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1. Introduction

Polygenic risk scores (PRS) for coronary artery disease (CAD) are
increasingly being deployed to inform preventive cardiovascular care
[1-3]. Although PRS show robust population-level associations and are
entering clinical workflows [3,4], recent work highlights a key imple-
mentation challenge: substantial variability in individual-level risk
classification across different PRS models, despite similar discrimination
and calibration [5,6].

In a systematic evaluation, cataloged CAD PRSs with comparable
population level performance produced discordant individual-level risk
estimates, with poor agreement in identifying individuals at the ex-
tremes of risk [5]. Thus, stand-alone PRS percentiles may lead to
inconsistent high-risk classification.

An ensemble framework has recently been proposed to mitigate this
instability and improve classification consistency [6]. However, most
PRS are not used in isolation in clinical practice. Current preventive
cardiology guidelines rely on multivariable risk equations—such as the
Pooled Cohort Equations (PCE)—to estimate 10-year atherosclerotic
cardiovascular disease (ASCVD) risk, and PRS are typically conceptu-
alized as risk enhancers or adjunctive predictors rather than stand-alone
tools [7,8].

Whether integration of CAD PRS with established clinical risk models
improves the stability of individual-level risk prediction has not been
systematically evaluated. In this study, we assess the variability of in-
dividual risk estimates derived from 14 published CAD PRS and their
ensembles, and examine whether combining PRS with the PCE reduces
prediction variability and improves agreement in high-risk
classification.

2. Methods

We utilized longitudinal UK Biobank (UKB) data to assess the sta-
bility of polygenic risk score (PRS)-only models compared with PRS
models integrated with clinical risk factors (Supplementary Figure 1).
The analysis included 14 coronary artery disease (CAD) PRSs from the
PGS Catalog, each developed independently of UK Biobank GWAS data,
as well as ensemble PRS models combining all eligible PGS catalog
scores available up to a specific PRS release date [9].

CAD cases were defined using myocardial infarction, coronary
revascularization, or death from CAD. Outcomes were censored at 10
years to align with ASCVD-PCE predictions.

PRSs were scored using PLINK and standardized to account for
ancestry-specific mean and variance as previously described [10].
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Fig. 1. Performance and stability of integrated and stand-alone PRS models.
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(A) Distribution of individual-level coefficient of variation (standard deviation of individual level predictions divided by their mean) for CAD PRS (left) vs. CAD PRS
integrated with ASCVD-PCE (right). The top row shows variation across the five best-performing PGS Catalog models, while the bottom row shows variation in
ensemble scores that combine all PGS Catalog models available from the five most recent publication dates. Ensemble CAD PRS models integrated with ASCVD-PCE
(bottom right panel) had the least coefficient of variation. (B) PCE-adjusted Hazard Ratio (per standard deviation) of single PRSs (left) or ensemble scores (right).
Models are ordered based on PGS catalog release date and ensemble includes all models released up to a given PRS release date. (C) Binary classification concordance
between single PRSs and (D) their corresponding integrated PRS with ASCVD-PCE models. (E) binary classification concordance between PRS ensembles and (F) their
corresponding integrated PRS with ASCVD-PCE models. PRS models are ordered based on PGS catalog release date (most recent in the top right of each heatmap) and

ensemble includes all models released up to a given PGS release date.

Ensemble PRS weights were optimized using ElasticNet logistic regres-
sion. Ensemble training was performed in 13,852 CAD cases at enroll-
ment matched 1:1 with controls by age and sex. For integrated model
development and testing, separate subsets of CAD-free participants at
baseline were used (n=97,844 for development; n=195,688 for testing),
restricted to individuals eligible for ASCVD-PCE risk assessment (Sup-
plementary Figure 1 and Supplementary Table 1).

Integrated models were constructed using Cox proportional hazards
regression by combining the ASCVD-PCE linear predictor with stan-
dardized PRS additively, with 10-year CAD incidence as the outcome.
PCE-adjusted hazard ratios per standard deviation were calculated.
Prediction variability was evaluated by transforming PRS to risk per-
centiles and by calculating absolute 10-year risk for integrated models.
The coefficient of variation (CV) quantified dispersion. High-risk
agreement was assessed using the Jaccard index, defining high-risk as
top 5% of PRS or >7.5% 10-year ASCVD risk (~5.8% of the cohort for
the integrated ensemble).

3. Results

Across 14 published CAD PRSs, substantial variability was observed
in individual-level risk estimates when PRS were used alone. The me-
dian coefficient of variation (CV) of individual-level predictions across
the top 5 PRSs was 0.392 (Interquartile range [IQR] 0.234-0.586)
(Fig. 1A). Integration of each PRS with the ASCVD PCE substantially
reduced variability (p < 0.001), lowering the median CV to 0.215 (IQR
0.159-0.282).

Combining PRSs into ensemble models further stabilized predictions.
Among the top 5 PRS ensembles, the median CV decreased to 0.044 (IQR
0.021-0.081), and to 0.029 (IQR 0.020-0.042) when integrated with PCE
(Fig. 1A). Iterative ensemble construction improved population-level
performance while reducing dispersion (Fig. 1B). The HR per SD of
the highest performing PRS (PGS004925) increased from 1.42 (95% CI
1.38-1.46) for individual PRS to 1.61 (95% 1.56-1.65) in the ensemble
framework.

We next evaluated high-risk classification. Using a top 5% threshold
for stand-alone PRS percentiles, the median Jaccard index across single
PRSs was 0.113 (IQR 0.074-0.165), indicating poor concordance
(Fig. 1C). When integrated with PCE and defining high-risk as >7.5%
10-year risk (~5.8% of the cohort for the integrated ensemble), the
median Jaccard index increased (p < 0.001) to 0.497 (IQR 0.457-0.572).

Ensemble PRSs alone improved agreement compared with individual
PRSs (median Jaccard index 0.262 [IQR 0.157-0.455]), but stability was
highest when ensemble PRSs were integrated with PCE (median Jaccard
index 0.59 [IQR 0.456-0.670]) (Fig. 1D).

4. Discussion

In this analysis of 14 published CAD PRSs, we demonstrate that
individual-level instability observed with stand-alone PRS is substan-
tially improved when genetic risk is incorporated into a multivariable
clinical framework. Single PRSs showed marked dispersion (median CV
0.392) and poor high-risk agreement (median Jaccard 0.113), whereas
integration with the ASCVD PCE reduced variability (median CV 0.215)
and improved concordance (median Jaccard 0.497). Ensemble ap-
proaches further stabilized predictions, with the highest agreement

observed when ensemble scores were integrated with PCE (median CV
0.027; median Jaccard 0.59), and near-perfect concordance (0.86-0.97)
across successive integrated ensemble iterations.

These findings build on prior work demonstrating substantial
discordance in high-risk classification across published PRSs despite
similar population-level discrimination [5,6]. Consistent with extreme
value theory, correlated models may diverge in distribution tails, pro-
ducing instability when percentile cutoffs define “high genetic risk” [6].
We show this instability persists for stand-alone PRS but is attenuated
when genetic risk is integrated with clinical factors.

Clinically, these findings are most relevant near guideline-relevant
therapeutic thresholds, [8] where adoption of newer PRS models
could otherwise shift statin eligibility or preventive strategies. Embed-
ding PRS with multivariable model such as PCE dampens variability and
yields more stable, interpretable risk estimates.

Finally, ensemble frameworks provide a pragmatic strategy for
incorporating newly published PRSs without substantial reclassification.
As GWAS sample sizes expand and PRS methods evolve, a dynamic
integrative approach may enable updating genetic risk estimates while
preserving stability in clinical decision-making.

5. Conclusion

Stand-alone CAD PRSs demonstrate substantial instability in
individual-level risk classification despite similar population-level per-
formance. Ensemble modeling and integration with clinical risk pre-
diction reduced variability and improved concordance. These findings
support embedding PRS within established risk equations to provide
more stable and clinically actionable estimates.
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