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Abstract

Background and |t is not clear how a polygenic risk score (PRS) can be best combined with guideline-recommended tools for cardiovascular
Aims disease (CVD) risk prediction, e.g. SCORE2.

Methods A PRS for coronary artery disease (CAD) was calculated in participants of UK Biobank (n =432 981). Within each tenth of
the PRS distribution, the odds ratios (ORs)—referred to as PRS-factor—for CVD (i.e. CAD or stroke) were compared
between the entire population and subgroups representing the spectrum of clinical risk. Replication was performed in
the combined Framingham/Atherosclerosis Risk in Communities (ARIC) populations (n =10 757). The clinical suitability
of a multiplicative model ‘SCORE2 x PRS-factor’ was tested by risk reclassification.

Results In subgroups with highly different clinical risks, CVD ORs were stable within each PRS tenth. SCORE2 and PRS showed no
significant interactive effects on CVD risk, which qualified them as multiplicative factors: SCORE2 x PRS-factor = total risk.
In UK Biobank, the multiplicative model moved 9.55% of the intermediate (n = 145 337) to high-risk group increasing the
individuals in this category by 56.6%. Incident CVD occurred in 8.08% of individuals reclassified by the PRS-factor from inter-
mediate to high risk, which was about two-fold of those remained at intermediate risk (4.08%). Likewise, the PRS-factor
shifted 8.29% of individuals from moderate to high risk in Framingham/ARIC.

Conclusions This study demonstrates that absolute CVD risk, determined by a clinical risk score, and relative genetic risk, determined by a
PRS, provide independent information. The two components may form a simple multiplicative model improving precision of
guideline-recommended tools in predicting incident CVD.
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Structured Graphical Abstract

Key Question

It is unclear how a polygenic risk score (PRS) can be best integrated into guideline-recommended prediction of cardiovascular disease

(CVD) risk.

Key Finding

The relative genetic risk a person carried, indicated by the odds ratio — or PRS-factor — from the PRS, was constant in each tenth of
the PRS distribution, irrespective of 10-year clinical risk estimates obtained by SCORE2. A muiltiplicative model ‘SCORE2 x PRS-factor’
moved about 10% of individuals with intermediate risk to the high risk group. Participants reclassified by the PRS-factor had a

2-fold higher incidence of CVD than the original intermediate risk group.

Take Home Message

The odds ratio from the PRS may be used as a multiplier (PRS-factor) to refine the absolute clinical risk estimate. Simple muiltiplication of
clinically estimated risk with a PRS-factor enhances precision of risk prediction. The PRS-factor allows utilization of genetic information

for improving precision of guideline-recommended prediction tools.

SCORE2 x PRS-factor = total risk
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The left panel shows that relative risk related to polygenic disposition [1-10 tenth of the polygenic risk score (PRS) distribution] is independent of
having a low, intermediate, or high clinical risk by SCORE2 in the UK Biobank. Thereby, the odds ratio from the PRS (relative risk) can be used as a
genetic factor (PRS-factor) to multiply the absolute clinical risk estimate from SCORE?2. If this is being done, ~10% of the intermediate-risk group is
being upgraded to a higher total risk (right panel). Subgroups that were genetically upgraded had incident event rates that were similar to those in the
original high-risk groups and substantially increased the overall numbers of individuals correctly assessed to be at high risk. CVD, cardiovascular

disease.

Introduction

Genome-wide association studies (GWAS) have identified large numbers
of genetic variants associated with cardiovascular disease (CVD) risk."
Aggregated in the form of polygenic risk scores (PRS), these variants
can be used for predicting the risk of coronary artery disease (CAD) or
stroke.! Indeed, individuals in the upper percentiles of such CAD-PRS

were shown to have three times the risk for an event than the remainder
of the population.” Based on these findings, PRS are increasingly offered
for individual risk assessment by commercial healthcare providers, al-
though scientific societies do not recommend their use at present
time.>* Some companies fuel expectations to determine risk solely on
genetic grounds, whereas others offer concealed algorithms to determine
the disease risk.> In any case, wrongful interpretation of test results may

20z aunr || uo 1senb Aq 91¥/£9//€781/0Z/St/o101E/[ESLING W00 dNO"dIWspEo.//:SAY WO} POPEOJUMOQ



Integrating polygenic score into prediction of CVD

1845

potentially lead to unjustified management choices, unnecessary medical
interventions, or unnecessary expenses.

European and American guidelines recommend risk assessment
tools based on established risk factors to provide estimates for the
probability of experiencing a CVD event within 5 or 10 years>*¢ A
broad academic consensus allows translating these estimates into
clinical recommendations including a healthier lifestyle or eventually
medical therapy for those individuals at very high risk.>*®” While
such guidelines for primary prevention of CVD are based on the esti-
mation of absolute clinical risk, PRS report relative genetic risk in relation
to the average of a given population, which thus far has limited their ap-
plicability. There is no recommended strategy to combine the two
instruments.

In order to use a PRS as an adjunct to clinical risk assessment tools,
i.e. SCORE2, the prediction tool recommended by the European
Society of Cardiology (ESC),8 it is critical to clarify whether relative risks
conferred by the genetic underpinnings are stable, irrespective of coex-
isting risk factors or the absolute risk a person carries from a clinical
point of view. If so, once-in-a-lifetime assessment of the PRS would
be sufficient to determine a factor (PRS-factor) measuring relative gen-
etic risk, which subsequently would allow to multiply absolute risk ob-
tained by SCORE2 or other clinical risk assessment tools. We,
therefore, tested whether such PRS-factor confers a constant relative
risk across the spectrum of clinical risk and analysed whether applica-
tion of a PRS-factor adds to the precision of risk prediction in a clinically
meaningful way for those at intermediate risk as estimated by clinical
risk assessment tools. The study design is shown in Supplementary
data online, Figure S1.

Methods

UK Biobank

UK Biobank (UKB) recruited ~500 000 volunteers aged from 40 to 69 years
at baseline through the United Kingdom National Health Service registers
between 2006 and 2010.° The UKB resource contains individual-level geno-
typing data and a rich variety of phenotyping and health-related data. The
phenotype data were collected from several visits between 2006 and
2010, initial recruitment (2006—10), follow-up visit 1 (2012-13), follow-up
visit 2 (2014+), or follow-up visit 3 (2019+).

We defined CAD and stroke cases based on codes of the International
Classification of Diseases (ICD 9/10) or OPCS Classification of
Interventions and Procedures version 4 (OPCS4)."%"" Participants who
had neither ICD/OPCS codes nor self-reported codes of CAD/stroke
were defined as controls. Lifestyle or other risk factors affecting CAD
risk were extracted from UKB. Total cholesterol levels were calculated
based on the Friedewald equation.’” We adjusted lipids and systolic blood
pressure (SBP) levels in patients taking statin or blood pressure-lowering
medicine.”® We defined a series of risk factors including older age (>50
years), male sex, obesity [body mass index (BMI) > 30 kg/m?], hypertension
(SBP > 140 mmHg), high cholesterol (total cholesterol > 6.18 mmol/L),
and diabetes mellitus (types 1 and 2).

The genotyping data of UKB covers ~96 million variants after imputation
by referencing to the Haplotype Reference Consortium and UK10K haplo-
type resource. We restricted samples to a subset of European ancestry in-
dividuals. Series of quality control procedures were carried out on
genotyping data using PLINK:'* (i) removing multi-allelic single nucleotide
polymorphisms (SNPs), indels, and monomorphic; (ii) excluding variants
that failed Hardy—Weinberg equilibrium test (HWE < 1e™); (iii) removing
variants of missing rate larger than 0.05 and imputation information smaller
than 0.4; (iv) removing samples of missing rate large than 0.02 and kinship
coefficient (P_HAT) larger than 0.125; and (v) excluding samples by sex dis-
cordance between genotyping data and reported sex.

Framingham/Atherosclerosis Risk in
Communities populations

The Framingham Heart (FH)"> and Atherosclerosis Risk in Communities
(ARIC) studies'® were taken as a replication set for testing PRS-factor sta-
bility. The FH and Framingham Offspring studies began in 1971 with subse-
quent examinations every 3-8 years and included predominantly White
individuals. The ARIC longitudinal study began in 1987 with the enrolment
of adults aged 45 through 64 years. Three subsequent examinations were
conducted approximately every 3 years until 1998."¢

We applied the moderate-risk SCORE2 model to these studies from the
USA. To be consistent with the ethnic composition of UKB, the participants
of ARIC were limited to European Americans (80%). Only genetically inde-
pendent samples were selected (PI_HAT < 0.125). Several decades of con-
tinuous follow-ups resulted in a very high CVD prevalence, so that
participants were censored at the age of 60 years resulting in a reasonable
population-level CVD prevalence (9.43%). We first did data pre-processing
and PRS estimation for both studies separately. The sub-study GENEVA
ARIC (phs000090.v7.p1) and sub-study SHARe FH (phs000342.v20.p13)
containing genotype and phenotype data were downloaded from the
dbGAP portal. The same quality control (QC) metrics used for the UKB
were applied to the genotype data of Framingham/ARIC population.
Finally, 8011 participants from ARIC and 2746 from FH provided necessary
data (see Supplementary data online, Table S7).

Clinical risk scores

Clinical risk was evaluated by SCORE2 which is widely used for predicting
10-year risk of first-onset CVD in Europe.® The SCORE? features a sex-
and region-specific risk prediction model. Key inputs include sex, age,
SBP, non-high-density lipoprotein (nonHDL) cholesterol, and current
smoking status. SCORE2 classifies European countries into low-,
moderate-, high-, and very-high-risk regions, the UK being a low-risk re-
gion.? We mapped phenotype data from UKB to the reference table of a
low-risk region in determining SCORE2-predicted risk.® As suggested by
SCORE2, participants were separated into three risk groups, low, inter-
mediate, and high. We also studied QRISK3® to test the consistency in clin-
ical risk tools. To avoid the impacts of imbalanced sample sizes of clinical risk
categories on PRS-factor, we also performed the same analyses for the ter-
tile classification of SCORE2 and QRISK3.

Polygenic risk score

The PRS, estimated by PRSice-2 (version 2.1.11)," is a measure of accumu-
lative weighted effects of risk alleles as shown in Formula (1). In this additive
genetic model, S; is the effect size of the effective allele for SNP i and G;
coded as 0, 1, or 2 is the number of effective alleles for SNP i observed
in participant j. Missing genotypes were replaced by the expected value,
which was two times the risk allele frequency in the reference population.

n
PRS,:ZS, x Gj. 0

Details of the selected variant list for calculating PRS were described
elsewhere.® Briefly, Khera et al? used GWAS summary data of CAD
from CARDIoGRAMplusC4D (containing ~185000 participants) which
did not include UKB18, to determine the effect sizes of risk alleles. Then,
two different approaches were applied to build models of genome-wide
PRS. One is the LDPred'? computational algorithm using different tuning
parameters (the proportion of causal variants)—1.0, 0.3, 0.1, 0.03, 0.01,
0.003, and 0.001. The second approach was clumping and thresholding ap-
plied to a range of combinations of P-values (1.0, 0.5, 0.05, 5e74, 5e76, and
5e’8) and 2 (0.2,0.4, 0.6, and 0.8). The one with the best discriminative ac-
curacy was determined based on the maximal area under the receiver op-
erating characteristic curve (AUC) in the logistic regression model of PRS
and disease adjusted by age, sex, and the first four principal components
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of ancestry. Finally, the best model with 6.6 million SNPs was selected. We
applied this list to compute CAD-PRS for the whole set of UKB. The logistic
regression models were used to assess the relationship between PRS and
CVD risk, with the adjustment for age, sex, and the first five PCs.
By performing 10-fold cross-validations, the mean AUC was 0.732
(SD =0.0067) (see Supplementary data online, Figure S2).

Statistical analysis

The PRS deciles and conventional risk factors represent genetic (G) and clin-
ical (C) factors to CVD risk, respectively. As described elsewhere,?® we next
studied how genetic and environmental factors interactively affect CVD risk
(G x C) using the logistic statistical model shown in Formula (2):

Y=u+GxC+e @)

where Y is the binary outcome of CVD, u represents a constant, € serves as
residual error that cannot be controlled, and i represents i-way interaction
effects of clinical exposures on the underlying scale. The best models were
selected by Akaike information criterion (AIC).>" All association models
were adjusted for the first five principal components. Formula (2) was
also applied to test for interactions between clinical risk scores of CVD
and the CAD-PRS.

To estimate the PRS-factor, we separated participants equally into dec-
iles based on the PRS distribution. The fifth and sixth tenths were merged as
a reference group. Then, we computed relative genetic risks, namely odds
ratios (ORs), for each PRS tenth by comparing them with the reference
group. Besides ORs in the entire cohort, we also computed the ORs of
CVD within each CAD-PRS tenth for participants carrying various conven-
tional risk factors. As shown in Formula (3), we divided participants in each
PRS group i exposed to risk factor j into 10 equal subgroups to calculate
CVD ORs. In this formula, Dj is the number of CVD cases in subgroup ij
and Hj; is the number of controls in that subgroup. Within each PRS group,
we performed analysis of variance (ANOVA) test to check differences in
mean ORs between the entire cohort and subgroups by risk factors:

Djj/Ds e

Odds ratio; = .
Hij/Hs e,

©)

Similar operations were applied to clinical risk categories determined by
SCORE2/QRISK3. Within each PRS tenth, the clinical risk categories were
further divided into five equal subgroups. Then, we calculated ORs for

each subgroup based on Formula (3) and tested the difference in mean
ORs between the entire cohort and clinical risk categories using ANOVA
test. The P-values were adjusted by the false discovery rate (FDR) approach.

For the Framingham/ARIC populations, the PRSs were selected by the
highest AUC from multiple LDpre2d models or ‘C+ T models (see
Supplementary data online, Table S2). Within each study, participants
were equally split into 10 PRS groups (tenths). Then, we combined the
PRS classification from both studies together to test the stability of
PRS-factor. The fifth/sixth PRS tenths were taken as the reference group
for calculating ORs. Within each PRS tenth, samples were equally separated
into four groups. Then ANOVA test was applied to test the significance of
the difference in mean CVD OR between the entire cohort and subgroups
of traditional risk factors or clinical risk categories.

At last, we also constructed a new model for estimating an individual’s
total risk by multiplying the absolute clinical risk estimated by SCORE?2 or
QRISK3 with relative genetic risk measured as PRS-factor, shown in
Formula (4):

SCORE2 x (PRS-factor) = total risk. 4

We used Cox proportional hazards model for analysis of incident events
on subset of UKB and ARIC/Framingham participants developing myocar-
dial infarction or stroke after initial assessment. Values of the C-index or
concordance index* were compared between two risk prediction models:
(i) CVD ~ SCORE2 and (2) CVD ~ SCORE2 x (PRS-factor). Net reclassifi-
cation index (NRI) was also used to compare performance of the two mod-
els. Both C-index and NRI were estimated as mean of 1000 bootstrapped
samples.

Results
Study population

The study design is shown in Supplementary data online, Figure S7.
Among 432 981 participants of UKB with genotype and phenotype
data, we identified 27 532 CVD cases (CAD 19 617, stroke 6757, or
both 1158) and 405 449 controls. The main characteristics are shown
in Table 1. The CVD prevalence was significantly higher in subgroups
exposed to traditional risk factors than the entire cohort and higher
in men than in women, which was the same in the Framingham/ARIC
populations (see Supplementary data online, Table ST). It markedly

Table 1 Cardiovascular disease prevalence by traditional risk factors and risk categories of SCORE2

Group Women n (CVD%)

Men n (CVD%) Total (CVD %)

Entire

Age > 50

Diabetes mellitus

Current smoking

Obesity (BMI > 30 kg/m?)
Hypertension (SBP > 140 mmHg)
High cholesterol (> 6.18 mmol/L)
SCORE2 low

SCORE?2? intermediate

SCORE?2 high

237161 (3.72)
181607 (4.52)
13580 (12.96)
20699 (6.33)
55109 (5.25)
94315 (5.6)
89672 (4.7)
103 148 (1.89)
61043 (6.15)
1347 (12.92)

195 820 (9.55)
149 447 (11.41)
18569 (22.46)
24094 (11.61)
48326 (12.19)
102 499 (12.05)
66378 (10.63)
25504 (3.1)
89836 (8.63)
25234 (16.24)

432981 (6.36)
331054 (7.63)
32149 (18.45)
44793 (9.17)
103 435 (8:49)
196 814 (8.96)
156 050 (7.22)
128652 (2.13)
150879 (7.63)
26581 (16.07)

CVD, cardiovascular disease prevalence is shown (in per cent); BMI, body mass index; SBP

, systolic blood pressure.
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Figure 1 Odds ratios (PRS-factors) in the entire study population and subgroups carrying traditional risk factors. The figure shows the distribution of
the PRS-factor, measured as mean CVD ORs, along PRS tenths in UK Biobank. The fifth/sixth groups were taken as the reference (OR = 1.0). The figure
shows within one tenth of the PRS little (non-significant) variation between the entire set and subgroups carrying traditional risk factors. OR, odds ratio;

CVD, cardiovascular disease; PRS, polygenic risk score

increased across the clinical risk categories determined by SCORE2,
being 7.54-fold times higher in the high-risk as compared with the low-
risk category (Table 1).

PRS-factor Stability relative to traditional

risk factors

We grouped participants into tenths of the PRS, which follows a normal
distribution, and observed that CVD prevalence in the highest tenth
was 2.57-fold higher than in the first tenth (see Supplementary data
online, Figure $2). Within a PRS tenth, subgroups exposed to modifiable
and non-modifiable risk factors have higher CVD prevalence (see
Supplementary data online, Figure S3).

We then built a genetic reference group by merging the fifth and sixth
tenths (OR = 1), which had a CVD prevalence of 6.12% close to the
average of the entire group (6.36%). Next, we calculated CVD ORs
(PRS-factor) for the other eight tenths. Within each of these PRS tenths,
we compared the ORs obtained in the entire cohort and subgroups ex-
posed to various clinical risk factors. As shown in Figure 1, with an in-
creasing PRS, the ORs for CVD increased exponentially in the entire
cohort (R?=0.98, P = 1.4e™"), consistent with our previous findings.*’
Here, we show by ANOVA test that within each of the PRS tenths, there
was no significant difference in mean ORs (FDR > 0.05) among the en-
tire cohort and subgroups exposed to various modifiable risk factors
(Figure 1 and Supplementary data online, Table S3). Similar results
were observed in the Framingham/ARIC populations (n =10 757) (see
Supplementary data online, Table S3 and Figure $4).

PRS-factor Stability relative to SCORE2
levels

Within each SCORE2 risk category, the association between CVD
prevalence and PRS fitted into Logit models (Figure 2), in line with

previous observations on the entire cohort.”' The steepness of regres-
sion curves between CVD prevalence and PRS tenths increased from
the low- to high-risk SCORE2 categories (Figure 2A). However, the
CVD ORs (PRS-factor) related to each PRS tenth as compared with
the respective reference group (Groups 5/6) were consistent in the three
clinical risk categories of SCORE?2 (Figure 2B and Table 2), which was re-
plicated in the Framingham/ARIC populations (see Supplementary data
online, Table $4 and Figure S5). Similar findings were observed in UKB
in clinical risk categories of QRISK3 (see Supplementary data online,
Table S5 and Figure S6) which demonstrate the stability of ORs
(PRS-factor) across risk categories in clinical risk estimation tools. To
avoid an impact of unequal sample size, we also grouped individuals
into tertiles of SCORE2 and QRISK3, showing that the ORs for CVD
within any PRS groups were consistent irrespective of the highly variable
clinical level of risk (see Supplementary data online, Table S6 and
Figure S7).

Independent effects between polygenic
risk score and SCORE2 on cardiovascular

disease risk

We further analysed statistically the independence of genetic (G) and
clinial (C) risk on CVD risk by studying their interactive effects. The
two-way interactions (G x C?) with the lowest AIC revealed that all
modifiable clinical risk factors and PRS had independent effects on
CVD risk. Regarding the non-modifiable risk factors, i.e. age and sex,
we revealed from the two-way interaction model statistically signifi-
cant (P <0.05) interactions for ‘PRS:Men’ (Table 3). Importantly,
studying clinical risk categories of SCORE2, we observed no such one-
way interaction (G x C) with the PRS (Table 3). The same results were
observed for clinical risk categories determined by QRISK3, as well as
the tertile groups classified by both tools (see Supplementary data
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Figure 2 Cardiovascular disease prevalence and PRS-factors in the entire study and risk categories of SCORE2. (A) Cardiovascular disease prevalence
along PRS tenths in clinical risk categories of SCORE2 (low, intermediate, and high). The distribution of CVD prevalence in SCORE?2 risk categories fits
into a Logit model with R*> 0.9. (B) Cardiovascular disease ORs in risk categories of SCORE2 by PRS tenths; the fifth/sixth groups were taken as ref-
erence (OR = 1.0). The figure shows within one tenth of the PRS little (non-significant) variation of the ORs, irrespectively of SCORE2 risk categories,
albeit the CVD prevalence differs significantly between low- and high-risk categories (A). OR, odds ratio; CVD, cardiovascular disease; PRS, polygenic

risk score

Table 2 Odds ratios (PRS-factors) within polygenic risk score tenths are similar across SCORE?2 risk categories

PRS Mean CVD ORs in the Mean CVD ORs by SCORE?2 risk categories ANOVA test
groups entire cohort (95% CI)
oy |_°w .......... |ntermed,ate .......... ngh ......... su m ...... Mean ......... F ....... p,.( > |:) . FDR
Sq Sq value

o 063(06-065)  059(042-075) 065(061-07) 065057073 002 001 041 075 100
2 0.72 (0.7-0.74) 0.75 (0.63-0.87) 0.72 (0.69-0.76) 0.76 (0.68-0.85)  0.01 0.00 0.29 0.83 1.00
3 0.79 (0.76-0.82) 0.82 (0.71-0.92) 0.79 (0.76-0.82) 0.78 (0.67-0.9) 0.00 0.00 0.12 0.95 1.00
4 0.87 (0.83-0.9) 0.77 (0.68-0.86) 0.84 (0.8-0.88) 0.9 (0.8-1) 0.05 0.02 223 013 037
5/6 1 1 1 1
7 1.07 (1.03-1.11) 1.15 (1.03-1.26) 1.06 (1.03-1.08) 1(0.94-1.07)  0.05 0.02 275 008 035
8 1.2 (1.18-1.23) 126 (1.18-1.34)  1.19 (1.16-1.23) 1.18 (1.12-1.24)  0.02 0.01 1.68 0.21 0.48
9 1.37 (1.33-1.41) 13(1.17-143) 142 (1.36-147) 1.35(1.22-148)  0.03 0.01 0.87 048 086
10 1.72 (1.67-1.78) 172 (1.59-1.84) 1.85(1.79-191) 157 (1.41-1.72)  0.21 0.07 4.49 002 016

The first column shows the PRS tenths of which the fifth/sixth groups were taken as the reference (OR = 1). The middle part shows CVD ORs in the entire cohort and three risk
categories of SCORE2 within respective PRS tenths. The right part is the result of the ANOVA test (degree of freedom = 3) for the difference of OR between the entire cohort
and SCORE?2 risk categories—showing no statistical interaction.
PRS, polygenic risk score; OR, odds ratio; CVD, cardiovascular disease; Cl, confidence interval; Sum Sq, the sum of squares of total variation between the group means and the overall
mean; Mean Sq, the mean of the sum of squares; F value, the test statistic from the F test; Pr(>F), the P-value of the F statistic; FDR, false discovery rate.

online, Table S7). These findings suggest that the relative polygenic
contribution is largely independent of absolute clinical risk as assessed
by a recommended clinical score. Thus, the ORs derived from a PRS

model can be converted into a PRS-factor which—multiplied with
the absolute clinical risk from the score—may allow a refined estimate
of total CVD risk.
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Interactive effects on cardiovascular disease risk between polygenic risk score and clinical risk factors/SCORE2

Table 3
Interaction Beta
'PRS with modifiable risk factors
High cholesterol (> 6.18 mmol/L) 0.052
Hypertension (SBP > 140 mmHg) 0.023
Obesity (BMI > 30 kg/m?) 0.005
Diabetes mellitus —0.041
Smoking -0.017
PRS with non-modifiable risk factors
Men 0.111
Age > 50 0.037
PRS with clinical risk categories of SCORE2
SCORE2 —0.008

Std. error z value Pr(>|z|)
0.025 2.126 0.033
0.026 0.897 0.37
0.028 0.174 0.862
0.035 —1.152 0.249
0.03 -0.577 0.564
0.025 4.422 9.78E-06
0.025 1.468 0.142
0.005 —1.523 0.128

The first column shows interactive items [clinical risk factors/SCORE2 (C)]. The ‘Beta’ column shows the interactive effect size with PRS tenths [genetic risk factor (G)] by applying a
logistic regression model. ‘Pr(>|z|)" is the statistical test of the interactive effect, which was non-significant, with the exception of male gender.
CVD, cardiovascular disease; PRS, polygenic risk score; SBP, systolic blood pressure; BMI, body mass index.

Risk reclassification by
‘SCORE2 x PRS-factor’

We next constructed a risk prediction model by multiplying an indivi-
dual’s absolute clinical risk according to SCORE2 with the respective
PRS-factor, ‘SCORE2 x PRS-factor’. This model was applied to 297
201 participants free of CVD at the initial assessment. Compared
with  SCORE2 alone, ‘SCORE2 x PRS-factor’ modestly increased
C-index by 0.9% (P=1.6e™"?) and net classification index (NRI) by
0.063 (95% Cl 0.059-0.067) as shown in Supplementary data online,
Table S8, findings that were close to a study by Lu et al®

Compared with the risk groups classified by SCORE?2 alone, the muilti-
plicative model reclassified a sizeable proportion of participants (Table 4,
Figure 3, and Supplementary data online, Table $9). The subgroups moved
by the PRS-factor to a higher risk category had a higher CVD incidence than
the subgroup kept in the original risk category. Vice versa, the subgroups
with lowered risk by the PRS-factor had a lower CVD incidence than
the original class. In detail, the PRS-factor reclassified 33.77% of high-risk
participants into intermediate risk, who indeed had a lower CVD incidence
(6.87%) than the original high risk category (9.13%). Since the PRS-factor
comes with a 2.73-fold gradient of polygenic risk, we did not observe
that a person was moved from low to high, or vice versa, from high to
low total risk (Table 4).

From a clinical perspective, we focused on the intermediate-risk cat-
egory (n=145337), of whom 13886 or 9.55% were moved by the
PRS-factor to high risk (Table 4 and Figure 3). Thereby, the number of indi-
viduals considered to be at high risk increased by 56.6% as compared with
the classification by SCORE2 alone. The incidence of CVD events in indi-
viduals moved from intermediate to high risk by the PRS-factor was 8.08%,
which was close to the incidence in the original high-risk group based on
SCORE2 alone (9.13%) and 1.98-fold of those who remained in the
intermediate-risk group (4.08%; n =102 998). Similar observations were
made for the QRISK3 model (see Supplementary data online, Table S9)
and in the combined ARIC/Framingham populations (Figure 3). Thus, the
PRS-factor appears to have the most clinical relevance for individuals at
intermediate clinical risk—but at high genetic risk (PRS-factor > 1)—
who may be considered for an intensified preventive treatment.

Discussion

Common genetic variants with small effects on CVD risk can be aggre-
gated in the form of polygenic scores which have been shown to associate
with the prevalence of CAD or stroke." It is undecided how this genetic
information is best integrated into guideline-recommended risk predic-
tion tools. Here, we show that the relative genetic risk along the distribu-
tion curve of a PRS is fairly stable regardless of prevalent traditional risk
factors or the overall absolute clinical risk a person carries. Thereby, the
relative genetic and absolute clinical risks a person carries work independ-
ently on affecting individual total CVD risk. The stability and independence
of polygenic risk allow to generate a PRS-factor that can be easily inte-
grated into established risk assessment tools and add currently unex-
plored information from a given person which may inform to guideline
recommendations.

Indeed, application of such multiplicative model improved risk predic-
tion in a quantitatively and clinically relevant way. Specifically, the simple
multiplicative model ‘SCORE2 x PRS-factor’ applied to participants at
intermediate risk by SCORE?2, who represent about half of UKB, increased
the number of individuals to be considered at high risk by 56.6%. Individuals
who were moved by the PRS-factor from intermediate to high risk experi-
enced CVD events about twice as often as those who were grouped to
intermediate risk based on SCORE?2 alone (Structured Graphical Abstract).
Thus, the inclusion of relative genetic risk as determined by the PRS—
multiplying the clinical risk for a CVD event as predicted by SCORE2—
added clinically relevant precision in selected individuals from the UKB.

The use of PRS is not recommended by current guidelines.? Indeed,
given the high frequency and random distribution of risk alleles, their
number displays relatively little variability within a population, which
is consistent with the genetic sampling theory.** Thereby, PRS offers
only small improvements of the AUCs for incident CVD events,
when studied in the entire population.”"**¢ In extension of this no-
tion, we show that the majority of the population has a PRS-factor close
to 1.0 resulting in only small changes in the expected future event rates.
However, the multiplicative effects of risk alleles result in an
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Table 4 Risk reclassification by ‘SCORE2 x PRS-factor’

SCORE?2 vs. n CVD Prevalence of risk factors (%)b
: i , INCIEMCE  ** " e e e e s L
SCORE2 x PRS-factor %) Diabetes Smoking Obesity Hypertension High Male Age> 50
cholesterol
Original low (100%)° 127 315¢ 1.12° 3.65° 3.09°  20.70° 19.81° 33.22° 19735 66.67°
Low (89.11%)° 113 4479 0.97¢ 3.48¢ 282¢  2034¢ 18.39¢ 32.06° 18599  66.34¢
Intermediate (10.89%)° 13 868° 2.32° 5.05° 528°  2364° 31.42° 42.70° 29.03°  69.33°
Original intermediate (100%)° 145 337¢ 4.11¢ 8.14¢ 1228° 2594 62,57 4821¢ 59.20° 83.48°
Low (19.58%)¢ 28 453¢ 2.29¢ 6.01¢ 788%  2349° 51.6° 43.44° 50.35¢  87.06°
Intermediate (70.87%)° 102 998° 408° 8.33° 13.07°  2643° 64.12° 48.80° 60.99° 81.06°
High (9.55%)" 13886 8.08f 11.08f 1547 2734 73.58" 53.62' 6406  94.04°
Original high (100%)° 24549¢ 9.13¢ 13.66° 34645 26.80° 91.63¢ 52.49° 94.80° 97.36°
Intermediate (33.77%)° 8291¢ 6.87° 1195¢  2839°  2577° 90.15° 49.91° 95.19°  98.05°
High (66.23%) 16 258" 10.28" 14,53 3783 2732 92.39f 5381 94.60°  97.01

The data show that individuals reclassified by the PRS-factor to a higher or lower risk category had incidence rates close to those originally classified in respective risk categories.
PRS, polygenic risk score; CVD, cardiovascular disease; PRS, polygenic risk score; CVD, cardiovascular disease.

?Incidence rate of events in those initially free of CVD.

PPrevalence of risk factors at initial assessment.

“Original’ classification by SCORE2 only.

“Data obtained after multiplying SCORE2 with PRS-factor (low).

“Data obtained after multiplying SCORE2 with PRS-factor (intermediate).

‘Data obtained after multiplying SCORE2 with PRS-factor (high).

UK Biobank Framingham/ARIC
CVD incidence CVD incidence CVD incidence CVD incidence
(original group) (reclassified group) (original group) (reclassified group)
9.13%< [[B]00% 24509 . 3.71%*1100% 875
—> 8.08%
] 9.55% 131886 0 316 9.81%
— ] 8.29% —
2 3
o : o
I E 90.45% 131,451 % 5.45%<— % £
3 E £ 191.71% 3,494 E
E 8 §
£ 'g |
. E
- —>2.32% '
10.89% 13,268 °
— 2287l +H—>4.34%
10%
1.12% 89.11% 113,447 3.64%
90% 2,053
SCORE2 SCORE2 x PRS-factor SCORE2 SCORE2 x PRS-factor

Figure 3 Sankey diagrams visualizing reclassification by PRS-factor. The figure shows the subgroups which were genetically upgraded (PRS-factor > 1)
from a lower risk category of SCORE?2 to a higher risk category based on ‘SCORE2 x PRS-factor’ in UK Biobank (left) and Framingham/ARIC (right)
populations. The left side of two Sankey plots shows CVD incidence of the original groups of SCORE2, and the right side shows CVD incidence of
subgroups genetically upgraded by ‘SCORE2 x PRS-factor’. CVD, cardiovascular disease. *The low incidence rate of high-risk category of SCORE2
in Framingham/ARIC populations is because of a high number of prevalent cases (n = 130) that had to be excluded for the analysis of incident events
and a small sample size (n = 875)
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exponential increase of relative risk such that subjects in the highest
tenth have PRS-factors close to 2.2

Importantly, knowledge of a PRS results is only meaningful in the context
of other risk factors. Specifically, a high PRS may increase the absolute
10-year risk by as little as 0.6%, e.g. in a healthy woman, or by more than
10% in a middle-aged smoker (see Supplementary data online, Figure S3).
Thus, the clinical relevance of being in a high percentile of the PRS depends
largely on the outcome from the clinical risk assessment, such as obtained
by SCORE?2, and should not be seen in isolation.*" Indeed, our data suggest
that using a PRS without recognition of the overall CVD risk may be even
misleading (Figure 2A). This should be kept in mind when PRS are marketed
as sole source for predictive information by some ‘over-the-counter’ pro-
ducts. On the other hand, there does not seem to be the need for complex
(black box) algorithms, which are likewise commercially available and trans-
late polygenic risk into a clinical recommendation. Instead, the use of
PRS-factor as an adjunct to a guideline-recommended prediction tool like
SCORE2 may help to keep the focus on the most imminent issues in pri-
mary prevention, e.g. modifiable risk factors, since their effects are amplified
by polygenic risk and their treatment is already specified in the guidelines.”

Our study comes with a number of limitations. To avoid bias, we built
the CAD-PRS excluding data from UKB, which precluded the use of
GWAS data for stroke and might have reduced the precision for studying
CVD risk (CAD plus stroke). However, our principal aim was to elucidate
whether the ORs obtained from a PRS are comparable at different levels of
overall risk, which should not be affected by this strategy. Moreover, there
is an overlap of genetic risk loci between CAD and stroke®® and the major-
ity of CVD events in this population was related to CAD, such that the use
of the CAD-PRS (rather than a combined CAD/stroke PRS) may have had
little effect on our overall results. Nevertheless, larger and ethnically more
diverse GWAS covering stroke may further refine the polygenic risk esti-
mates.?’ Second, we wanted to avoid that risk estimates on clinical grounds
are being ‘downgraded’ by a low PRS. Therefore, we would advise to apply
the PRS-factor for clinical counselling only when it is larger than 1
(Structured Graphical Abstract). Obviously, this strategy needs further evalu-
ation. Third, it needs to be determined whether the generalizability of a PRS
result across the spectrum of clinical risk can be extrapolated to individuals
outside the age range or the ethnic group studied in UKB and Framingham/
ARIC. Finally, atthough we show that PRS and SCORE?2 act independently
on clinical risk of CVD, the generalizability to other common diseases and
additional environmental risk factors needs to be verified.

Conclusions

Across the entire spectrum of clinical risk, as calculated by the ESC
guideline-recommended prediction tool SCORE2, we observed—for a
given position in the distribution curve of a CAD-PRS—little variability
by which polygenic risk multiplied absolute CVD risk. Thus, the polygenic
risk an individual carries may be used in the form of PRS-factor to enhance
the precision of risk estimates obtained by conventional measures.
Applying the PRS-factor substantially increased the number of subjects
correctly considered to be at high risk, making the strategy attractive
from a clinical point of view as a refinement of recommended instruments
of CVD risk assessment.

Acknowledgements

We thank the participants and investigators of the GWAS explored in
this analysis.

Supplementary data

Supplementary data are available at European Heart Journal online.

Declarations

Disclosure of Interest
All authors declare no disclosure of interest for this contribution.

Data Availability

Genome-wide association studies summary data used for building PRS
are available at https:/s3.amazonaws.com/broad-portal-resources/
CVDKP/Lifetime_Risk_SNPs.txt. The use of UK Biobank data was
authorized under application ID 25214, The use of Framingham
(phs000342.v20.p13) and ARIC (phs000090.v7.p1) data was author-
ized by dbGAP under application ID 6271. QRISK3 package is available
at https:/cran.r-project.org/web/packages/QRISK3/index.html.

Funding

The author’s work was funded by the German Federal Ministry of
Education and Research (BMBF) within the framework of ERA-NET
on Cardiovascular Disease (Druggable-Ml-genes: 01KL1802), within
the scheme of target validation (BlockCAD: 16GW0198K), and within
the framework of the e:Med research and funding concept (AbCD-Net:
01ZX1706C). As a co-applicant of the British Heart Foundation (BHF)/
German Centre of Cardiovascular Research (DZHK) collaboration
(DZHK-BHF:  81X2600522) and the Leducq Foundation for
Cardiovascular Research (PlagOmics: 18CVDO02), we gratefully ac-
knowledge their funding. Additional support has been received from
the German Research Foundation (DFG) as part of the
Sonderforschungsbereich SFB 1123 (B02) (grant number 403584255)
and the Sonderforschungsbereich SFB TRR 267 (B05) (grant number
403584255). Further, we kindly acknowledge the support of the
Bavarian State Ministry of Health and Care who funded this work
with DigiMed Bayern (grant number DMB-1805-0001) within its
Masterplan ‘Bayern Digital II" and of the German Federal Ministry of
Economics and Energy in its scheme of ModulMax (grant number
ZF4590201BA8). Finally, we want to express our gratitude to the
European Commission for its support of the Multiomlcs based Risk
stratification of Atherosclerotic Cardiovascular disEase project
(MIRACLE: 101115381).

Ethical Approval

The application of the UK Biobank study and Framingham and ARIC
studies from dbGAP was approved by the institutional review board
of the Technique University of Munich (reference 273/18S).

Pre-registered Clinical Trial Number
There is nothing to declare about the clinical trial number because it's
not a clinical trial study.

References

1. Chen Z, Schunkert H. Genetics of coronary artery disease in the post-GWAS era. |
Intern Med 2021;290:980-92. https:/doi.org/10.1111/JOIM.13362

2. Khera AV, Chaffin M, Aragam KG, Haas ME, Roselli C, Choi SH, et al. Genome-wide
polygenic scores for common diseases identify individuals with risk equivalent to mono-
genic mutations. Nat Genet 2018;50:1219-24. https:/doi.org/10.1038/541588-018-
0183-z

3. Visseren FLJ, Mach F, Smulders YM, Carballo D, Koskinas KC, Biack M, et al. 2021 ESC
guidelines on cardiovascular disease prevention in clinical practice developed by the task

20z aunr || uo 1senb Aq 91 ¥2€9./€¥81/0Z/SH/I0ME/luEayING/W0d dno"oIWepeo.)/:sdyy Woly papeojumoq


http://academic.oup.com/eurheartj/article-lookup/doi/10.1093/eurheartj/ehae048#supplementary-data
http://academic.oup.com/eurheartj/article-lookup/doi/10.1093/eurheartj/ehae048#supplementary-data
https://s3.amazonaws.com/broad-portal-resources/CVDKP/Lifetime_Risk_SNPs.txt
https://s3.amazonaws.com/broad-portal-resources/CVDKP/Lifetime_Risk_SNPs.txt
https://cran.r-project.org/web/packages/QRISK3/index.html
https://doi.org/10.1111/JOIM.13362
https://doi.org/10.1038/s41588-018-0183-z
https://doi.org/10.1038/s41588-018-0183-z

1852

Lietal

force for cardiovascular disease prevention in clinical practice with representatives of
the European Society of Cardiology and 12 medical societies with the special contribu-
tion of the European Association of Preventive Cardiology (EAPC). Eur Heart ] 2021;42:
3227-337. https://doi.org/10.1093/eurheartj/ehab484

. Arnett DK, Blumenthal RS, Albert MA, Buroker AB, Goldberger ZD, Hahn EJ, et al. 2019

ACC/AHA guideline on the primary prevention of cardiovascular disease: a report of
the American College of Cardiology/American Heart Association Task Force on
Clinical Practice Guidelines. Circulation 2019;140:e596—-646. https:/doi.org/10.1161/
CIR.0000000000000678

. Lewis CM, Vassos E. Polygenic risk scores: from research tools to clinical instruments.

Genome Med 2020;12:44. https:/doi.org/10.1186/s13073-020-00742-5

. Hippisley-Cox ], Coupland C, Brindle P. Development and validation of QRISK3 risk

prediction algorithms to estimate future risk of cardiovascular disease: prospective co-
hort study. BMJ (Online) 2017;357:j2099. https:/doi.org/10.1136/bm;.j2099

. Wilson PWF, Polonsky TS, Miedema MD, Khera A, Kosinski AS, Kuvin JT. Systematic

review for the 2018 AHA/ACC/AACVPR/AAPA/ABC/ACPM/ADA/AGS/APhA/
ASPC/NLA/PCNA guideline on the management of blood cholesterol: a report of
the American College of Cardiology/American Heart Association Task Force on
Clinical Practice Guidelines. | Am Coll Cardiol 2019;73:3210-27. https:/doi.org/10.
1016/)JACC.2018.11.004

. SCORE2 working group and ESC Cardiovascular risk collaboration. SCORE?2 risk pre-

diction algorithms: new models to estimate 10-year risk of cardiovascular disease in
Europe. Eur Heart | 2021;42:2439-54. https:/doi.org/10.1093/eurheartj/ehab309

. Bycroft C, Freeman C, Petkova D, Band G, Elliott LT, Sharp K, et al. The UK Biobank

resource with deep phenotyping and genomic data. Nature 2018;562:203-9. https:/
doi.org/10.1038/541586-018-0579-z

. LiL, Pang S, Zeng L, Guldener U, Schunkert H. Genetically determined intelligence and

coronary artery disease risk. Clin Res Cardiol 2021;110:211-9. https:/doi.org/10.1007/
500392-020-01721-x

. Malik R, Chauhan G, Traylor M, Sargurupremraj M, Okada Y, Mishra A, et dl.

Multiancestry genome-wide association study of 520,000 subjects identifies 32 loci as-
sociated with stroke and stroke subtypes. Nat Genet 2018;50:524-37. https:/doi.org/
10.1038/s41588-018-0058-3

. Friedewald WT, Levy RI, Fredrickson DS. Estimation of the concentration of low-

density lipoprotein cholesterol in plasma, without use of the preparative ultracentrifuge.
Clin Chem 1972;18:499-502. https:/doi.org/10.1093/CLINCHEM/18.6.499

. Sinnott-Armstrong N, Tanigawa Y, Amar D, Mars N, Benner C, Aguirre M, et dl.

Genetics of 35 blood and urine biomarkers in the UK Biobank. Nat Genet 2021;53:
185-94. https:/doi.org/10.1038/s41588-020-00757-z

. Purcell S, Neale B, Todd-Brown K, Thomas L, Ferreira MAR, Bender D, et al. PLINK: a

tool set for whole-genome association and population-based linkage analyses. Am | Hum
Genet 2007;81:559-75. https:/doi.org/10.1086/519795

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Tsao CW, Vasan RS. Cohort profile: the Framingham Heart Study (FHS): overview of
milestones in cardiovascular epidemiology. Int | Epidemiol 2015;44:1800—13. https:/
doi.org/10.1093/ije/dyv337

The Atherosclerosis Risk in Communities (ARIC) study: design and objectives. The ARIC
investigators. Am J Epidemiol 1989;129:687—702. https:/doi.org/10.1093/oxfordjournals.
aje.a115184

Choi SW, O'Reilly PF. PRSice-2: polygenic risk score software for biobank-scale data.
GigaScience 2019;8:giz082. https:/doi.org/10.1093/gigascience/giz082

Nikpay M, Goel A, Won HH, Hall LM, Willenborg C, Kanoni S, et al. A comprehensive
1,000 Genomes-based genome-wide association meta-analysis of coronary artery dis-
ease. Nat Genet 2015;47:1121-30. https://doi.org/10.1038/ng.3396

Vilhjalmsson BJ, Yang ], Finucane HK, Gusev A, Lindstrém S, Ripke S, et al. Modeling link-
age disequilibrium increases accuracy of polygenic risk scores. Am | Hum Genet 2015;97:
576-92. https:/doi.org/10.1016/.A]HG.2015.09.001

Pang S, Yengo L, Nelson CP, Bourier F, Zeng L, Li L, et al. Genetic and modifiable risk
factors combine muiltiplicatively in common disease. Clin Res Cardiol 2023;112:247-57.
https:/doi.org/10.1007/s00392-022-02081-4

Cavanaugh JE, Neath AA. The Akaike information criterion: background, derivation,
properties, application, interpretation, and refinements. Wiley Interdiscip Rev Comput
Stat 2019;11:e1460. https:/doi.org/10.1002/WICS.1460

Uno H, Cai T, Pencina M), D’Agostino RB, Wei LJ. On the C-statistics for evaluating
overall adequacy of risk prediction procedures with censored survival data. Stat Med
2011;30:1105-17. https:/doi.org/10.1002/5IM.4154

Lu X, Liu Z, Cui Q, Liu F, Li J, Niu X, et al. A polygenic risk score improves risk strati-
fication of coronary artery disease: a large-scale prospective Chinese cohort study. Eur
Heart | 2022;43:1702-11. https:/doi.org/10.1093/eurheartj/ehac093

Sun L, Pennells L, Kaptoge S, Nelson CP, Ritchie SC, Abraham G, et al. Polygenic risk
scores in cardiovascular risk prediction: a cohort study and modelling analyses. PLOS
Med 2021;18:¢1003498. https:/doi.org/10.1371/journal.pmed.1003498

Gola D, Erdmann J, Lall K, Mégi R, Muller-Myhsok B, Schunkert H, et al. Population bias in
polygenic risk prediction models for coronary artery disease. Circ Genom Precis Med
2020;13:e002932. https:/doi.org/10.1161/circgen.120.002932

Dichgans M, Malik R, Konig IR, Rosand |, Clarke R, Gretarsdottir S, et al. Shared genetic
susceptibility to ischemic stroke and coronary artery disease: a genome-wide analysis of
common variants. Stroke 2014;45:24-36. https:/doi.org/10.1161/STROKEAHA.113.
002707

Aragam KG, Jiang T, Goel A, Kanoni S, Wolford BN. Discovery and systematic charac-
terization of risk variants and genes for coronary artery disease in over a million parti-
cipants. Nat Genet 2022;54:1803-15. https:/doi.org/10.1038/541588-022-01233-6

20z aunr || uo 1senb Aq 91 ¥2€9./€¥81/0Z/SH/I0ME/luEayING/W0d dno"oIWepeo.)/:sdyy Woly papeojumoq


https://doi.org/10.1093/eurheartj/ehab484
https://doi.org/10.1161/CIR.0000000000000678
https://doi.org/10.1161/CIR.0000000000000678
https://doi.org/10.1186/s13073-020-00742-5
https://doi.org/10.1136/bmj.j2099
https://doi.org/10.1016/J.JACC.2018.11.004
https://doi.org/10.1016/J.JACC.2018.11.004
https://doi.org/10.1093/eurheartj/ehab309
https://doi.org/10.1038/s41586-018-0579-z
https://doi.org/10.1038/s41586-018-0579-z
https://doi.org/10.1007/s00392-020-01721-x
https://doi.org/10.1007/s00392-020-01721-x
https://doi.org/10.1038/s41588-018-0058-3
https://doi.org/10.1038/s41588-018-0058-3
https://doi.org/10.1093/CLINCHEM/18.6.499
https://doi.org/10.1038/s41588-020-00757-z
https://doi.org/10.1086/519795
https://doi.org/10.1093/ije/dyv337
https://doi.org/10.1093/ije/dyv337
https://doi.org/10.1093/oxfordjournals.aje.a115184
https://doi.org/10.1093/oxfordjournals.aje.a115184
https://doi.org/10.1093/gigascience/giz082
https://doi.org/10.1038/ng.3396
https://doi.org/10.1016/J.AJHG.2015.09.001
https://doi.org/10.1007/s00392-022-02081-4
https://doi.org/10.1002/WICS.1460
https://doi.org/10.1002/SIM.4154
https://doi.org/10.1093/eurheartj/ehac093
https://doi.org/10.1371/journal.pmed.1003498
https://doi.org/10.1161/circgen.120.002932
https://doi.org/10.1161/STROKEAHA.113.002707
https://doi.org/10.1161/STROKEAHA.113.002707
https://doi.org/10.1038/s41588-022-01233-6

	Integration of a polygenic score into guideline-recommended prediction of cardiovascular disease
	Introduction
	Methods
	UK Biobank
	Framingham/Atherosclerosis Risk in Communities populations
	Clinical risk scores
	Polygenic risk score
	Statistical analysis

	Results
	Study population
	PRS-factor Stability relative to traditional risk factors
	PRS-factor Stability relative to SCORE2 levels
	Independent effects between polygenic risk score and SCORE2 on cardiovascular disease risk
	Risk reclassification by �‘SCORE2 × PRS-factor’

	Discussion
	Conclusions
	Acknowledgements
	Supplementary data
	Declarations
	Disclosure of Interest
	Data Availability
	Funding
	Ethical Approval
	Pre-registered Clinical Trial Number

	References


