk factors.’8?

PRS hasalso been appliedto the prediction of recurrent cardiovascular
events. Research has shown that among patients with a history of
heart attack, those with high PRS are more likely to experience a
recurrence and should be treated more aggressively.” A recent study
supports this, as individuals with high PRS has a 1.65 times increased
risk of recurrent cardiovascular events compared to those with low
PRS and with an odds ratio of disease per standard deviation of CAD
incident of 1.12." This suggests that PRS could help guide secondary
prevention strategies by identifying individuals who require more
intensive intervention.



However, there are limitations in the short-term applications of PRS
in older individuals, as traditional risk factors increase in predictive
value of cardiovascular events with age, while genetics decrease in
predictive values. Moreover, clinical guidelines focus on modifiable
risk factors and do not account for genetic predisposition, which
hinders the direct incorporation of PRS into treatment plans.’
As ongoing research refines PRS methodologies, their role in
cardiovascular risk management may become more clearly defined.
In the end, for short- and long-term risk prediction, which of the two
is more appropriate depends on the context. For pre-symptomatic
prevention, PRS identifies high-risk individuals before they develop
symptoms and allows for lifestyle changes and early drug therapy.™
While lifestyle is a short-term risk estimation, PRS enhances the
risk assessment to ensure that patients are managed optimally.
Therefore, the best approach may be to use PRS in two ways: for
screening high-risk individuals from childhood and optimising
treatment in high-risk adults.

PRS across diverse populations: accuracy, bias and ethical
considerations

Despite the potential of PRS to enhance CVD risk assessment, their
accuracy is substantially influenced by ancestry-related biases
in GWAS. The predictive accuracy is reduced for non-European
populations as the vast majority of GWAS datasets are derived from
European populations. This is due to differences in allele frequencies,
genetic architecture (the number, frequency and effect sizes of
variants contributing to a trait), and linkage disequilibrium, meaning
some genetic markers tend to be inherited together. These factors
reduce the transferability of PRS across ancestries, since linkage
disequilibrium patterns vary between populations and influence
how genetic effects are estimated.?'-2*

The efforts to improve PRS generalisability have resulted in the
development of multi-ancestry PRS models that incorporate genetic
data from various populations. These models are more accurate
than the European-derived PRS, but the accuracy differs based on
the population studied.?’* Notably, African ancestry populations
present a challenge, as higher genetic diversity within these
populations makes risk prediction more complex.?® Therefore, while
multi-ancestry PRS models are a step in the right direction, they are
not a full solution as they still rely heavily on European-based GWAS
datasets.?"

Beyond technical limitations, the lack of PRS accuracy in non-
European populations raises ethical concerns regarding health
disparities. As PRS is increasingly incorporated into precision
medicine, populations with lower PRS accuracy will get unreliable
risk assessments, leading to inaccurate predictions of risk.? It is
possible that some individuals will be denied needful interventions
and others will be overtreated. This is particularly a concern in CVD,
where the disease burden has already been disproportionately high
on historically underrepresented groups.?’* However, the same
issue is present with multi-ancestry PRS models, as the GWAS data is
still mainly European.” To reduce these inequalities, current studies
are focused on expanding genetic datasets and developing better
methods to improve PRS accuracy across various populations.?' Risk
thresholds will have to be standardised to be able to incorporate
PRS into clinical guidelines to make sure that the interpretation is
consistent across populations.

Strengths and limitations

As shown in Table 1, the studies included in this review were mixed
in quality and design. Large cohorts like UK Biobank, FinnGen and
the China Kadoorie Biobank provided strong statistical power, but
most participants were of European or Chinese ancestry, which limits
how generalisable the findings are. Smaller clinical groups, such
as Dan-NICAD and CAPAR-CAD, gave useful insights into how PRS
might work in practice but their sample sizes were relatively small.
Randomised trial sub-studies like ODYSSEY OUTCOMES suggested
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that patients with high PRS may respond differently to treatment,
though these were post-hoc analyses and need confirmation in
prospective studies. Meta-analysis and systematic reviews supported
the overall message that PRS only modestly improves prediction, but
overlapping datasets may have inflated their results.

This review also has its own strengths and limitations. The use of a
systematic PubMed search and the inclusion of a wide range of study
designs gives a broad and up to date overview of the evidence.
On the other hand, the search was limited to one database and to
English-language studies from the last 5 years, so some relevant
work may have been missed. This could mean that studies from
non-European or non-Chinese populations were underrepresented,
which is important as these groups are already less well covered
in PRS research. Finally, because this was a narrative rather than a
quantitative review, results could not be pooled, which means the
exact size of the effect could not be measured.

Conclusion

PRS is a stable measure of genetic susceptibility to improve
cardiovascular risk prediction. However, the evidence suggests
that although PRS adds independent predictive value, it fails to
outperform traditional risk models that are based on modifiable
risk factors that are known to influence the disease progression. The
studies show that the combination of PRS with conventional models
improves risk stratification only slightly, especially in the intermediate
risk population, but the clinical utility of PRS alone is limited. Because
these improvements are small in magnitude, the cost-effectiveness
and other practical aspects of routine PRS application need further
consideration.

The main limitation preventing the adoption of PRS is its reduced
predictive accuracy in non-European populations, since GWAS used
to calculate PRS is almost exclusively of European descent. This leads
to misclassification and disparities in preventive care. Future work
must include congregating genomic studies of diverse ethnicities to
fine-tune the PRS models and apply them equally to clinical practice
across different populations.

Moving forward, PRS should be viewed as a complementary tool
rather than a replacement for traditional risk models. If clinical
guidelines and equity issues are addressed, PRS has the potential
to refine CVD prevention strategies, enabling a more personalised,
genetically informed approach to CVD management.
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Table 1. Summary of studies evaluating polygenic risk scores (PRS) in cardiovascular disease (CVD)

Population

Author (Year) (setting) Sample size Study design Key findings
Luetal.(2022) | Chinese adults 95,408 Prospective PRS modestly improved prediction, stronger in
participants cohort younger adults
Elliott et al. UK Biobank 352,660 Prospective PRS linked to CAD risk but added little beyond
(2020) participants (40-69 | participants cohort clinical scores
yrs)
Damask et al. Post-ACS patients | 11,953 Randomised High PRS patients had greater benefit from
(2020) (ODYSSEY patients trial (genetic cholesterol-lowering therapy (alirocumab)
sub-study)
OUTCOMES)
Christiansen et | Patients with 1617 patients | Clinical cohort Adding PRS to standard risk models improved
al. (2021) stable chest pain, prediction by about 4%
Denmark (Dan-
NICAD)
Yun et al. (2022) | Various cohorts Varied Systematic PRS modestly improved CAD prediction across
review cohorts
Neumann et al. | Older adults (=70 | 3261 Cohort study PRS was less accurate than standard risk
(2022) yrs), Germany participants models in older adults
Temtem et al. European adults 5351 Prospective Adding PRS improved cardiovascular event
(2024) (Eur J Prev Cardiol | participants cohort prediction, especially in intermediate-risk
cohort) adults
Verma et al. CAD prevention 1002 patients | Randomised PRS use prompted early prevention action,
(2022) clinic patients trial showing feasibility as a risk communication
(CAPAR-CAD) tool
Agbaedeng et | Various cohorts 979,286 Meta- analysis Weighted PRS predicted CAD =1.6% better
al. (2021) (Europe, US) participants than unweighted scores
Mars et al. FinnGen biobank | 306,418 Biobank cohort | PRS and FHx were independent predictors;
(2022) participants combined risk was highest, showing
complementary value
Fahed & Review of global N/A Narrative review | PRS can support early prevention, refine
Natarajan studies middle-age risk, and aid secondary prevention
(2023)

! Patients = clinical cohorts; participants = biobank/population cohorts.
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