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eMethods

SHS CRP and lipid phenotypes

CRP was measured in a subset of participants at Phase Il using an enzyme-linked
immunosorbent assay with purified CRP and anti-CRP antibodies from CalBioChem (La Jolla,
California) 1. This assay has been used in the validation of the commercially available assay for
high-sensitivity CRP 2. The coefficient of variation was approximately 8%. CRP was log-
transformed for analysis. Total cholesterol, TG, LDL, HDL (mg/dL), APOA and APOB were
measured in fasting blood samples using standard assays and procedures have been published
3. HDL and TG were log-transformed for analysis.

SHS genotype quality control and imputation

Array genotyping quality control for samples excluded those with a missing rate > 0.05, sex
mismatch and duplicates (total n = 64 excluded). Genetic variants were excluded if they did not
map to chromosome positions or had more than 0.05 missing genotypes, leaving a total of
1,726,345 variants. We computed the genetic relatedness and principal components (PCs)
using PLINK 1.9 4. Imputation was performed following our previous procedure >/ using the
TOPMed freeze 8 reference panel & from TOPMed imputation server °, with Eagle v2.4 0 for
phasing and Minimac4 ! for imputation. A total of 13,210,147 post-imputation variants with an
imputation quality R? = 0.3 and minor allele count (MAC) = 5 were used in analyses.

SHS GWAS

GWAS in SHS (n = 3,157 after exclusions) was performed using the EMMAX test 12
implemented in EPACTS v3.3.0, controlling for population stratification and sample relatedness.
Traits were adjusted for age, sex, recruitment center, and top 10 genotype PCs as covariates,
and the residuals from the linear regression models were inverse-normal transformed. In the
first step of GWAS, we inferred the dense kinship matrix using high-quality variants with MAF >
1% and missing rate < 1%. In the association step, we tested imputed variants with a MAC = 5
and estimated imputation quality R? > 0.3.

UKB GWAS

GWAS of UKB EUR individuals (n = 450,865) was performed using REGENIE '3 due to its
computational efficiency for large-scale cohorts. We leveraged the imputed data released from
UK Biobank and removed variants with imputation INFO scores < 0.3 and MAC < 20 45, For
APOA and APOB, because their GWAS were not available from the PAGE study, we meta-
analyzed UK Biobank GWAS of African, South Asian, and East Asian populations obtained from
a published study * using the latest version of METAL ¢ and used these multi-ancestry GWAS
results to derive PGS.

Allele frequency comparison across populations
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We compared the allele frequencies between SHS and four reference populations (Europeans
[EUR], Africans [AFR], East Asians [EAS] and South Asians [SAS]) in a reference database,
TOP-LD 7, for variants with p < 1e-4 in our SHS GWAS.

PRS methods (PRS-CS and PRS-CSx)

PRS-CS 18 is a Bayesian method to construct PGS using GWAS results and LD reference
panels, and PRS-CSx 9 is its multi-ancestry extension, which takes multiple GWAS results and
LD reference panels from different populations to improve PGS accuracy. For all single-GWAS
PGSs, we ran PRS-CS-auto with default parameters, as prior studies show that the
performance varies little with different tuning parameters %18, For all multi-GWAS PGSs, we ran
PRS-CSx with default parameters, and adopted a two-fold cross-validation strategy to combine
the two GWAS-specific PGSs following a previous publication 15 . After calculating the posterior
effect size of each variant, we adopted a two-fold cross-validation strategy to combine the two
GWAS-specific PGSs 5. We split the testing dataset into two equally sized samples (A and B),
and used sample A for deriving the weights to calculate the linearly combined PGS for each
individual in sample B. Then, we derived the weights in sample B and similarly calculated PGS
for every individual in sample A.

Rationale of PGS construction

We first constructed PGSs using all SHS participants (n = 3,157) for testing, aiming to
investigate the best combination of GWAS (EUR or multi-ancestry) and LD (EUR or AMR) for
PGSs in the SHS, leveraging GWAS results from UK Biobank 415> and PAGE studies 2°
(Methods). Since PAGE did not have GWAS for APOA and APOB traits, we used meta-
analysis results from published GWAS for the UK Biobank Africans, South Asians and East
Asians # to represent a multi-ancestry GWAS (n = 21,721), and PAGE GWAS results for other
traits (n = 35,000). We refer to these GWAS results as multi-ancestry GWAS (see Methods).
For EUR GWAS, we used the UKB GWAS results (n = 450,865). The detailed sample sizes for
each trait are shown in eTable 1. These PGSs included UKB_eur, multi_eur, multi_amr, and
UKB+multi (Methods). The rationale behind using both EUR and AMR LD references for multi-
ancestry GWAS is to compare the choice of reference panels for PGS construction, given that
large-scale Hispanic/Latino individuals were included in the multi-ancestry GWAS.

To evaluate whether a small ancestry-matched American Indian GWAS could help improve
PGS performance, we constructed PGSs using a subset of SHS American Indian data that we
then applied to the testing SHS American Indian set (n = 1,157). We additionally constructed
SHS_eur, SHS_amr, UKB+SHS and multi+SHS (Methods). The first two are single-GWAS
PGSs (SHS_eur and SHS_amr) based on SHS-training (n = 2,000) GWAS, and the latter two
(UKB+SHS and multi+SHS) are multi-GWAS PGSs combining external GWAS with small-scale
SHS-training (n = 2,000) GWAS.

Note that we used underscores to name single-GWAS PGS to accommodate the different LD
reference panels with the same GWAS and adopted a plus sign in the naming for multi-GWAS
PGS to emphasize their multi-GWAS feature. We did not consider LD mismatch in a multi-
GWAS setting due to its complexity, though arguably no LD reference would be appropriate for
multi-ancestry GWAS.

All the PGS evaluation was based on partial R?, calculated as the squared Pearson correlation

between PGS and traits after adjusting for all the covariates, which reflects the trait variance
explained by PGS.
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Cardiometabolic disease definitions

Prevalent hypertension was defined by a blood pressure >140/90 mmHg or use of blood
pressure-lowering medications (n total = 3,139; n cases = 1,167) at baseline visit. Prevalent
diabetes was defined by a fasting glucose >126 mg/dL or A1c= 6.5% and/or use of diabetic
medications (n total = 3,077; n cases = 1,213) at Phase | (baseline) visit. The high prevalence of
diabetes aligns with a recent publication for the age distribution of our study cohort ?*. Incident
stroke was defined by fatal and nonfatal total stroke events occurring between the baseline
examination and last follow-up among participants without a prior history of stroke (n total =
3,138; n cases = 360). Incident CHD was defined by fatal and nonfatal events (definite
myocardial infarction [MI], definite CHD, ECG-evident definite MI, cardiac procedures, including
percutaneous transluminal coronary angioplasty or coronary artery bypass graft) occurring
between the baseline examination and last follow-up among participants without a history of
CHD (n total = 3,138; n cases = 1,177). Incident fatal and nonfatal heart failure (HF) events
were ascertained from baseline to last follow-up among participants without a history of
cardiovascular disease (n total = 3,138; n cases = 632). We used validated events obtained
from surveillance, mortality, and medical records with a follow-up up to December 31%t, 2022 22,
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eFigure 1. Manhattan plot for APOA GWAS in SHS.
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eFigure 2. Manhattan plot for APOB GWAS in SHS.
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eFigure 3. Manhattan plot for CRP GWAS in SHS.
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eFigure 4. Manhattan plot for HDL GWAS in SHS.
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eFigure 5. Manhattan plot for LDL GWAS in SHS.
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eFigure 6. Manhattan plot for TG GWAS in SHS.
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eFigure 7. PGS results in all SHS participants (n = 3,157).
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eFigure 8. Smoothscatter plots comparing the allele frequency between SHS and
European population in TOP-LD.
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eFigure 9. Smoothscatter plots comparing the allele frequency between SHS and African

population in TOP-LD.
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eFigure 10. Smoothscatter plots comparing the allele frequency between SHS and East

Asian population in TOP-LD.
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eFigure 11. Smoothscatter plots comparing the allele frequency between SHS and South

Asian population in TOP-LD.
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