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Abstract

Background: Coronary heart disease (CHD) is the leading cause of premature mortality. The
incremental value of polygenic risk score (PRS) to clinical risk score towards improving CHD
prediction is controversial. Meanwhile, the effect of PRS on CHD prediction in the chronic disease
population is unclear. Methods: Utilizing publicly available summary statistic data, we developed
several PRSs using genome data of European ancestry from the Atherosclerosis Risk in Communities
Study. Furthermore, we investigated the association of CHD with best-performing PRS in both the
overall and chronic disease cohorts. Additionally, we evaluated whether adding best-performing PRS
to clinical risk score improves the risk prediction. Results: A total of 6,152 subjects (767 CHD cases)
were included in this study. The developed best-performing PRS was significantly associated with
increased risk of CHD, with a stronger association in the hypertensive population (interaction P =
0.0144). Compared with individuals in the bottom 20% of PRS, those in the top 20% were more than
3-fold more likely to develop CHD in overall cohort, rising to 5-fold in the hypertensive cohort.
Adding PRS to the clinical risk score significantly improved the C-index (0.72 to 0.74; P = 0.004) with
a 10% net reclassification improvement overall. The hypertensive population showed the greatest
improvements. Furthermore, we observed significant gradient of 10-year and lifetime risk of CHD
based on PRS within each clinical risk category. Conclusions: Compared to the clinical risk score,
integrating PRS significantly improved CHD prediction and better identified CHD risk trajectories,
especially in the hypertensive population.

Keywords: coronary heart disease; hypertension; polygenic risk score; risk factors

Introduction

Coronary heart disease (CHD) is a complex condition arising from a combination of genetic,
cardiometabolic, behavioral, environmental, and social risk factors. It remains the leading cause of
premature mortality in both developed and developing countries [1,2]. Reducing the burden of CHD
worldwide and providing accurate risk prediction of incident CHD is a crucial public health problem
[3].

Although the treatment methods for CHD are rapidly increasing, identifying and selecting the
patients who can benefit from these treatments remains a challenge. Current, several clinical models
were proposed for predicting an individual’s incident CHD, such as the American College of
Cardiology/American Heart Association Pooled Cohort Equation (PCE) [4], the European Society of
Cardiology SCORE2 model [5] and the QRISK3 model [6]. These models integrate data on
demographics and cardiovascular risk factors to estimate the 10-year risk of an incident CHD.
However, conventional clinical risk prediction models are not highly accurate in estimating the risk
of CHD. For example, many individuals, who have an estimated 10-year CHD risk below 7.5% based
on PCE, experienced an incident CHD [7]. Therefore, there is particular interest in proposing tools to
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further enhance the risk stratification of the population, thereby minimizing treatment costs,
improving patient prognosis, and informing public health.

The estimated heritability of CHD ranges between 40% and 60%, with the majority of the
heritable risk attributed to a polygenic component [8]. The polygenic risk score (PRS), which can
capture a proportion of heritability [9], has been an effective tool for predicting various diseases [10-
13]. The score is the weighted sum of those identified single-nucleotide polymorphisms (SNPs)
associated with the interested traits or diseases in genome-wide association studies (GWAS) [14]. The
successful application of PRS to complex diseases demonstrates their strong potential for enhancing
CHD risk prediction by leveraging information from millions of genomic variants. Recently, many
PRSs for CHD have been developed to improve risk prediction. Several studies have shown that PRSs
can improve risk prediction accuracy for prevalent CHD events compared with conventional clinical
risk factors [15,16] and enhance power in terms of net reclassification improvement (NRI) by
combining clinical risk prediction models (i.e., PCE) with PRS [17,18]. In contrast, several studies
[19,20] that integrated a PRS into the PCE found that the combined strategy failed to significantly
improve discrimination, calibration, or risk reclassification. However, its applicability in individuals
with prior chronic conditions (such as hypertension, diabetes, or chronic kidney disease) has not been
fully studied. These populations are often at elevated baseline risk for CHD, but their risk trajectories
differ because of complex interactions between clinical and genetic factors [21].

To address the unmet need of individualized CHD risk prediction, we constructed a CHD PRS
and aimed to: (1) evaluate its predictive power across subgroup populations defined by chronic
disease status; and (2) assess whether incorporating CHD PRS with an established clinical
arteriosclerotic cardiovascular disease (ASCVD) risk score improves CHD risk prediction. We found
that the developed PRS exhibited a significant interaction in subgroups defined by chronic disease
status and demonstrated excellent predictive performance in the hypertensive population.
Furthermore, integrating this PRS with a clinical risk score significantly enhanced CHD risk
prediction.

Materials and Methods

Study Population

The study population of interest included 13,113 participants from the Atherosclerosis Risk in
Communities (ARIC) Study. The ARIC study is a prospective, longitudinal cohort of middle-aged
black and white participants (45% male vs 55% female) recruited from four communities in the
United States (Forsyth County, North Carolina; Jackson, Mississippi; suburbs of Minneapolis,
Minnesota; and Washington County, Maryland) from 1987 to 1989 (visit 1). All participants involved
were followed up every three years until visit 4 (1996-1998), and more recently, visit 5 (2011-2013),
visit 6 (2014-2016) and visit 7 (2017-2019) [22]. Clinical examination, blood measurement, physician
assistant reviews and telephone questionnaire were carried out at each follow-up. The entire dataset
was randomly split into a training set (70%) and a validation set (30%). The training set was used to
construct predictive models, and the validation set was used for parameter tuning of PRS algorithms.
The ARIC study protocol was approved by the Institutional Review Board of Vanderbilt University
Medical Center, and all participants provided written informed consent. The publicly available ARIC
data can be obtained from dbGaP (phs000090).

Genotype Data

SNP genotype data of all participants were acquired on the Affymetrix 6.0 DNA microarray
platform (Affymetrix, Santa Clara, CA) and were analyzed with the Birdseed variant-calling
algorithm. Quality control was conducted using PLINK 2.0 [23] before genotype imputation. We
excluded SNPs that have call rate < 95%, missing data >5%, Hardy—Weinberg equilibrium P values <
10, or minor allele frequencies < 5%, as well as duplicated SNPs [24]. Individuals who failed the X-
chromosome sex concordance check, as well as those with more than 5% missing data, were removed.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.0566.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 October 2025 d0i:10.20944/preprints202510.0566.v1

3 of 14

Related individuals were excluded by randomly removing one of each pair of individuals with
genetic relatedness more than 0.8. The 1000 Genomes Project was used as a reference panel for
genotype imputation via an algorithm on the Michigan Server [25,26]. SNPs with imputation quality
below 0.4 were removed. The QC procedure ensured there was no bias produced by sample batch
effect or genotyping quality.

ASCVD Risk Score

ASCVD 10-year risk score of all participants with available baseline was calculated using PCE
model [4], which incorporates variables of sex, age, race and ethnicity, diabetes, total cholesterol,
high-density lipoprotein cholesterol (HDL-C), systolic blood pressure (SBP), antihypertensive
medication use, and smoking status. Each participant was designated to one of three risk categories:
low (<7.5%), intermediate (7.5%-20%) and high (>20%) based on 10-year risk score of CHD.

Polygenic Risk Score

The PRS of an individual can be calculated as the weighted sum of risk alleles based on the
GWAS summary data. We used the GWAS summary data from the Coronary Artery Disease
Genome-Wide Replication and Meta-analysis (CARDIoOGRAM) plus the Coronary Artery Disease
(C4D) Genetics (CARDIoGRAMplusC4D) Consortium?1. Several different algorithms estimate
separate effect sizes, resulting in varying predictive performance of the calculated PRS. To select the
optimal PRS for CHD, we evaluated four PRSs: one previously developed by Khera et al. [8], and
three others were developed using different algorithms (clumping and thresholding [28] (C+T/ P+T),
LDpred?2 [29] and PRS-cs [30]). Detailed information on each PRS algorithm and its tuning parameters
is described in the supplementary materials.

For the PRS tuning, the candidate PRS-cs PRSs, LDpred2 PRSs and P+T PRSs were calculated in
a validation dataset in the ARIC independent from the training dataset. The best PRS of each
approach was selected using the area under the receiver operating characteristic (ROC) curve (AUC).
Specifically, we fitted a logistic regression with CHD as outcome; each candidate PRS as exposure;
and age, sex, and the first ten principal components (PCs) of genotype as covariates. The best PRS-cs
PRS, best LDpred2 PRS and best P+T PRS were used in the subsequent analysis.

We calculated a series of metrics to assess the performance of the best P+T PRS, best LDpred2
PRS and best PRS-cs PRS using the same approach with adjustment of the same set of covariates as
in the tuning step through 10-fold cross validation in the whole dataset. Each PRS was standardized
using z-score transformation. Based on the most predictive PRS, the study participants were divided
into three genetic risk categories: low (bottom quintile), intermediate (the second to fourth quintile)
and high (top quintile), as in the published approach [31].

Outcome and Follow-Up

The incident CHD cases were defined as having incident myocardial infarction (MI), heart
attack, fatal coronary event, or silent MI detected by electrocardiogram or having undergone a
revascularization procedure by December 31, 2004. The interested variables age, smoking status
(current, former and never), SBP, hypertension, antihypertensive medication use, HDL-C, stroke,
congestive heart failure (CHF), chronic kidney disease (CKD), obesity, dyslipidemia and diabetes
were ascertained at the visit 1 examination. The follow-up time for each participant was calculated
as the interval between the date of the baseline examination and the date of occurrence of CHD, the
date of death, or the last follow-up visit, whichever occurred first.
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Statistical Analysis

Baseline characteristics of overall participants were described as means for continuous variables
and frequencies for categorical variables. To compare the differences of demographics and clinical
factors for those with and without incident CHD, a two-sided Student’s t-test was used for
continuous variables and a chi-squared test was used for categorical variables. To measure the overall
prediction accuracy of PRSs, we calculated: i) the proportion of variation in CHD status explained by
the PRS on the liability scale; ii) the AUC for the PRS combined with covariates; iii) the odds ratio
(OR) which measures the association of the PRS with CHD.

Two Cox proportional hazard models were constructed to investigate the association between
PRS and incident CHD and estimate hazard ratio (HR) for the risk of incident CHD given one-unit
standard deviation (SD) increment in the PRS and by quintiles of the PRS distribution. Model 1, which
included age, sex, and the first ten PCs; model 2, which additionally included diabetes, LDL-C, HDL-
C, SBP, DBP, hypertension, antihypertension and smoking status. A series of models incorporating
interaction terms between PRS and chronic disease status were constructed to assess potential effect
modification on incident CHD risk, evaluated on a continuous scale. Cox proportional hazard model
fit was estimated by examining Schoenfeld residuals to evaluate the proportional hazards
assumptions for the covariates, Martingale residuals to assess nonlinearity, and deviance results to
identify influential outliers. Kaplan-Meier survival analyses were conducted to explore the
relationship between genetic risk categories and the cumulative incidence of CHD, with statistical
comparisons performed using the log-rank test.

Harrell concordance index (C-index) was calculated for Cox proportional hazard models
adjusted for age, sex and first ten PCs to examine the model goodness-of-fit. The incremental value
of the PRS to the clinical ASCVD risk score was assessed by evaluating the difference in C-index. We
calculated 95% confidence intervals for C-index and for the difference in C-index values between
models by 10-fold cross-validation using a nonoverlapping 9:1 split. We evaluated the calibration of
risk prediction models by comparing the observed with the predicted event probabilities using the
Greenwood-Nam-D’Agostino chi-squared test [32]. The NRI was calculated for the combined model
(includes clinical ASCVD risk score and PRS, denoted by PRS-enhanced model) and the PCE model
(includes clinical ASCVD risk score only). We calculated both categorized NRI and continuous NRI
to assess the PRS prediction performance when added to the clinical ASCVD risk score. The 95%
confidence intervals for NRI were obtained using bootstrapping. All statistical tests were two-sided
and a P <0.05 was considered significant. Statistical analysis was performed in R software, version
4.3.1.

Results

Baseline Characteristics of the Study Cohort

A total of 6,152 participants were included in our analysis (Figure 1), and 767 of them
experienced CHD event. The mean age was 54 years (SD, 5.6 years) and 44.73% male of the overall
cohort. As shown in Table 1, most of the baseline characteristics significantly differed between those
developed CHD and not developed CHD. Those with CHD were older than those without CHD,
with a mean age of 55.4 years (SD, 5.4 years) compared to 53.8 years (SD, 5.6 years) (P = 8.21x10-13).
There were more men (70.3% male vs 29.7% female, P = 3.26x10-2) and more former or current
smoking (26.99% current smoking vs 42.76% former smoking vs 30.25% never smoking, respectively,
P =1.24x10-%) among those who developed CHD. Furthermore, SBP was significantly higher in those
with CHD than those without CHD (P = 2.58x10), and individuals with CHD were also more likely
to be on antihypertensives. In the context of chronic diseases, individuals with CHD had a higher
incidence of hypertension, obesity, dyslipidemia, and CHF (P < 0.001), but not stroke or CKD. There
was also a significant difference across genetic risk categories (Table S1). The mean follow-up time
for those with CHD was lower than for those without CHD (10.14 years vs 16.23 years, P < 0.001).
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Target Population: ARIC GWAS Summary Statistics Data

13,113 Participants enrolled Coronary Artery Disease Genome-Wide Replication
and Meta-analysis plus the Coronary Artery Disease

Genetics

3,305 Excluded (non-European ancestry)

9,808 European participants

Calculate polygenic risk score using different
methods (i.e. P+T, LDpred2 and PRS-cs)

1,059 Excluded (related participants)

8,749 Unrelated participants

2,597 Excluded
2,370 without clinical data
225 with prevalent CHD

PRS with optimal predictive
ability is selected

Modeling for CHD prediction

2 incomplete SNP data

6,152 Participants with complete data
and no prior CHD

|

I

Construct optimal PRS-enhanced clinical model for
CHD prediction

Figure 1. The design and flowchart of this study. To select an optimal PRS for CHD prediction, we evaluated

the performance of five PRSs derived from summary statistics from the CARDIoOGRAMplusC4D and existing

PRS obtained from Khera et al. Lastly, we evaluated the performance of a clinical risk model (i.e., PCE) in
identifying risk of CHD and a clinical risk model combined with the PRS (i.e., the PRS-enhanced clinical risk
model). CARDIoGRAMplusC4D, the Coronary Artery Disease Genome-Wide Replication and Meta-analysis
(CARDIoGRAM) plus the Coronary Artery Disease (C4D) Genetics; GWAS, genome-wide association analysis;

CHD, coronary heart disease; PRS, polygenic risk score.

Table 1. Baseline characteristics of study cohort.

Overall

CHD events

Non-CHD events

Baseline characteristics N = 6,1520 N = 7673 N = 5,385 P-value ®
Age, years 54.02 (5.63) 55.37 (5.41) 53.83 (5.64) 8.21x1013
Gender, N(%) 3.26x102
Female 3,400 (55.27%) 228 (29.73%) 3,172 (58.90%)
Male 2,752 (44.73%) 539 (70.27%) 2,213 (41.10%)
HDL-C, mg/dL 51.94 (16.61)  43.93 (13.07) 53.08 (16.75) 7.45x105
LDL-C, mg/dL 136.17 (36.95) 147.23 (36.80) 134.60 (36.71) 4.31x1020
Systolic blood pressure, mmHg 117.70 (16.30) 122.88 (17.46) 116.96 (15.99) 2.58x10-1°
Diastolic blood pressure, mmHg 71.65(9.77)  73.16 (10.79) 71.43 (9.59) 4.10x10-%
Diabetes, N(%) 394 (6.40%) 126 (16.43%) 268 (4.98%) 8.42x10-3
Smoking status, N(%) 1.24x10-15

Current 1,279 (20.79%) 207 (26.99%) 1,072 (19.91%)

Former 2,162 (35.14%) 328 (42.76%) 1,834 (34.06%)

Never 2,711 (44.07%) 232 (30.25%) 2,479 (46.04%)
Hypertension, N(%) 1,472 (23.93%) 281 (36.64%) 1,191 (22.12%) 1.17x10-18
Antihypertensives, N(%) 1,056 (17.17%) 194 (25.29%) 862 (16.01%) 1.76x10-10
Obesity, N(%) 2,122 (34.49%) 349 (45.50%) 1,773 (32.92%) 7.09x1012
Dyslipidemia, N(%) 4,890 (79.49%) 690 (89.96%) 4,200 (77.99%) 1.61x10-14
CKD, N(%) 894 (14.53%) 120 (15.65%) 774 (14.37%) 0.35
CHEF, N(%) 159 (2.58%) 34 (4.43%) 125 (2.32%) 5.64x10-04
Stroke, N(%) 84 (1.37%) 11 (1.43%) 73 (1.36%) 0.86
Follow up time, years 15.47 (2.81) 10.14 (4.41) 16.23 (1.28) <0.001
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Abbreviations: CHD, coronary heart disease; HDL-C: high-density lipoprotein cholesterol; LDL-C: low-density
lipoprotein cholesterol; eGFR, estimated Glomerular Filtration Rate; CKD, chronic kidney disease; CHEF,
congestive heart failure. ® Mean (SD); n (%). ® Wilcoxon rank sum test for continuous variable; Pearson’s Chi-

squared test for categorical variable.

Performance of CHD PRS

Across the entire study population, the optimal performing PRS with an AUC of 0.72(95%CI:
0.68-0.76), liability R? of 6.30% and odds ratio (OR) of 1.65 (95%Cl: 1.52-1.79) was calculated using the
LDpred2 algorithm (Table S2). The distribution of the optimal performing PRS in the ARIC
population-based cohort shows that individuals with CHD have higher PRS than those without CHD
(Figure S1A). As shown in Figure S1B, the prevalence of CHD increases as the PRS percentile
increases. In the group with the high PRS, the prevalence of CHD was 34.78%, which is a 10.4-fold
difference compared with a CHD prevalence of 3.33% in the low PRS group. Having illustrated the
association between PRS and CHD, we evaluated effect sizes in the general population. The
individuals with PRS in the highest centile (prevalence = 34.78 cases per 1000 individuals) had a
significantly higher risk than those with median centile (prevalence =16.37 cases per 1000 individuals,
OR =2.53, P =0.0043) and lowest centile (prevalence = 3.33 cases per 1000 individuals, OR =23.29, P
=(.0023, Figure S1B). The association of CHD PRS and CHD risk was investigated, the CHD PRS was
significantly associated with CHD risk (hazard ratio (HR) per 1-SD increment = 1.58, 95%CI: 1.47-
1.70, P = 4.73x10-%, Table 2). After adjusting for diabetes, LDL-C, HDL-C, SBP, DBP, hypertension,
antihypertension and smoking status, there was a significant association of CHD PRS with CHD risk
(HR=1.51,95%CI: 1.40-1.62, P =1.27x10?7). As shown in Table 2, the hazard ratios (HRs) for polygenic
risk score (PRS) values in the upper 2nd, 5th, 10th, and 20th percentiles consistently increased with
higher PRS percentiles in both Model 1 and Model 2.

Table 2. Hazard ratios of CHD events for the PRS (per 1-SD increase) and selected PRS strata.

PRS Model 1 Model 2

HR (95%CI) P-value HR (95%CI) P-value
Continuous per 158(147,1.70)  4.73x10% 1.51(1.40, 1.62) 127x10%
SD increment
Top 20% 253(2.00,321)  1.58x10% 2.37(1.87, 3.01) 126x1012
Top 10% 275(1.95,3.88)  8.80x10% 2.49(1.76, 3.51) 2.38x107
Top 5% 3.32(1.96,5.64)  8.88x10% 3.07(1.80, 5.22) 3.49x10°5
Top 2% 6.14(1.97,191)  0.00172 5.86(1.88, 18.2) 0.00223

HR and 95% CI derived from Cox proportional hazards models; model 1 adjusted for age, sex, and first ten
principal components; model 2 adjusted for age, sex, and first ten principal components, diabetes, LDL-C, HDL-
C, SBP, DBP, hypertension, antihypertension and smoking status. HR, hazards ratios; CI, confidence interval;
PRS, polygenic risk score; CHD, coronary heart disease; HDL-C: high-density lipoprotein cholesterol; LDL-C:
low-density lipoprotein cholesterol; SBP, systolic blood pressure; DBP, diastolic blood pressure.

We evaluated the association between CHD PRS and the lifetime (till 80 years of age) trajectories
of CHD risk. The cumulative risk by age of 80 years for those in low, intermediate and high genetic
risk categories was 12.1%, 24.8% and 33.9%, respectively (Figure 2A). In time-to-event analyses, the
risk of CHD was higher in participants with intermediate (HR = 2.19, 95%CI: 1.72-2.80, P = 2.28x10-10)
and high (HR = 3.68, 95%CI: 2.84-4.77, P = 9.52x10"?%) genetic risk compared with those with low
genetic risk. The Kaplan—-Meier survival analyses with follow-up time as the time scale showed that
the CHD PRS provided a significant gradient of CHD risk stratification (Figure S2A, log-rank test, P
<0.0001).
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https://doi.org/10.20944/preprints202510.0566.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 October 2025 d0i:10.20944/preprints202510.0566.v1

7 of 14

>
w
@]

e
a

4

— Livw HR = 1 {refemence] . — Low HR = 1 [refarencs) ~ Lo HR = 1 {relesence}

= Intemediate HR - 210172280} P - 228« 107 - = krizmedaie HR = 3.19 (LBA5.44), P = 1832107 = It WP = 180 {141-2 45}, P = 100 = 10°
High HR = 3.08{284-4.77), & =952 =107 { 951~ vgh HR = 591 (341002, P = 247 = 20 |— ~ High HR = 286 {2 11387}, P =135 « 107"

Cumuistive CHD diagnasis
Cumuilative CHD diagrasis

Age (years)

By

5y
g

u

Figure 2. Cumulative incidence curves for CHD across polygenic risk categories. A-C, Cumulative incidence
curves were obtained from Kaplan-Meier estimates for CHD PRS in all participants (A), participants with
hypertension (B) and participants without hypertension (C). Cox proportional hazards model was used to
estimate the HR (95% CI) and the cumulative risk of CHD adjusted for sex and the first ten principal components
with age as the time scale. Polygenic risk categories: low (bottom quintile), intermediate (2nd—4th quintile), or

high (top quintile) risk according to quintiles of the CHD PRS. CHD, coronary heart disease; HR, hazard ratio.

Interaction of Chronic Diseases on PRS for CHD Prediction

The association of CHD PRS with CHD risk was investigated across strata of chronic diseases
and smoking status. We found that the association of CHD PRS with CHD risk was largely
independent of chronic diseases and smoking status, as well as the ASCVD risk score (Table S3).
Furthermore, we examined the association of CHD PRS with CHD risk in different chronic disease
populations. The HR was significantly higher in individuals with hypertension (HR = 1.76, 95%CI:
1.55-2.00, P =1.35x10-'8) compared with those without hypertension (HR = 1.47, 95%CI: 1.34-1.60, P =
9.21x1017; P = 0.0144 for interaction, Figure 3 and Table S4). In contrast, HRs did not significantly
differ in other chronic diseases or different smoking status populations. Similar to the results in all
individuals, the CHD PRS provided a significant gradient of CHD risk stratification in individuals
with and without hypertension (Figure S2). Individuals with hypertension at high genetic risk
exhibited a significantly lower probability of CHD event-free survival compared to those without
hypertension. In time-event analyses, the risk of CHD for hypertensive individuals elevated in those
with intermediate (HR = 3.19, 95%CI: 1.88-5.44, P = 1.93x10%) and high (HR = 5.91, 95%CI: 3.41-10.2,
P =2.47x10719) genetic risk compared with those with low genetic risk (Figure 2B). Conversely, the
risk of CHD for non-hypertensive individuals attenuated in those with intermediate (HR = 1.86,
95%ClI: 1.41-2.45, P = 1.02x10%) and high (HR =2.86, 95%ClI: 2.11-3.87, P = 1.36x10") genetic risk than
those with low genetic risk (Figure 2C). In addition, the cumulative risk of CHD by age of 80 years
significantly elevated in hypertensive individuals but attenuated in non-hypertensive individuals.
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Variables Total N HR(95%CI) P-value
All (6,152) 1.58(1.47-1.70) g 4731035
Obesity Yes(4,030) 1.50(1.34-1.67) —_— 2,70« 1077
Moj2,122) 1.64(1.49-1.81) —— T4 = 107
CKD Yes({5,258) 1.92(1.59-2,31) = 117 %10
MofE5d) 1.53(1.41-1.65) —u— 4.83 = 107
Hyperlensian Yes(d,680) 1.76(1.55-2.00) —_— 1.35 = 10718
Mo(1,472) 1.47(1.34-1,60) —a— 821 = 107
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Figure 3. HR for CHD per 1-SD increase in PRS by subgroups. HR and 95% confidence interval were estimated
using Cox proportional hazards model with follow-up time as time scale (adjusted for age, sex, the first 10
principal components) in different subgroups. CHD, coronary heart disease; CI, confidence interval; HR, hazard

ratio; SD, standard deviation; CKD, congestive kidney disease; CHF, coronary heart failure.

Addition of PRS to Clinical ASCVD Risk Score

We investigated whether adding the CHD PRS to the clinical ASCVD risk score improves
predictive performance. By calculating the C-index of the Cox proportional hazards model, we
evaluated the performance of models. We found that a model with only PRS produced a C-index of
0.71(95%CI: 0.69-0.73), whereas a model with only clinical ASCVD risk score increased the model
performance to 0.72 (95%Cl: 0.70-0.74), and the PRS-enhanced model further improved performance
to 0.74 (95%CI: 0.72-0.77, AC-index: 0.02, P = 0.004; Table S5). Furthermore, the PRS-enhanced model
significantly improved the C-index in individuals with hypertension (P = 7.92x10-%), whereas no
significant improvement was observed in non-hypertensive individuals (P = 0.192). When evaluating
reclassification metrics in detail, we found there was significant reclassification improvement in
three-category risk (<7.5%, 7.5%-20%, >20%) assessment (NRI, 0.10, 95%CI: 0.04-0.16; continuous NRI,
0.47, 95%ClI: 0.34-0.57, Table 3) across all participants. Furthermore, subgroup analysis revealed that
the PRS-enhanced model performed better in hypertensive individuals (NRI, 0.13, 95%CI: 0.04-0.23;
continuous NRI, 0.51, 95%CI: 0.35-0.67) compared with non-hypertensive individuals (NRIL 0.10,
95%CI: 0.05-0.16; continuous NRI, 0.37, 95%CI: 0.25-0.53, Table S6). Calibration analysis indicated
that the model with clinical ASCVD risk score and PRS was well calibrated in whole participants and
different subgroups (Figure S3).

Table 3. Net reclassification improvement after adding CHD PRS to PCE ASCVD risk score.

PRS-enhanced model

PCE model <7.5% 7.5%-20% >20% Total
CHD
<7.5% 126 45 1 172
7.5%-20% 20 102 17 139
>20% 0 4 18 2
Total 146 151 36 333
Non-CHD
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<7.5% 4,401 337 1 4,739
7.5%-20% 302 605 67 974
>20% 1 17 54 72
Total 4,704 959 122 5,785
Net reclassified improvement
NRI for CHD (95%CT) 0.12(0.06, 0.17)
NRI for Non-CHD (95%CI) -0.01(-0.02, -0.01)
NRI (95%CTI) 0.10(0.04, 0.16)
Continuous NRI for CHD (95%CI) 0.26(0.14, 0.37)
Continuous NRI for Non-CHD (95%CI) 0.21(0.18, 0.24)
Continuous NRI (95%CI) 0.47(0.34, 0.57)

In the upper part, columns and rows refer to categories of 10-year predicted risk, and the numbers represent the
counts of individuals assigned to the indicated risk category. The standard CHD model adjusted for sex, age,
the first ten principal components, and the low (<7.5%), intermediate (7.5%-20%) and high (>20%) risk categories
are based on the ASCVD risk score. NRI, net reclassification improvement; CHD, coronary heart disease; CI,
confidence interval; PRS, polygenic risk score; NRI, net reclassified improvement; ASCVD, arteriosclerotic

cardiovascular disease.

We further investigated the interaction of the PRS and the clinical ASCVD risk score on CHD
risk. When the study population was stratified into ASCVD risk score categories, we observed that
PRS provided an additional significant gradient in the 10-year lifetime risk of CHD within each
ASCVD risk score category (P-trend < 0.001) (Figure 4). When using both the ASCVD risk score and
the PRS together, there was a nearly 23-fold and 10-fold increase in 10-year and lifetime risk from the
lowest risk to the highest risk subgroups (1.36% 10-year risk and 8.15% lifetime risk in those with low
clinical risk and low genetic risk; 31.58% 10-year risk and 78.43% lifetime risk in those with high
clinical risk and high genetic risk). Furthermore, the ASCVD risk score provided a significant gradient
of risk stratification across genetic risk categories. Similar analysis was conducted in the hypertensive
population and the non-hypertensive population, we observed similar patterns of the interaction
between ASCVD risk score and PRS (Figure 54). We also observed that the 10-year and lifetime risk
of CHD were elevated in individuals with hypertension but attenuated in individuals without

hypertension.

A B
= 30 B wowrRs = M Low PRS
§ Intermediate PRS \% 70 Iniermediate PRS
= B High PRS w B High PRS
§ 25 5 60
o @
[m]
2 2 2 50
o ]
— s 40
p_cj 15 o
S
9 10 ]
@0 w 20
g & E
fy £ 10
- 1 1 = N

0 ! 0

Low clinical risk  Intermediate clinical risk  High clinical risk Low clinical risk  Intermediate clinical risk  High clinical risk
(N=4648) (N=1347) (N=157) (N=4648) (N=1347) (N=157)
Clinical ASCVD risk score category of CHD Clinical ASCVD risk score category of CHD

Figure 4. Ten-year and lifetime risk of CHD according to clinical ASCVD and polygenic risk categories A,
Ten-year risk of CHD obtained from the clinical ASCVD risk score and CHD PRS model with follow-up time as
the time scale. B, Lifetime risk of CHD (till 80 years of age) obtained from the clinical ASCVD risk score and
CHD PRS model with age as the time scale. Participants were stratified into low (<7.5%), intermediate (7.5%-
20%) and high (>20%) ASCVD 10-year risk of CHD categories, and low (bottom quintile), intermediate (the

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.0566.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 October 2025 d0i:10.20944/preprints202510.0566.v1

10 of 14

second to fourth quintile) and high (top quintile) PRS risk categories. Within each clinical risk categories,
increased genetic risk conferred significantly increased risk of CHD (P-trend <0.001 within each clinical risk
categories). CHD, coronary heart disease; PRS, polygenic risk score; ASCVD, arteriosclerotic cardiovascular

disease.

Discussion

In this paper, we proposed a CHD PRS that has good performance in risk stratification of
incident CHD risk, and enhanced the performance of the PCE when integrating this PRS into the
clinical ASCVD risk score. Meanwhile, we found that hypertension has an interaction with CHD PRS
for predicting CHD risk. The time-to-event analyses demonstrated there was a substantial gradient
of 10-year and lifetime CHD risk across polygenic risk categories. These results provide promising
support that PRS can improve accuracy in identifying the risk of incident CHD, especially in the
hypertensive population.

In the last decades, GWASs have demonstrated thousands of genetic loci associated with
hundreds of phenotypes [33]. The PRS derived from these GWASs can explain some of phenotypic
variance and has been used for disease prediction and risk stratification. Previous studies®! have
developed PRSs for CHD risk prediction, but they used old algorithms to calculate PRSs that may
have unsatisfactory performance. Recently, there has been an increasing number of novel algorithms
developed for improving the accuracy of PRS in explaining phenotypic variance and risk prediction.
This study used three advanced and recent algorithms to calculate PRSs and selected an optimal PRS
for subsequent CHD risk prediction and population stratification. Our results demonstrate that the
PRS calculated from the LDpred2 algorithm has the best performance with a significant HR of 1.58
per 1-SD increment, AUC of 0.706 and C-index of 0.71. These values are higher than those reported
in previous studies [18,34,35]. In our adjusted model, we found that those individuals in the highest
PRS percentile had 10.4 times higher odds of having incident CHD than those in the lowest percentile.
Our evaluation of the PRS risk stratification performance revealed that the individuals with high (HR
= 3.66) and intermediate (HR = 2.19) genetic risk showed a significantly increasing CHD risk
compared with those with low genetic risk, respectively. We observed that the HRs increased
progressively with higher PRS percentiles (top 2nd, 5th, 10th, and 20th percentiles), demonstrating
excellent risk stratification performance of our polygenic risk score. Our findings support the clinical
utility of the proposed CHD PRS, showing enhanced accuracy in both CHD prediction and risk
stratification. However, the predictive performance could potentially be further improved through
more advanced algorithms (e.g., ensemble learning methods) and larger sample sizes.

Furthermore, our proposed CHD PRS was independent of conventional clinical risk factors (e.g.,
stroke, obesity) which illustrated the independent predictive value of the CHD PRS. Interestingly,
consistent with previous studies [36], we found that hypertension significantly modified the
association between the PRS and CHD risk (P = 0.014). To our knowledge, there are few studies that
investigate the interaction of hypertension on PRS for predicting CHD risk. Further stratified analyses
were conducted to evaluate the association between PRS and CHD risk prediction across
hypertension-specific subgroups. We observed that HR was significantly elevated (1.76 vs 1.47, P =
0.014) in the population with hypertension than in those without hypertension. Furthermore, among
individuals with hypertension, those with high genetic risk have a higher incidence rate and HR than
those with low genetic risk. These findings suggest that the PRS provides stronger CHD risk
stratification in the hypertensive population.

The clinical utility of PRS in CHD risk prediction and risk classification was controversial when
integrating the CHD PRS into a clinical risk score. Multiple studies [17,18,35,37] have reported
improved predictive performance when adding PRS to traditional clinical risk scores, whereas other
investigations [19,20,34] found no significant enhancement in prediction accuracy. This discrepancy
may reflect differences in study populations, PRS construction methods, or clinical risk score
selection. We further investigated the reclassification performance of the addition of PRS to the
clinical risk score. Our PRS-enhanced model demonstrated excellent goodness-of-fit with a C-index
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of 0.74, which was significantly elevated compared with PCE (C-index of 0.72, P =0.004). Adding the
PRS to the clinical ASCVD risk score yielded a category NRI of 10% at three-category clinical ASCVD
risk (<7.5%, 7.5%-20% and >20%) and a continuous NRI of 47%. These findings demonstrate that the
addition of the PRS improves CHD risk classification beyond the clinical ASCVD risk score.

Similar trends were observed in the hypertensive population; however, the model performance
declined slightly, with a reduction in the C-index from 0.74 to 0.71 and in NRI from 10% to 4%. This
attenuation might be attributed to the limited sample size of hypertensive participants. Conversely,
the C-index and NRI show no changes in the non-hypertensive population. Of note, the NRI would
be 1.8% when assessing the reclassification in a two-category clinical ASCVD risk with a threshold of
7.5% in the ARIC cohort [18]. In our three-category risk strata, we observed a striking gradient of
longitudinal risk across CHD PRS categories. Our PRS demonstrated a consistent capability to
effectively stratify the trajectories of CHD genetic risk within each clinical ASCVD risk category.
Notably, hypertensive individuals with high CHD PRS exhibits an elevated incidence of CHD. These
findings underscore the PRS-enhanced model refines CHD risk prediction and stratification in
hypertensive population.

A primary strength of this work is the excellent performance of our novel CHD PRS and its
incorporation into clinical ASCVD risk score, offering substantial improvements in CHD risk
prediction and stratification compared with clinical ASCVD risk score. We observed that an HR of
3.68 among those in top 20% of the PRS compared with the remaining 80% in hypertensive
population, supporting that our PRS may serve as a risk-enhancing factor for CHD [38]. Furthermore,
multiple studies have demonstrated the association of CHD PRS with disease susceptibility in
demographic subgroups (e.g., male populations) [35,37], whereas its utility in chronic disease cohorts
has not been systematically investigated. Our findings support the potential utility of PRS in
enhancing CHD risk prediction among patients with chronic diseases (e.g., hypertension), though
further validation is warranted.

Study Limitations

This work has some potential limitations. Firstly, this work is limited to population of European
ancestry, therefore further study needs to be conducted in other ethnic populations. Furthermore,
previous work has shown that PRS developed and tested based on different populations may
experience performance degradation [39]. The variant weights for polygenic risk score were
estimated using the CARDIOGRAMplusC4D GWAS which includes 77% of European participants.
Even though, the inclusion of other ancestries could affect the estimation of variant weights and
attenuate the performance of the polygenic risk score in European population. This can be due to the
differences in variant frequencies, as well as the linkage disequilibrium patterns between racial and
ethnic populations. Secondly, the ARIC cohort is one of the cohorts in CARDIOGRAMplusC4D,
which might lead to an overestimation of the performance of the polygenic risk score. Thirdly, the
limited sample size in our study may have led to an overestimation of both CHD risk and incidence
rates. For instance, while the general population prevalence of CHD is 7.2%, our cohort exhibited a
higher prevalence of 12.5%. This potential overestimation is further illustrated by the subgroup
analysis: among the 157 individuals with both high lifetime clinical risk and high genetic risk, the
observed CHD incidence rate exceeded 70%. Fourthly, the performance of our PRS-enhanced risk
model may differ across varying ASCVD 10-year CHD risk thresholds, therefore further study needs
to be conducted. Fifthly, as this study is restricted to participants aged 44-65 years, the findings may
not be generalizable to younger (< 44 years) or older (> 65 years) populations. Genetic testing at an
earlier age may further improve risk prediction accuracy, but this hypothesis requires validation in
future studies. Finally, present studies focused on adding PRS to clinical risk factors and ignored the
impacts of socio-demographic, family history, lifestyle, and other environmental variables. Previous
works [8,40,41] have shown that those variables have significant impacts on disease prediction.
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Conclusions

We proposed a CHD PRS that has good performance in risk stratification of incident CHD
beyond clinical ASCVD risk score. Furthermore, we observed there were interaction of hypertension
on the PRS for predicting CHD risk. The PRS may provide a valuable CHD risk stratification guidance
to identify hypertensive patients who should be initiated or given intensive lifestyle changes and
drug treatments.
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