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Summary
Background Polygenic risk scores (PRSs) improve prediction of the development of type 2 diabetes over the use of 
clinical risk factors alone; however, they perform poorly in populations of non-European ancestry, limiting their 
global clinical utility. We aimed to deliver comprehensive and rigorously tested multi-ancestry PRSs for prediction in 
type 2 diabetes.

Methods We conducted meta-analyses using data from type 2 diabetes genome-wide association studies (GWAS) 
across cohorts from five major global ancestries: European, African or African American, Admixed American, South 
Asian, and East Asian. We used summary statistics from the GWAS to construct single-ancestry PRSs (using the 
continuous-shrinkage PRS-CS method) and multi-ancestry PRSs (using the PRS-CSx method), and constructed 
ancestry-specific linkage disequilibrium panels to model pairwise correlations between single-nucleotide 
polymorphisms in GWAS during PRS construction. Models were validated for association with type 2 diabetes in at 
least four independent cohorts per ancestry. The effect sizes of PRSs were estimated as the odds ratio (OR) per SD of 
the PRS, and ORs for individuals at the 90th, 95th, and 97·5th PRS percentiles were compared with the IQR as a 
reference. We also tested our PRS models for prediction of diabetes incidence with or without additional clinical 
factors, as well as microvascular complications and comorbidities.

Findings Our analysis used data from 409 959 individuals with type 2 diabetes and 1 983 345 controls: respectively, 
359 819 and 1 825 729 indivduals were included in the GWAS dataset, with 10 992 and 31 792 individuals in the training 
dataset and 39 148 and 125 824 individuals in the validation dataset. The best predictive performance for the single-
ancestry PRSs was in European (incremental AUC 0·07–0·14) and East Asian (0·02–0·16) ancestries, whereas 
prediction was poorer for African or African American (0·02–0·03), Admixed American (0·02–0·04), and South 
Asian (0·02–0·04) ancestries, correlating with sample sizes in the GWAS. Compared with single-ancestry PRSs, our 
multi-ancestry PRSs showed higher effect sizes and smaller 95% CIs across all ancestries: OR per SD 1·73 (95% CI 
1·67–1·80) in African or African American, 2·82 (2·67–2·97) in Admixed American, 2·45 (2·36–2·54) in East Asian, 
2·36 (2·32–2·41) in European, and 2·23 (2·05–2·42) in South Asian ancestries. Individuals in the 97·5th PRS 
percentile had a 3–7 times increased risk of type 2 diabetes compared with those in the IQR (OR 3·43 [95% CI 
2·80–4·21] in African or African American, 7·47 [5·64–9·89] in Admixed American, 6·62 [5·58–7·85] in East Asian, 
6·25 [5·72–6·82] in European, and 4·50 [2·70–7·53] in South Asian ancestries). These PRSs were also associated 
with earlier onset of type 2 diabetes, higher risk of developing microvascular complications, and provide additional 
predictive value beyond clinical factors. In individuals with type 2 diabetes, the association between multi-ancestry 
PRSs and risk of microvascular complications and comorbidity was studied in populations of African, Admixed 
American, and European ancestries and was significant in all three ancestry groups for diabetic retinopathy (ORs 
per SD 1·28–1·57), diabetic nephropathy (1·25–1·58), proliferative diabetic retinopathy (1·39–2·08), and end-stage 
diabetic nephropathy (1·44–1·87); PRS was associated with coronary artery disease in the Admixed American ancestry 
group only (1·16 [95% CI 1·08–1·25]).

Interpretation These validated, publicly available PRSs can improve risk stratification for type 2 diabetes onset and 
complications across diverse ancestries, supporting their further evaluation in clinical settings.
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Introduction
Type 2 diabetes is a major health problem. Approximately 
589 million people are living with the condition globally, 
with numbers predicted to increase to 853 million by 
2050.1 Both genetic and environmental factors contribute 
to susceptibility to type 2 diabetes. Genome-wide 
association studies (GWAS) have identified 1289 genetic 
signals for the condition in individuals from diverse 
ancestries.2,3 The aggregation of risk alleles in polygenic 
risk scores (PRSs) for type 2 diabetes2,4 could provide 
insights into disease progression and prognosis, and 
identify people at risk of developing the condition for 
prioritisation of therapeutic or lifestyle interventions.5 
Several initiatives have tested the use of PRSs in clinical 
settings,6,7 and have shown that PRSs for type 2 diabetes 
are particularly valuable for identifying individuals at risk 
among those perceived to be at low risk on the basis of 
standard clinical risk factors.8

Type 2 diabetes and related complications dispro
portionately affect populations of South Asian, African 
American, and Hispanic or Latin American ancestries 
compared with those of European ancestry.9 However, 
most PRSs are based on GWAS comprising 
predominantly individuals of European ancestry and 
have poor performance in individuals of other 
ancestries, which could further exacerbate health 

disparities if PRSs were used for disease prediction in 
diverse populations.2,10

Research efforts over the past 7 years have aimed to 
improve the transferability of PRSs across diverse 
ancestries. First, the Polygenic Risk Methods Develop
ment (PRIMED) consortium and others have developed 
new methods, such as those incorporating GWAS and 
linkage disequilibrium data from multiple ancestries, 
showing improved prediction.11,12 Second, data from 
large-scale GWAS of type 2 diabetes in non-European 
populations have become available, which could improve 
the power of PRSs in these populations. Third, the 
emergence of large-scale biobank data, such as from the 
All of Us Research Program, provides independent 
samples from diverse ancestries that could be used to 
develop, train, and validate novel PRSs.13,14

As part of the Type 2 Diabetes Global Genomics 
Initiative (T2DGGI), we published the largest meta-
analysis of multi-ancestry GWAS of type 2 diabetes to 
date, including data from 2·5 million individuals.3 Here 
we present results from Diabetes Polygenic Risk Scores 
in Multiple ancestries (D-PRISM),2,12 an international 
consortium to develop PRSs for different types of 
diabetes and disease progression across the lifespan in 
diverse ancestries. We aimed to leverage the T2DGGI 
and the D-PRISM consortia to aggregate data from type 2 
diabetes GWAS from five major ancestry groups, and to 

Research in context

Evidence before this study
Dozens of genome-wide association studies (GWAS) have been 
conducted for type 2 diabetes, generating vast amounts of 
genetic data used to construct polygenic risk scores (PRSs). 
These scores aggregate thousands of genetic variants to 
estimate an individual’s genetic predisposition to type 2 
diabetes. However, more than 70% of the data underpinning 
these risk scores originate from populations of primarily 
European ancestry. This ancestral bias fundamentally restricts 
the wide clinical applicability of PRSs, as their predictive 
performance decreases in non-European populations, including 
those of African or African American, South Asian, and Admixed 
American descent, in whom the burden of type 2 diabetes is 
often disproportionately high. Before this work, there was a 
deficit of robustly developed and extensively validated PRSs for 
type 2 diabetes that perform consistently across diverse 
ancestries. We searched the PGS Catalog for English-language 
publications, published between Oct 15, 2019, and Oct 7, 2024, 
reporting “type 2 diabetes” PRSs. Excluding process-specific 
PRSs or PRSs trained with data from the All of Us Research 
Program, we identified 25 papers detailing 55 PRSs published by 
our methodological cutoff to benchmark against our PRS 
models. Of these 25 studies, 12 relied entirely on GWAS from 
populations of European ancestry. Although 18 studies 
evaluated the PRSs across multiple ancestries, ten of these cross-
ancestry studies still derived the PRSs from European GWAS. 

Overall, the sample sizes of the GWAS reached up to 1·1 million 
individuals, yet ancestry diversity was poor.

Added value of this study
This study leveraged the wealth of accumulated genetic data on 
individuals with type 2 diabetes to construct, train, and validate 
what are, to our knowledge, the most comprehensive PRSs 
applicable to five major global ancestry groups (African or 
African American, Admixed American, East Asian, European, 
and South Asian). Our multi-ancestry PRSs had better predictive 
ability for type 2 diabetes risk than our single-ancestry PRSs as 
well as other previously available PRSs, and could also predict an 
individual’s risk of developing common microvascular 
complications and provide additional risk information beyond 
what traditional clinical factors alone can offer.

Implications of all the available evidence
PRSs are powerful tools that can significantly improve risk 
prediction when used alongside traditional clinical factors. 
However, to be clinically useful and equitable, they must work 
reliably for everyone. This study developed and rigorously 
tested PRSs to accurately identify individuals at high risk of type 
2 diabetes and its complications from five major ancestry 
groups worldwide. By making these scores freely available, 
we provide researchers and clinicians with a resource that could 
help to advance genetic risk stratification and make type 2 
diabetes prevention strategies more precise and globally fair.

Japan (K Suzuki); Centre for 
Genetics and Genomics Versus 

Arthritis, Centre for 
Musculoskeletal Research, 

Division of Musculoskeletal 
and Dermatological Sciences, 

University of Manchester, 
Manchester, UK (K Suzuki, 

A P Morris PhD); Lee Kong Chian 
School of Medicine, Clinical 
Sciences Building, Nanyang 

Technological University, 
Singapore (H K Ng PhD, 

M Loh PhD); Department of 
Biomedical Sciences, Seoul 

National University College of 
Medicine, Seoul, South Korea 

(J Choi MS); The Charles 
Bronfman Institute for 

Personalized Medicine, Icahn 
School of Medicine at Mount 

Sinai, New York, NY, USA 
(S Lee MD, R J F Loos MD, 

D Sanghera PhD); Department 
of Pediatrics, Section of 

Genetics, University of 
Oklahoma, Oklahoma City, OK, 

USA (M Rout PhD); Nuffield 
Department of Population 

Health, University of Oxford, 
Oxford, UK (K Lin PhD, 

R G Walters PhD); Unidad de 
Investigación de Enfermedades 

Metabólicas, Research 
Direction of the Instituto 

Nacional de Ciencias Médicas y 
Nutrición Salvador Zubirán, 

Mexico City, Mexico 
(C A Aguilar-Salinas PhD); 

Tecnológico de Monterrey, 
Escuela de Medicina y Ciencias 

de la Salud, Mexico City, 
Mexico (C A Aguilar-Salinas); 

Center for Infectious Disease 
Research, National Institute of 

Public Health, Cuernavaca, 
Mexico (L García-García MD); 

Centro de Estudios en Diabetes, 
Unidad de Investigacion en 

Diabetes y Riesgo 
Cardiovascular, Centro de 

Investigacion en Salud 
Poblacional, Instituto Nacional 

de Salud Pública, Mexico City, 
Mexico 

(C González-Villalpando MD); 
Department of Population and 

Public Health Sciences, Keck 
School of Medicine of USC, 

Los Angeles, CA, USA 
(C A Haiman PhD); Department 
of Precision Medicine, Division 

of Genome Science, National 
Institute of Health, Cheongju-

si, South Korea (Y J Kim PhD); 
Department of Internal 

Medicine, Seoul National 
University College of Medicine 
and Seoul National University 

Hospital, Seoul, South Korea 
(S H Kwak PhD); Department of 



Articles

3www.thelancet.com/diabetes-endocrinology   Published online April 27, 2026   https://doi.org/10.1016/S2213-8587(25)00405-X

train and validate PRS models in independent cohorts to 
evaluate the performance of these scores in predicting 
type 2 diabetes, its complications, and comorbidities 
using a unified pipeline. We tested the optimal PRS 
models for each ancestry and have made them available 
to the community for future testing of their clinical 
utility.

Methods
Study design and participants
The overall study design is detailed in appendix 1 (pp 1–6). 
We used type 2 diabetes GWAS data from selected 
cohorts participating in three large consortia: Diabetes 
Meta-analysis of Trans-ethnic Association Studies,15 
Million Veteran Program,16 and FinnGen.17 Cohorts were 
categorised by genetic similarity to the 1000 Genomes 
project18 or to the predominant major global ancestry 
group according to the country of origin: African or 
African American, Admixed American, East Asian, 
European, and South Asian. We leveraged nearly all 
available genetic datasets with type 2 diabetes phenotype 
information for the following purposes: to maximise 
diversity in ancestries, harmonising 125 type 2 diabetes 
GWAS datasets including up to 2·2 million individuals 
(appendix 2 tabs 1, 2); to enhance the representation and 
tagging of the genetic variants contributing to the 
PRSs by generating new, ancestry-specific linkage 
disequilibrium reference panels (appendix 2 tab 7); to 
train PRS models across ancestries (appendix 2 tabs 3, 4); 
and to thoroughly validate the PRSs in multiple 
independent, harmonised cohorts (appendix 2 tabs 5, 6) 
and to assess the association of these PRSs with diabetes-
related complications and comorbidities (appendix 2 
tabs 13, 14). All studies were approved by local 
institutional review boards and/or ethics committees 
(appendix 1 pp 33–38).

Procedures
We used summary statistics from ancestry-specific type 2 
diabetes GWAS to construct single-ancestry PRSs, using 
the continuous-shrinkage PRS-CS19 method, and multi-
ancestry PRSs, using the PRS-CSx20 method. The 
PRS-CSx approach uses the increased statistical power 
from GWAS of five major ancestry groups, which are 
jointly modelled to maximise the power of variants 
present in all ancestries as well as incorporating ancestry-
specific effects. Ancestry-specific linkage disequilibrium 
panels were used to model pairwise correlations 
between single-nucleotide polymorphisms (SNPs) in 
GWAS during PRS construction. The original linkage 
disequilibrium panels are based on SNPs derived from 
the International HapMap Project phase 3 data 
(HapMap3), which do not tag well in non-European 
populations. In addition, the original linkage disequili
brium panels used samples from the 1000 Genomes 
project, which has a limited number of samples, or 
the UK Biobank, which has only a small amount of data 

from individuals with non-European ancestry. To improve 
tagging, we developed new linkage disequilibrium panels 
with an expanded set of SNPs generated using the 
Tag(ging) It(erative) of SNPs in multiple populations 
(TagIt) program21 for variants with ancestry-specific minor 
allele frequencies of at least 0·01 in the 1000 Genomes 
project. We also used more than 8000 in-house 
samples to compute ancestry-specific pairwise linkage 
disequilibrium, which enables more accurate linkage 
disequilibrium modelling (appendix 2 tab 7).

Statistical analysis
We compared the effect of ancestry in GWAS, SNP sets, 
and linkage disequilibrium sources on PRS performance 
in the training cohorts. We defined the best models as 
those that maximised the incremental area under the 
curve (iAUC) for predicting prevalent type 2 diabetes 
(appendix 2 tab 8). To calculate the iAUC, we subtracted 
the AUC of a model without the PRS from the AUC of a 
full model that included the PRS, sex, age, and genetic 
principal components. We validated the best-performing 
models in at least four independent cohorts per ancestry 
and fitted secondary models with BMI as an additional 
covariate (appendix 2 tabs 9, 10). We estimated the effect 
size of PRSs as the odds ratio (OR) per SD of the PRS, 
and calculated ORs for individuals at the 90th, 95th, and 
97·5th PRS percentiles compared with the IQR reference. 
We used the DeLong test to compare the iAUCs of single-
ancestry and multi-ancestry PRSs. We combined the PRS 
estimates across validation cohorts using fixed-effects 
meta-analyses by ancestry, weighting each cohort’s 
β coefficient by its inverse variance via the metafor 
package in R.

In the All of Us version 7 cohort, we compared our 
best-performing type 2 diabetes PRSs with 55 scores 
from the Polygenic Score (PGS) Catalog. We defined 
statistical significance using a Bonferroni-corrected 
threshold of p<0·0009 (0·05 / 55) to account for multiple 
testing. We also compared different strategies for PRS 
construction. Although some studies leverage ancestry 
diversity using inverse-variance-weighted meta-analysis 
from multi-ancestry GWAS—typically using a single 
European linkage disequilibrium panel—this approach 
might not accurately model linkage disequilibrium 
patterns or tag ancestry-specific variants. To evaluate the 
PRS-CSx approach against standard meta-analysis, we 
conducted an inverse-variance-weighted meta-analysis of 
D-PRISM ancestry-specific GWAS summary statistics 
and applied PRS-CS using the European 1000 Genomes 
Project HapMap3 linkage disequilibrium reference 
panel. We also evaluated PRSs based on the largest meta-
analysis of multi-ancestry GWAS of type 2 diabetes, 
conducted by Suzuki and colleagues,3 which included a 
sample size 16% larger than our datasets, as we 
intentionally held out several cohorts for PRS training 
and validation. For these PRSs based on data from 
Suzuki and colleagues, we either applied PRS-CS or 
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constructed a restricted-to-significance PRS using 
1289 distinct type 2 diabetes variants (appendix 2 tab 11).

Type 2 diabetes adversely affects the functions of 
multiple organs, leading to long-term complications and 
comorbidities.23 We used data from the All of Us version 8 
cohort to assess the utility of the best-performing multi-
ancestry PRSs in identifying individuals with type 2 
diabetes who are at risk of developing microvascular 
complications (diabetic retinopathy, proliferative diabetic 
retinopathy, diabetic nephropathy, and end-stage diabetic 
nephropathy) and comorbidities (coronary artery disease 
and ischaemic stroke). We fitted logistic regression models 
adjusted for sex, age, and genetic principal components, 

focusing our subsequent analyses on African or African 
American, Admixed American, and European ancestries, 
for which sample sizes in the All of Us cohort were 
sufficient. To determine if the duration of type 2 diabetes 
mediated these effects, we conducted two sensitivity 
analyses: first, we restricted the sample to patients in 
whom the onset of type 2 diabetes preceded the first record 
of the complication; second, we adjusted for the estimated 
duration of type 2 diabetes (appendix 2 tabs 12, 13).

Finally, to better assess the clinical impact of the PRSs, 
we extracted electronic health record data to implement 
a comprehensive clinical risk score based on the type 2 
diabetes Framingham Risk Score. This score comprised 
nine components: age, sex, parental history of type 2 
diabetes, BMI, systolic blood pressure, and high-density 
lipoprotein, total cholesterol, triglycerides, and random 
glucose concentrations. We conducted Kaplan–Meier 
analysis to estimate diabetes-free survival across PRS 
tertiles and used Cox proportional hazards models to 
quantify the predictive value of the PRSs for incident 
type 2 diabetes, evaluating the score both as a stand-
alone predictor and in combination with the 
nine-component clinical risk score. To evaluate if the 
PRSs provided predictive value independent of glucose 
concentration, we fitted Cox models using the lowest 

Figure 1: Overall analysis approach
(A) Overview of the 125 type 2 diabetes GWAS datasets, SNP sets, and pairwise 
LD information used to generate five ancestry-specific type 2 diabetes GWAS 
meta-analyses and 20 LD reference panels for PRSs training (appendix 1 p 1). (B) 
Independent, ancestry-specific cohorts used to train the PRS models and select 
the optimal continuous shrinkage prior from five φ values (0·01, 0·001, 1 × 10−⁴, 
1 × 10−⁵, and 1 × 10−⁶) based on predictive performance. Single-ancestry PRSs used 
GWAS summary statistics and LD panels matched to the validation ancestry or 
used data from East Asian or European ancestry datasets. Multi-ancestry PRSs 
jointly modelled GWAS summary statistics and LD panels from all five ancestry 
groups. (C) Set of 23 ancestry-specific and independent cohorts used to validate 
the 18 best-performing PRSs. (D) Evaluation of PRS predictive performance: 
incremental AUC, calculated as the difference between the AUC of the full model 
(risk ≈ β0 + β1 PRS + β2 sex + β3 age + β4 ... PCs) and the model without the PRS 
(risk ≈ β0  + β1 sex + β2 age + β3 ... PCs), and the proportion of variation in type 2 
diabetes status explained by the PRS, estimated using the difference between the 
Nagelkerke’s r² of the full model (risk ≈ β0 + β1 PRS + β2 sex + β3 age + β4 ... PCs) 
and the model without the PRS (risk ≈ β0  + β1 sex + β2 age + β3 ... PCs); the OR per 
SD of the PRS distribution or OR comparing PRS distribution extremes relative to 
the IQR; diabetes-free survival probabilities over 23 years of follow-up, estimated 
using Kaplan–Meier curves stratified by PRS tertile; and a comparative 
benchmarking of the best-performing multi-ancestry PRS against 55 existing 
type 2 diabetes PRSs from the PGS Catalog (appendix 1 pp 1–4). 1KG=1000 
Genomes. AIDHS/SDS=Asian Indian Diabetic Heart Study/Sikh Diabetes Study. 
AUC=area under the curve. BBJ=BioBank Japan. BioMe=BioMe Biobank. 
BioVU=Vanderbilt University Medical Center. CKB-78=China Kadoorie Biobank. 
GWAS=genome-wide association studies. HCHS/SOL=Hispanic Community 
Health Study/Study of Latinos. HM3=HapMap3. KBA=Korea Biobank Array. 
LD=linkage disequilibrium. LOLIPOP=London Life Sciences Prospective 
Population. MGBB=Mass General Brigham Biobank. MXBB=Mexican Biobank. 
OR=odds ratio. PCs=principal components. PGS=polygenic score. PRS=polygenic 
risk score. SDCS/SP2-610=Singapore Diabetic Cohort Study and Singapore 
Prospective Study Program. SIGMA=Slim Initiative for Genomic Medicine in the 
Americas. SNP=single-nucleotide polymorphism. SNUH=Seoul National 
University Hospital. TagIt=Tag(ging) It(erative) of SNPs in multiple populations. 
UKBB=UK Biobank. Numbers in parentheses represent different subset of data 
used in a cohort.
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PRS tertile and random glucose concentration of less 
than 140 mg/dL as the reference group (appendix 2 
tabs 14, 15). We conducted all statistical analyses using R 
version 4.3.

Role of the funding source
The funders of the study had no role in study design, 
data collection, data analysis, data interpretation, or 
writing of the report.

Results
Compared with those based on HapMap3, the new 
linkage disequilibrium panels generated using TagIt 
improved the overall SNP coverage of variants from the 
1000 Genomes Project by up to two times. Coverage 
increased by seven times for SNPs with minor allele 

frequencies of 0·01–0·05 in individuals with African or 
African American ancestry (appendix 1 pp 6, 7, appendix 2 
tab 7). In all ancestry groups, the best-performing PRSs 
were those constructed using the expanded TagIt set of 
variants and/or the recomputed in-house pairwise linkage 
disequilibrium with large sample sizes (appendix 1 p 7, 
appendix 2 tab 8), suggesting that higher SNP coverage 
and better linkage disequilibrium modelling improve 
prediction.

In the ancestry-specific meta-analyses, we included 
2 185 548 individuals (359 819 with type 2 diabetes and 
1 825 729 controls) from 125 type 2 diabetes GWAS 
datasets (34 European, 36 East Asian, 23 African or 
African American, 16 Admixed American, and 16 South 
Asian; figure 1A, appendix 2 tabs 1, 2). To train PRSs 
(ie, tuning PRS construction parameters) we used 
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Figure 2: Performance of the type 2 diabetes PRSs in the validation cohorts across ancestry groups
Incremental AUC of the type 2 diabetes PRSs in the validation cohorts across ancestry groups: African or African American (A), Admixed American (C), East Asian (E), 
European (G), and South Asian (I). For each ancestry, the best-performing single-ancestry and multi-ancestry PRSs were evaluated. Each bar represents a single 
cohort. Odds ratio from the meta-analysis of validation cohorts across ancestry groups: African or African American (B), Admixed American (D), East Asian (F), 
European (H), and South Asian (J). Points represent the OR per SD of the PRS distribution or the OR comparing different PRS distribution extremes (90th, 95th, 
and 97·5th percentiles) relative to the IQR. Error bars show the 95% CIs. The dashed lines indicate an OR of 1. All models were adjusted for sex, age, and genetic 
principal components. AUC=area under the curve. GWAS=genome-wide association studies. LD=linkage disequilibrium. OR=odds ratio. PRS=polygenic risk score.
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one independent cohort per ancestry, aggregating data 
from 42 784 individuals (10 992 with type 2 diabetes and 
31 792 controls; figure 1B, appendix 2 tabs 3, 4), and for 
validation (ie, testing PRS performance) we used at least 
four cohorts per ancestry, including data from 
164 972 individuals (39 148 with type 2 diabetes and 
125 824 controls; figure 1C, appendix 2 tabs 5, 6).

We first trained PRSs (appendix 2 tabs 3, 4) using 
GWAS summary statistics and four linkage 
disequilibrium panels, each matched to the ancestry of 
validation cohorts (appendix 2 tabs 5, 6). The performance 
of the matched single-ancestry PRS was positively 
correlated with the sample sizes of the GWAS. The best 
predictive performance was observed in European 
(incremental AUC 0·07–0·14) and East Asian (0·02–0·16) 
ancestries, whereas prediction was poorer for African or 
African American (0·02–0·03), Admixed American 
(0·02–0·04), and South Asian (0·02–0·04; figure 2, 
appendix 2 tab 9) ancestries.

We also observed larger effect sizes in European 
(OR per SD 2·31 [95% CI 2·26–2·35]) and East Asian 
(2·19 [2·12–2·27]) validation cohorts than in African or 
African American (1·38 [1·34–1·43]), Admixed 
American (1·64 [1·57–1·71]), and South Asian (1·61 
[1·50–1·74]) cohorts. The PRSs for European and East 
Asian ancestries also had better power for the 
identification of individuals at very high risk of 
developing type 2 diabetes. Individuals at the 90th 
percentile of the PRS distribution had an approximately 
3·5–4 times increased risk of type 2 diabetes compared 
with those in the IQR in European (OR 4·01 [95% CI 
3·82–4·21]) and East Asian (3·58 [3·24–3·94]) 
ancestries, compared with an approximately two times 
increased risk in African or African American (1·82 
[1·64–2·01]), Admixed American (2·10 [1·84–2·39]), 
and South Asian (2·22 [1·75–2·81]) ancestries (figure 2, 
appendix 2 tab 9). We observed similar results regardless 
of adjustment for BMI (appendix 1 p 8, appendix 2 
tab 10).

We tested whether constructing PRSs using GWAS 
summary statistics from ancestries with larger sample 
sizes, such as European and East Asian, could improve 
the prediction of type 2 diabetes risk in ancestries with 
smaller GWAS sample sizes, despite ancestral differences 
between the discovery and validation cohorts. Compared 
with the matched single-ancestry PRSs, the use of 
European GWAS improved type 2 diabetes risk 
prediction in African or African American, Admixed 
American, and South Asian validation cohorts, but gave 
poorer predictions in East Asian validation cohorts. The 
PRS based on East Asian GWAS showed a small 
improvement in prediction of type 2 diabetes risk in 
Admixed American and South Asian validation cohorts, 
but poorer performance in African or African American 
and European validation cohorts (figure 2, appendix 2 
tab 9). The effect sizes of the PRSs were consistent with 
their prediction performance. The PRS using European 

GWAS was the best-performing single-ancestry PRS for 
African or African American (OR per SD 1·75 [95% CI 
1·67–1·82]), Admixed American (3·07 [2·89–3·27]), 
South Asian (2·21 [2·03–2·42]), and European (2·31 
[2·26–2·35]) cohorts, whereas the PRS using East Asian 
GWAS had the best performance in East Asian cohorts 
(2·19 [2·12–2·27]; figure 2, appendix 2 tab 9).

We further applied PRS-CSx20 to develop multi-ancestry 
PRSs. Compared with the best single-ancestry PRSs, 
multi-ancestry PRSs showed higher prediction 
performance across validation cohorts from all ancestries 
(AUC 0·63–0·75 and incremental AUC 0·02–0·06 in 
African or African American, 0·71–0·77 and 0·06–0·09 
in Admixed American, 0·72–0·86 and 0·04–0·17 in East 
Asian, 0·69–0·76 and 0·07–0·14 in European, and 
0·67–0·80 and 0·06–0·10 in South Asian cohorts; 
figure 2, appendix 2 tab 9).

The multi-ancestry PRSs also had higher effect sizes 
and smaller CIs than the single-ancestry PRSs across all 
ancestries (OR per SD 1·73 [95% CI 1·67–1·80] in African 
or African American, 2·82 [2·67–2·97] in Admixed 
American, 2·45 [2·36–2·54] in East Asian, 2·36 
[2·32–2·41] in European, and 2·23 [2·05–2·42] in 
South Asian ancestries). The improvement was 
particularly notable for individuals at the extremes of 
PRS distributions. Individuals in the 97·5th percentile 
of the multi-ancestry PRSs had a 3–7 times increased risk 
of type 2 diabetes than those in the IQR (OR 3·43 [95% CI 
2·8–4·21] in African or African American, 7·47 
[5·64–9·89] in Admixed American, 6·62 [5·58–7·85] in 
East Asian, 6·25 [5·72–6·82] in European, and 4·50 
[2·70–7·53] in South Asian ancestry groups; figure 2, 
appendix 2 tab 9).

We leveraged data from the All of Us Research Program 
to compare our best-performing multi-ancestry PRSs 
against the published type 2 diabetes PRSs from the PGS 
Catalog.22 We tested 55 of 147 available PRSs for type 2 
diabetes (accessed Oct 7, 2024), after excluding pathway-
specific PRSs or those including data from the All of Us 
cohort in PRS development. The multi-ancestry PRSs 
showed significantly better predictive performance than 
those reported previously for the African or African 
American, Admixed American, and European ancestry 
groups (incremental AUC for our multi-ancestry PRSs vs 
best incremental AUC from the PGS Catalog: 0·041 vs 
0·029 in African or African American, 0·086 vs 0·073 in 
Admixed American, and 0·143 vs 0·123 in European 
ancestries; DeLong p<0·0009, Bonferroni correction for 
55 tests) but not for the East Asian (0·074 vs 0·062) and 
South Asian (0·061 vs 0·068) ancestry groups (DeLong 
p>0·0009; appendix 1 pp 9–14, appendix 2 tab 11).

To assess the utility of the PRS-CSx method, we 
constructed a PRS-CS model using summary statistics 
from the inverse variance-weighted GWAS meta-
analysis of our ancestry-specific GWAS summary 
statistics and tested its performance in the All of Us 
cohort. The performance of the multi-ancestry PRS-CSx 
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models was significantly higher than that of the PRS-CS 
models in the prediction of type 2 diabetes risk for 
Admixed American, East Asian, and European ancestry 
groups (incremental AUC for multi-ancestry PRS-CSx 
vs multi-ancestry PRS-CS: 0·086 vs 0·077 in Admixed 
American, 0·074 vs 0·061 in East Asian, and 0·143 vs 
0·126 in European ancestries; DeLong p<0·05) but not 
for African or African American (0·041 vs 0·038) and 
South Asian (0·061 vs 0·060) ancestry groups (DeLong 
p>0·05) (appendix 1 pp 9–14, appendix 2 tab 11).

We also showed that, despite being based on a smaller 
sample of GWAS, our multi-ancestry PRS-CSx model 
showed higher predictive performance than the PRS-CS 
model for the dataset from Suzuki and colleagues in the 
Admixed American, European, and East Asian ancestry 
groups (incremental AUC for our multi-ancestry 
PRS-CSx vs Suzuki and colleagues PRS-CS: 0·086 vs 
0·077 in Admixed American, 0·074 vs 0·059 in East 
Asian, and 0·143 vs 0·128 in European, DeLong p<0·05) 
and similar predictive performance in the African or 
African American (0·041 vs 0·041) and South Asian 
(0·061 vs 0·068) ancestry groups (DeLong p>0·05; 
appendix 1 pp 9–14).

Additionally, our multi-ancestry PRS-CSx models 
showed consistently improved prediction performance 
in Admixed American (0·086 vs 0·054), East Asian 
(0·074 vs 0·042), European (0·143 vs 0·090), and South 
Asian (0·068 vs 0·034) ancestry groups (DeLong 
p<0·05), and similar performance in the African or 
African American ancestry group (0·041 vs 0·038; 
DeLong p>0·05), when compared with a multi-ancestry 
PRS that was restricted to the 1289 genome-wide 

significant variants identified by Suzuki and colleagues 
(appendix 1 pp 9–14, appendix 2 tab 11).3

In individuals with type 2 diabetes, our multi-ancestry 
PRS-CSx were significantly associated with increased 
risk of microvascular complications across the 
three ancestries studied (African or African American, 
Admixed American, and European). Effect sizes 
(OR per SD) ranged from 1·28 (95% CI 1·18–1·39; 
African or African American) to 1·57 (1·43–1·73; 
Admixed American) for diabetic retinopathy and from 
1·25 (1·18–1·32; European) to 1·58 (1·41–1·78; Admixed 
American) for diabetic nephropathy, and were higher 
for the more severe forms, proliferative diabetic 
retinopathy (1·39 [1·17–1·65; African or African 
American] to 2·08 [1·73–2·51; Admixed American]) and 
end-stage diabetic nephropathy (1·44 [1·20–1·74; 
African or African American] to 1·87 [1·56–2·22; 
Admixed American]; p<0·008, Bonferroni correction 
for six outcomes). Conversely, the PRS was associated 
with coronary artery disease in the Admixed American 
ancestry group only (OR 1·16 [95% CI 1·08–1·25]; 
figure 3, appendix 2 tabs 12, 13). Additional sensitivity 
analyses revealed an association between PRS and 
earlier age of onset of type 2 diabetes: a 1 SD increase in 
the PRS was associated with an earlier onset of type 2 
diabetes of up to 2·3 years across the three genetic 
ancestries (appendix 1 p 16). Adjusting for the duration 
of type 2 diabetes, or restricting to individuals in which 
the onset of diabetes preceded the onset of complications 
on the basis of electronic health record data, yielded 
consistent results (appendix 1 pp 3–4, 15–16, appendix 2 
tab 13).

Over a median follow-up of 7·4 years (IQR 3·91–9·31; 
range 0·05–21·96), 2074 of 17 920 individuals developed 
incident type 2 diabetes and 15 846 remained disease-free 
(appendix 1 p 4, appendix 2 tabs 14–15). Kaplan–Meier 
analysis by PRS tertile showed significant, stepwise 
associations with disease-free survival across ancestries 
(figure 4; log-rank p<0·0001 for all). Compared with the 
lowest tertile (T1), the highest tertile (T3) had higher 
hazard ratios (HR 1·76 [95% CI 1·39–2·23] in African or 
African American, 3·87 [2·63–5·68] in Admixed 
American, and 5·26 [4·39–6·29] in European ancestries; 
appendix 2 tab 14). The PRSs provided predictive value 
independent of random glucose concentration, especially 
for individuals with high concentrations (≥140 mg/dL; 

Figure 3: Association of our multi-ancestry PRS with common complications 
and comorbidities of diabetes in the All of Us cohort
ORs per SD increase for six outcomes in African or African American, Admixed 
American, and European cohorts: coronary artery disease, ischaemic stroke, 
diabetic nephropathy, end-stage diabetic nephropathy, diabetic retinopathy, and 
proliferative diabetic retinopathy. All analyses were restricted to individuals with 
type 2 diabetes. Error bars indicate 95% CIs. All models were adjusted for sex, age, 
and genetic principal components. OR=odds ratio. PRS=polygenic risk score.
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Figure 4: Kaplan–Meier curves by PRS tertile, stratified by ancestry and 
prediabetes status

Diabetes-free survival analyses, without (left) and with (middle and right) 
stratification by prediabetes (random glucose concentration ≥140 mg/dL) status, 

by genetic ancestry group: African or African American (A), Admixed American (B), 
and European (C). Diabetes-free survival is stratified by PRS tertile (coloured lines), 
whereby increased colour intensity corresponds to higher genetic risk; 95% CIs are 

shaded. p values were derived from the log-rank test to assess differences in 
survival distributions across PRS tertiles. PRS=polygenic risk score. T1=tertile 1 

(lowest tertile). T2=tertile 2 (middle tertile). T3=tertile 3 (highest tertile).
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figure 4; log-rank p<0·01). The risk of developing type 2 
diabetes for individuals with both risk factors (ie, PRS T3 
and high random glucose concentrations) was 
substantially higher than the risk for individuals with 
either factor alone, with HR 5·35 [95% CI 3·67–7·79) in 
African or African American, 13·82 [7·24–26·39] 
in Admixed American, and 22·43 [15·61–32·21] in 
European ancestry groups (appendix 2 tab 14). Similarly, 
in all ancestry groups, we observed that individuals who 
had normoglycaemia but were in the highest PRS tertile 
had a similar risk to individuals who were in the lowest 
PRS tertile but had random glucose concentrations of at 
least 140 mg/dL, a criterion in the definition of 
prediabetes.

The clinical risk score—including age, sex, parental 
history of type 2 diabetes, BMI, systolic blood 
pressure, and high-density lipoprotein, total cholesterol, 
triglyceride, and random glucose concentrations—had 
concordance indices of 0·73 for African or African 
American, 0·77 for Admixed American, and 0·83 for 
European ancestries (appendix 2 tab 15). After adjusting 
for clinical risk score, the PRS remained significantly 
associated with incident risk (HR 1·28 [95% CI 1·14–1·44] 
in African or African American, 1·71 [1·44–2·03] in 
Admixed American, and 1·81 [1·70–1·94] in European 
ancestries). This model, combining the PRS and clinical 
risk score in a multivariable hazards model, further 
improved the concordance indices in Admixed American 
(0·77 vs 0·78, DeLong p=0·038) and European (0·83 vs 
0·85; DeLong p<0·0001) ancestries (appendix 2 tab 15).

Discussion
More than 100 PRSs for type 2 diabetes have been 
published,22 yet most have low predictive performance in 
under-represented populations—partly due to the over-
representation of European populations in type 2 diabetes 
GWAS and differential linkage disequilibrium patterns 
across ancestries. Populations in which PRSs are less 
predictive—including African or African American, 
Admixed American, and South Asian ancestry groups—
are disproportionately affected by diabetes and its 
complications, highlighting the risk of exacerbating 
health disparities through the use of PRSs derived only 
from European GWAS.12 To improve the transferability 
and predictive accuracy of PRSs across diverse 
populations, including those under-represented in 
GWAS, various multi-ancestry PRS methods have been 
developed, while more GWAS from populations with 
diverse ancestries are also becoming available.3,15,16,24,25 
Beyond large GWAS sample sizes, multiple large datasets 
are also essential for training and validating PRSs, and 
rigorous data aggregation and harmonisation following 
best practices are crucial to assess the accuracy of PRSs. 
In this study, we developed what are, to our knowledge, 
the most comprehensive PRSs for type 2 diabetes across 
five major global ancestries and conducted extensive 
evaluations.

As previously described,11,26 we observed that PRSs have 
lower predictive accuracy when the validation samples 
are genetically distant from the discovery GWAS 
samples. However, because GWAS in under-represented 
populations have limited power and imprecise variant 
effect-size estimates, PRSs derived from European 
GWAS—for which the sample size was at least 12 times 
larger than GWAS in populations with African or African 
American, Admixed American, and South Asian 
ancestries—continue to outperform those derived from 
ancestry-matched GWAS in the respective populations. 
By contrast, European PRSs had poorer performance in 
populations of East Asian ancestry than matched-
ancestry PRS, even though the East Asian GWAS dataset 
was four times smaller than the European GWAS 
dataset. This finding suggests that non-matched-ancestry 
PRSs (ie, those based on GWAS from an ancestry 
different from that of the validation cohort) improve 
performance only when the GWAS sample size in the 
non-matched ancestry is orders of magnitude larger than 
that of the matched-ancestry GWAS, despite the lack of 
power to capture ancestry-specific genetic effects. 
However, ancestry-matched GWAS have high accuracy 
when power is sufficient. The minimum ancestry-
specific GWAS sample size for robust PRS prediction 
remains trait-dependent and ancestry-dependent and 
warrants further investigation. Regardless, we observe 
that for all ancestry groups—even European, which has 
the largest GWAS sample size15—the optimal strategy for 
PRS development is to combine PRSs from multiple 
ancestries, here using the PRS-CSx method. This 
approach leverages estimates from variants present in all 
ancestries while accounting for population-specific or 
enriched variants, therefore improving the overall 
accuracy of prediction.

Across all ancestries, multi-ancestry PRSs showed the 
strongest associations with type 2 diabetes risk at the 
distribution extremes. In European, East Asian, and 
Admixed American ancestries, individuals in the top 
97·5th percentile had a seven-times higher risk of 
developing type 2 diabetes than individuals in the IQR. 
Despite lower representation in terms of GWAS, the 
multi-ancestry PRS still outperformed matched-ancestry 
PRSs for African or African American and South Asian 
ancestries. However, the overall performance was lower 
for these populations than for those of other ancestry 
groups, with individuals in the top 97·5th percentile 
having a 3–4-times higher risk of developing type 2 
diabetes than those in the IQR. These results underscore 
that, despite improvements, a substantial performance 
gap remains for under-represented populations.

In the All of Us cohort, our multi-ancestry PRSs 
outperformed previously available type 2 diabetes PRSs, 
probably because we used, to our knowledge, the largest 
and most diverse GWAS dataset to date and multi-
ancestry-based methods for PRS development. 
Additionally, we constructed these multi-ancestry PRSs 
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using a standardised and rigorous approach and tested 
them extensively across diverse ancestry groups, 
supporting their broader applicability. For example, the 
multi-ancestry PRSs outperformed PRSs derived from 
the largest trans-ancestry meta-analysis.3 These findings 
underscore that, in addition to increasing representation 
in GWAS, jointly modelling GWAS and linkage 
disequilibrium panels across ancestries can enhance 
causal variant tagging, thereby improving predictive 
performance. By contrast, standard methods using 
multi-ancestry inverse variance-weighted GWAS meta-
analysis results rely on a single linkage disequilibrium 
reference panel, and could fail to capture ancestry-
specific linkage disequilibrium patterns, limiting 
prediction accuracy.

Previous studies have reported significant associations 
between type 2 diabetes PRSs, proliferative diabetic 
retinopathy, and end-stage diabetic nephropathy in 
diverse ancestries.15,16 We extend these findings, showing 
that our multi-ancestry PRSs can predict microvascular 
complications (diabetic retinopathy, diabetic neuropathy, 
proliferative diabetic retinopathy, and end-stage diabetic 
nephropathy) in individuals with type 2 diabetes of 
African or African American, Admixed American, and 
European ancestries. Notably, these associations are 
independent of the duration of type 2 diabetes. Future 
work is needed to assess whether these associations are 
driven by specific type 2 diabetes subtypes and, if so, 
whether the associations vary by ancestry.3,27

Our work has limitations. First, although constructing 
multi-ancestry PRSs that include GWAS from diverse 
ancestries enables the capture of ancestry-specific effects, 
the SNP effect sizes are still strongly influenced by the 
largest European cohorts. Second, we acknowledge that 
using discrete population categories is suboptimal, as 
this does not fully capture heterogeneous ancestry, 
particularly in admixed populations. Newer methods that 
model both local and global ancestry continuously could 
be powerful,11,26 but often require individual-level data, 
limiting their scalability. Our approach, although limited 
to discrete ancestral groups, enables us to leverage the 
wealth of data from large-scale GWAS summary statistics 
across multiple ancestries. As larger biobanks emerge 
and methodological challenges (eg, the accurate 
modelling of local ancestry in admixed populations) are 
solved, adopting continuous genetic ancestry methods or 
hybrid models will become the optimal choice.

Despite some concerns that PRSs add little value over 
the use of clinical risk factors, previous work shows that 
PRSs can help to identify individuals at high risk of 
developing type 2 diabetes among those who are clinically 
perceived as being at low risk, (eg, those who are young, 
lean, or who have sparse clinical data8), and can improve 
prediction compared with family history alone.28 We 
found that higher multi-ancestry PRSs were associated 
with an earlier onset of type 2 diabetes of up to 2·3 years 
across the three studied ancestries, supporting their 

utility in identifying individuals at high risk before they 
accumulate clinical risk factors. Furthermore, our 
PRSs predicted the development of type 2 diabetes 
independently of a nine-component clinical risk score, 
and showed that individuals with the highest PRSs and 
high random glucose concentrations (≥140 mg/dL) were 
at higher risk of developing type 2 diabetes (eg, HR 13·82 
[95% CI 7·24–26·39] in Admixed American populations) 
than individuals with normoglycaemia and low PRSs.

Ongoing randomised controlled trials are starting to 
evaluate PRS implementation in primary care.7,29 Viable 
interventions require state-of-the-art type 2 diabetes 
PRSs, prioritising generalisability, portability across 
ancestries, and the feasibility of implementation. For 
example, Lennon and colleagues6 prioritised a multi-
ancestry type 2 diabetes PRS30 trained using GWAS data 
from populations of European, East Asian, and African 
ancestries to propose a high-risk threshold at the 
98th percentile. Compared with the remaining 
individuals not at high risk, this PRS threshold was 
associated with a 4·44-times increased risk of developing 
type 2 diabetes in populations of European ancestry and 
a 2·35-times increased risk in populations of African 
ancestry. Notably, our multi-ancestry PRSs showed 
consistently improved predictive performance in all 
studied ancestries over previously reported PRS. 
Compared with individuals with average genetic risk, 
those at the highest genetic risk cutoff (97·5th percentile) 
have ORs ranging from 3·43 to 7·47 across ancestries. In 
summary, we deliver a comprehensive and rigorously 
tested set of multi-ancestry PRSs for type 2 diabetes.
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Supplementary methods 
 
Type 2 diabetes GWAS meta-analyses used for the construction of the PRSs 
We leveraged the T2D GWAS summary statistics from a subset of cohorts participating in three large Consortia: 
Diabetes Meta-analysis of Trans-ethnic Association Studies (DIAMANTE)1, the Million Veteran Program (MVP)2, 
and the FinnGen Study.3 An independent subset of cohorts was selected for the development and validation of the 
PRSs. If a cohort was multi-ancestry, each individual was categorized by genetic similarity to one or more of the five 
ancestries available in the 1000 Genomes (1KG) Project4 and/or the Human Genome Diversity Project5 as reference 
panels: African/African American (AFR), Admixed American (AMR), East Asian (EAS), European (EUR), and South 
Asian (SAS). For single-ancestry cohorts, the grouping was based on the country of recruitment. We included 
2,185,548 individuals (359,819 T2D cases and 1,825,729 controls) across 125 T2D GWAS to conduct ancestry-
specific meta-analyses (figure 1A, appendix 2 tabs 1,2). 
 
Each GWAS tested the association of the genetic variants with T2D adjusted for age, sex, the top genetic principal 
components (PCs), and cohort-specific covariates. We performed an inverse variance weighted (IVW) fixed-effect 
meta-analysis for each ancestry group with the METAL software.6 We then applied quality control to keep biallelic, 
nonpalindromic SNPs in at least half of the effective sample size with a minor allele frequency (MAF) ≥0·01. For 
each ancestry-specific T2D GWAS meta-analysis, we intended to include most cohorts to maximize the sample size 
of the summary statistics for constructing PRSs while leaving out sufficient cohorts for each ancestry to be used for 
training and validation. 
 
Cohorts for the training and validation of the PRSs 
We trained the PRSs in one cohort per ancestry group and validated them in at least four validation cohorts per 
ancestry. All training and validation cohorts included unrelated individuals and were independent of those included in 
the GWAS summary statistics to avoid overfitting (figure 1B, C, appendix 2 tabs 3-6). Except for the AoU cohort, for 
which whole genome sequencing is available, the genotyping of the other cohorts was chip array-based. The genotypes 
were imputed to the 1KG4 or the TOPMed r27,8 reference panels using the Michigan Imputation server.9 We applied 
a separate post-imputation quality control in each cohort and ancestry to keep biallelic nonpalindromic SNPs with an 
imputation quality of r2≥0·8 and MAF≥0·005. We excluded the variants not included in the LD reference panels, as 
explained below, or variants that showed an allelic frequency discordance≥0·2 compared to the 1KG ancestry-specific 
allelic frequency. 
 
LD reference panels for the construction of the PRSs 
To account for the correlation between variants, we constructed customized ancestry-specific LD reference panels 
using the same scripts used in PRS-CS10 and PRS-CSx11 tools. We built four new sets of ancestry-specific LD 
reference panels using the HapMap3 (HM3) set of variants, similar to the official panel 
(https://github.com/getian107/PRScsx), or an expanded 1KG set of variants, along with pairwise LD from the 1KG or 
in-house samples. 
 
First, we identified ancestry-specific LD blocks using LDetect.12 For each of the five ancestry groups in the 1KG 
dataset (https://mathgen.stats.ox.ac.uk/impute/impute_v2.html#reference), we selected common SNPs with 
MAF≥0·01 to generate a covariance matrix of variants based on the LD r2 calculated in PLINK v1·913 and derived the 
boundaries of LD blocks. Second, we generated two sets of reference SNPs. One was based on the HM3 set of variants 
(https://www.sanger.ac.uk/data/hapmap-3/), similar to the official PRS-CS10/PRS-CSx11 HM3 version. Another 
expanded set of variants based on 1KG (https://mathgen.stats.ox.ac.uk/impute/impute_v2.html#reference) was 
selected using the Tag(ging) It(erative) of SNPs in multiple populations (TagIt) program.14 TagIt allows the selection 
of tag SNPs by leveraging genetic information from multiple diverse ancestries to maximize cross-population 
coverage. We only included non-palindromic SNPs with MAF≥0·01 in at least one ancestry group for both the HM3 
and TagIt SNP lists. Third, the two sets of SNPs were extracted in each ancestry for individuals from the 1KG dataset 
(347 to 661 individuals per ancestry) and from the larger imputed in-house datasets (including around 10,000 
individuals per ancestry). SNPs with low imputation quality (r2<0·8) were further excluded in the in-house datasets. 
Last, we calculated the variants' pairwise LD (r2) using PLINK v1·9 to generate ancestry-specific LD reference panels. 
In total, for each ancestry, we built four different LD reference panels and used them to construct the PRSs, combining 
two sets of variants (i.e., HM3 and TagIt) and two sources of LD information (i.e., 1KG and in-house samples) 
(appendix 2 tab 7). 
 

https://www.sanger.ac.uk/data/hapmap-3/
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Training of the PRSs 
We used the PRS-CS10 Bayesian polygenic method to construct single-ancestry PRSs. For each ancestry group, we 
leveraged the T2D GWAS summary statistics and LD reference panels matching the ancestry of the validation cohort 
(e.g., a PRS trained using the AMR GWAS and AMR LD reference panel to be validated in AMR cohorts). When 
applicable, we also modeled non-matched single-ancestry PRSs (e.g., a PRS trained using the EUR GWAS and EUR 
LD reference panel to be evaluated in AMR validation cohorts). The PRS-CS method returns a single-ancestry 
posterior variant effect size. 
 
We then used PRS-CSx11 to construct multi-ancestry PRSs. Instead of meta-analyzing the ancestry-specific GWAS 
summary statistics, PRS-CSx jointly models the GWAS summary statistics along with their matching LD reference 
panels, using a shared continuous shrinkage prior, to generate ancestry-specific variant posterior effect sizes in a 
coupled manner that leverages cross-population genetic architecture. We used these ancestry-specific effect sizes to 
compute standardized ancestry-specific z-scores, which were then combined in a linear regression model to derive the 
multi-ancestry posterior variant effect size as follows: 
 

𝑦 = 	𝑃𝑅𝑆!,#$% +	𝑃𝑅𝑆!,#&% + 𝑃𝑅𝑆!,'#( +	𝑃𝑅𝑆!,')% +	𝑃𝑅𝑆!,(#( 
Where y is the T2D status, and PRS𝜃, ancestry group is the standardized PRS for a given shrinkage prior (q) and ancestry. 
 
For both PRS-CS and PRS-CSx, we used the training cohorts to select the optimal continuous shrinkage prior from 
five phi values (i.e., 0·01, 0·001, 1x10-4, 1x10-5, 1x10-6) based on predictive performance. In total, we constructed 80 
PRSs for each of the AFR, AMR, and SAS ancestry groups (i.e., 1 matched-ancestry PRS, 2 non-matched ancestry 
PRSs, and 1 multi-ancestry PRS × 4 LD panels × 5 phi values = 80 models) and 60 PRSs for each of the EAS and 
EUR ancestry groups (i.e., 1 matched-ancestry PRS, 1 non-matched ancestry PRS, and 1 multi-ancestry PRS × 4 LD 
panels × 5 phi values = 60 models), resulting in 360 PRS models overall. 
 
To test the predictive performance, we applied the posterior variant effect sizes for each PRS model to calculate the 
individual scores in each of the five training cohorts using the --score function in PLINK v1·9.9 We standardized them 
to have a mean of zero and unit variance. Then, we fitted two logistic regression models and calculated the area under 
the receiver operator characteristic curve (AUC) using the “pROC” package15 in R. One model included the 
explanatory variables sex, age, and genetic PCs, and a second full model also included the standardized PRS. We also 
fitted logistic regression models adjusted for body mass index (BMI). 
 
We calculated the incremental AUC (iAUC) by subtracting the AUC of the model without the PRS from the AUC of 
the full model. We defined the best-trained PRS models as those with the continuous shrinkage prior and LD panel 
that maximized the iAUC. After the training step, we ended up with four best-trained PRS models for the AFR, AMR, 
and SAS ancestries (i.e., one matched-ancestry PRS, one EUR non-matched ancestry PRS, one EAS non-matched 
ancestry PRS, and one multi-ancestry PRS), 3 best-trained PRS models for the EUR ancestry (i.e., one single matched-
ancestry PRS, one EAS non-matched ancestry PRS, and one multi-ancestry PRS), and 3 best-trained PRS models for 
the EAS ancestry (i.e., one single matched-ancestry PRS, one EUR non-matched ancestry PRS, and one multi-ancestry 
PRS) (appendix 2 tab 8). 
 
Validation of the PRSs 
To validate each of the 18 best-trained PRSs, we applied the posterior variant effect sizes in a second set of unrelated 
samples and independent cohorts from each ancestry group. We calculated the individual scores in each validation 
cohort using the --score function in PLINK 1·913 and standardized them to have a mean of zero and unit variance. For 
the multi-ancestry PRS, we combined ancestry-specific standardized scores weighted for the trained ancestry-specific 
effect sizes as follows: 
 

𝑦 = 	𝛽!,#$%	𝑃𝑅𝑆!,#$% +	𝛽!,#&%	𝑃𝑅𝑆!,#&% + 𝛽!,'#(	𝑃𝑅𝑆!,'#( +	𝛽!,')%	𝑃𝑅𝑆!,')% +	𝛽!,(#(	𝑃𝑅𝑆!,(#( 
Where y is T2D status, 𝛽𝜃, ancestry group is the regression coefficient for a given shrinkage prior and ancestry in the training 
cohort, and PRS𝜃, ancestry group is the standardized PRS for a given shrinkage prior and ancestry in the validation cohort. 
 
To test the predictive performance of the PRS, we calculated i) the iAUC as explained above, ii) the proportion of the 
variation in the T2D status explained by the PRS using Nagelkerke’s r2, iii) the odds ratio per standard deviation (OR 
per SD) change in the PRS, and iv) the discrimination capacity at the extremes of the PRS distribution by identifying 
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the individuals at the top 97·5th percentile, 95th percentile and 90th percentile for comparison with the interquartile 
range. 
 
We applied the DeLong test to statistically assess the difference between iAUCs of the single ancestry vs. multi-
ancestry PRSs. We combined the PRS estimates across validation cohorts using fixed-effects meta-analyses by 
ancestry, weighting each cohort’s beta coefficient by the inverse of its variance, using the “metafor” package16 in R 
(appendix 2 tab 9,10). 
 
Comparison of the best-performing multi-ancestry PRSs to previously published T2D PRS 
Multiple efforts have been made to improve the portability of PRS to apply to individuals from diverse ancestries. 
Until the preparation of this work (revised on October 07, 2024), 147 PRSs for T2D had been constructed and made 
publicly available through the PGS catalog.17 To compare the performance of our best-trained PRS models using PRS-
CSx (which we refer to as ‘D-PRISM multi-ancestry PRS-CSx’ model), we selected 55 PRSs from the PGS catalog 
that i) were trained for the overall T2D trait and not for any specific subtype of the disease, ii) were trained considering 
all types of genetic variants and not any specific set of variants for specific biological mechanisms, and iii) were 
constructed and trained by leveraging genetic information from cohorts other than the AoU, which we used as a 
validation cohort in this study. 
 
We downloaded the PRSs and extracted the variants from the AoU cohort18 (release v7, May 2022). Since the variant 
missingness rate was below 10% for all PRSs, we included all of them for testing. We calculated the individual scores 
in each of the five ancestries using the --score function in PLINK v1·913 and standardized them to mean zero and unit 
variance. Then, we tested the performance of the PRSs using the same procedure as for the validation cohorts. 
 
To assess the added value of the PRS-CSx approach over constructing a PRS from meta-analyzed multi-ancestry 
GWAS results, we performed an IVW meta-analysis of D-PRISM ancestry-specific GWAS summary statistics and 
applied PRS-CS to the resulting meta-analysis. We used the EUR 1KG HM3 LD reference panel and allowed the 
shrinkage prior to be automatically learned from the data (which we refer to as ‘D-PRISM multi-ancestry PRS-CS’ 
model). 
 
Similarly, we also evaluated the performance of a PRS based on the most statistically powered multi-ancestry T2D 
GWAS to date from Suzuki et al.19, including a 16% larger sample size than this study (i.e., Suzuki et al.: 2,535,601 
individuals including 428,452 T2D cases and 2,107,149 controls vs. D-PRISM: 2,185,548 individuals including 
359,819 T2D cases and 1,825,729 controls). We first applied the same quality control steps as those used for D-PRISM 
GWAS summary statistics and then used PRS-CS to construct a PRS using the EUR 1KG HM3 LD reference panel 
and let the prior shrinkage prior to be automatically learned from the data (which we refer to as ‘Suzuki et al., PRS-
CS’ model). 
 
Additionally, we constructed an rsPRS using the 1,289 distinct T2D variants identified by Suzuki et al.,19 defined as 
having an association p<5 × 10-8. For 90 out of 203 palindromic variants, we used proxy variants (r2≥0·8 in all the 
ancestry groups). We excluded 113 variants, as no proxy was available, thereby using 1,176 variants to construct the 
rsPRS (which we refer to as ‘Suzuki et al., rsPRS’ model) (appendix 2 tab 11). 
 
Association of PRSs with diabetes complications and comorbidities 
We also evaluated the association of the best-performing D-PRISM multi-ancestry PRS-CSx models with T2D-related 
microvascular complications (i.e., diabetic nephropathy, diabetic retinopathy, end-stage diabetic nephropathy, and 
proliferative diabetic retinopathy) and comorbidities (i.e., cardiovascular disease and ischemic stroke) in individuals 
with T2D in the AoU validation cohort. To comply with the AoU policies, we only considered individuals of the AFR, 
AMR, and EUR ancestry groups, as there were limited sample sizes for the EAS and SAS ancestries (i.e., <30 
individuals with diabetes complications). We defined the traits based on International Classification of Diseases (ICD) 
codes (versions 9 and 10), as previously described (appendix 2 tab 12).19 We tested the association of each T2D-
related traits with the standardized PRSs by fitting logistic regression models adjusted for sex, age, and genetics PCs 
in each ancestry group, separately (appendix 2 tab 13). 
 
The defining ICD codes for microvascular complications were restricted to those explicitly indicating a diabetic 
etiology. However, to establish the temporal sequence between diabetes and its microvascular complications, we 
extracted the date when the microvascular ICD code was assigned and contrasted it with an estimated date of diabetes 
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onset. To estimate the date of diabetes onset, we leveraged the EHR and survey data to extract the earliest date when 
a patient met altered glycemic criteria (HbA1C≥6.5% or random glucose≥200 mg/dL at outpatient settings), had an 
ICD code for T2D, or was prescribed a diabetes-specific medication at outpatient settings (insulin or non-insulin). 
When available, this estimated date was contrasted with the self-reported date of diagnosis. If the estimated onset date 
fell outside the self-reported diagnosis window, the evidence was considered insufficient to establish a reliable onset 
time-point. Once we estimated the date of diabetes onset, we considered a post-diabetes complication when the 
estimated age at diabetes onset preceded the first record of the relevant outcome by 6 months or more. More than 70% 
of the individuals were recorded to have a microvascular complication after the estimated age at diabetes onset (79% 
with DR, 77% with PDR, 85% with DN, and 72% with ESDN). 
 
We performed two additional sensitivity analyses. First, we restricted the analysis to T2D patients where the estimated 
age at T2D onset preceded the first record of the complication. This analysis yielded consistent results compared to 
the analysis of the overall sample (Supplementary Figure 10). Second, we adjusted for the estimated duration of T2D, 
in addition to the other covariates, to assess whether the PRS's effect was mediated by T2D duration (e.g., via earlier 
onset) or if it represented a direct effect independent of duration. T2D duration was defined as: T2D duration = last 
age in EHR record - EHR-based estimated age at T2D onset. Although the effect was attenuated, the PRS remained 
significantly associated with complications, suggesting a direct effect risk independent of disease duration 
(Supplementary Figure 11; appendix 2 tab 13). 
 
Association of PRSs with incident T2D, alone and in combination with clinical risk factors 
To better assess the clinical impact of the PRSs, we extracted EHR data from the All of Us v8 cohort, implemented a 
comprehensive clinical risk score (CRS) based on the T2D Framingham Risk Score20 and assessed the effects of the 
PRS in the context of the CRS. 
 
We extracted EHR data from January 1, 2000, to December 31, 2023, and considered patients who had received 
primary care data and had at least two records with available glucose measurements at outpatient settings. After 
excluding patients with a T2D diagnosis before or within 1 year of their first record (the "baseline date"), 17,920 
individuals with available CRS data remained for the analysis. Of these, 2,074 developed incident T2D and 15,846 
remained non-diabetic during follow-up. Only individuals who met criteria for T2D based on a previously reported 
algorithm for T2D in the All of Us cohort were considered incident cases.21 Time to T2D onset was defined as the 
time until a participant met glycemic criteria for T2D (HbA1C ≥6.5% or random glucose at an outpatient setting ≥ 
200 mg/dL), had an ICD code for T2D, or was prescribed a diabetes-specific medication (insulin or non-insulin) at an 
outpatient setting during the observation period. Individuals were right-censored at the date of the first T2D-defining 
event or their last clinical record before December 31, 2023. 
 
For this cohort, we implemented an adapted clinical risk score (CRS) based on the Framingham Offspring Study as 
described in Mandla et al.22 This CRS comprised 9 components: age, sex, parental history of T2D, body mass index 
(BMI), systolic blood pressure (SBP), high-density lipoprotein (HDL), total cholesterol, triglycerides, and random 
glucose. The original Framingham score included fasting glucose and waist circumference, but these were not 
available in AoU data. Therefore, we omitted waist circumference and used random glucose values as a proxy for 
fasting glucose. Briefly, for each participant, we extracted the mean values of SBP, HDL, total cholesterol, 
triglycerides, and random glucose measurements at the outpatient setting between 1 year before and 1 year after their 
baseline date. No imputation of missing data was performed. The parental history of T2D was extracted from survey 
data, and we used the median BMI during the follow-up period. The resulting CRS was log-transformed to be normally 
distributed and standardized. 
 
We evaluated the predictive value of the PRS for T2D across the three ancestries for which we had sufficient sample 
size: AFR, AMR, and EUR. We performed Kaplan-Meier survival analysis, stratifying participants by tertiles of the 
PRS. To quantify this risk, Cox proportional hazards models were fitted for each ancestry group. We next investigated 
whether the PRS provided predictive value independent of random glucose, a primary T2D risk factor. We stratified 
participants into those with random glucose < 140 mg/dl (i.e., normoglycemia), and those with random glucose ≥140 
mg/dl (i.e., one of the criteria to define prediabetes) and compared the effects of each PRS tertile in each group. To 
formally quantify this combined effect, we fitted Cox models setting the group with the lowest PRS tertile (T1) and 
random glucose <140 mg/dl as reference. Finally, we also evaluated the added value of the PRS in addition to the 
CRS. We then fitted a multivariable Cox model including the PRS, the CRS, and genetic principal components. All 
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models were adjusted for the genetic principal components. Median follow-up time was estimated using the reverse 
Kaplan-Meier method. 
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Supplementary Figures 
 

 
 
Supplementary Figure 1 | Tag SNPs informativeness across ancestries. We considered two sets of reference SNPs: 
one was based on the HapMap3 (HM3) set of variants, and the other was selected using the TagIt program. a, Number 
of tag SNPs in the LD reference panels, stratified by minor allele frequency and ancestry (left, HM3-based; right, 
TagIt-based), b, Number of SNPs being tagged in the LD reference panels, stratified by minor allele frequency and 
ancestry for a minimum pairwise correlation threshold of r2>0.8 (left, HM3-based; right, TagIt-based), c, Proportion 
of SNPs that are either tags or are tagged (r2>0.8) in the LD reference panels, stratified by minor allele frequency and 
ancestry in the individuals from 1KG. The dashed line represents 80% coverage. 
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Supplementary Figure 2 | Performance of the T2D PRSs in the training cohorts across ancestry groups. 
Incremental AUC (iAUC) of the T2D PRS in the training cohorts: a, AFR, b, AMR, c, EAS, d, EUR, e, SAS. For 
each ancestry, we trained single-ancestry and multi-ancestry (ALL) PRSs using four LD panels and 5 phi continuous 
shrinkage priors. Bar colors represent the ancestry group: purple for AFR, yellow for AMR, green for EAS, red for 
EUR, and blue for SAS. The grey color highlights the best-trained PRS models that maximize the iAUC. All models 
were adjusted for sex, age, and genetic principal components. 
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Supplementary Figure 3 | Performance of the T2D PRSs adjusted for BMI in the validation cohorts across 
ancestry groups. a-e: Incremental AUC (iAUC) of the T2D PRS in the validation cohorts across ancestry groups: a, 
AFR, b, AMR, c, EAS, d, EUR, e, SAS. For each ancestry, the best-performing single-ancestry and multi-ancestry 
(All) PRSs were evaluated. Each bar represents a single cohort. Bar colors represent the ancestry group: purple for 
AFR, yellow for AMR, green for EAS, red for EUR, and blue for SAS. Line colors represent the ancestry of the T2D 
GWAS summary statistics and LD panels used to train the PRS, using the same color codes for single-ancestry PRSs, 
and black for multi-ancestry PRSs. f-j: Odds ratio (OR) from the meta-analysis of validation cohorts across ancestry 
groups: f, AFR, g, AMR, h, EAS, i, EUR, j, SAS. Points represent the odds ratio per standard deviation of the PRS 
distribution or the odds ratio comparing different PRS distribution extremes relative to the interquartile range. Error 
bars show the 95% confidence intervals (95% CI). Point colors represent the ancestry of the T2D GWAS summary 
statistics and LD panels used to train the PRS. * De Long p<0.05. All models were adjusted for sex, age, and genetic 
principal components
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Supplementary Figure 4 | Performance of D-PRISM multi-ancestry PRSs compared to published T2D PRSs from the PGS Catalog and other sources in 
the All of Us cohort. a-e: Incremental AUC (iAUC) across ancestry groups: a, AFR, b, AMR, c, EAS, d, EUR, e, SAS. Black bars highlight this study’s multi-
ancestry PRSs. *DeLong p<0.05; **Bonferroni-corrected DeLong p<9×10-4. All models were adjusted for sex, age, and genetic principal components. 
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Supplementary Figure 5 | Performance of D-PRISM multi-ancestry PRS-CSx compared to the published T2D 
PRSs from the PGS Catalog and others in individuals of AFR ancestry from the All of Us validation cohort. a, 
Odds ratio per standard deviation (OR per SD) of the PRS distribution, b, OR comparing the 90th percentile of the 
PRS relative to the interquartile range, c, OR comparing the 95th percentile of the PRS relative to the interquartile 
range, d, OR comparing the 97.5th percentile of the PRS relative to the interquartile range. All models were adjusted 
for sex, age, and genetic principal components. 
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Supplementary Figure 6 | Performance of D-PRISM multi-ancestry PRS-CSx compared to the published T2D 
PRSs from the PGS Catalog and others in individuals of AMR ancestry from the All of Us validation cohort. a, 
Odds ratio per standard deviation (OR per SD) of the PRS distribution, b, OR comparing the 90th percentile of the 
PRS relative to the interquartile range, c, OR comparing the 95th percentile of the PRS relative to the interquartile 
range, d, OR comparing the 97.5th percentile of the PRS relative to the interquartile range. All models were adjusted 
for sex, age, and genetic principal components. 
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Supplementary Figure 7 | Performance of D-PRISM multi-ancestry PRS-CSx compared to the published T2D 
PRSs from the PGS Catalog and others in individuals of EAS ancestry from the All of Us validation cohort. a, 
Odds ratio per standard deviation (OR per SD) of the PRS distribution, b, OR comparing the 90th percentile of the 
PRS relative to the interquartile range, c, OR comparing the 95th percentile of the PRS relative to the interquartile 
range, d, OR comparing the 97.5th percentile of the PRS relative to the interquartile range. All models were adjusted 
for sex, age, and genetic principal components. 
 
 



 13 

 
Supplementary Figure 8 | Performance of D-PRISM multi-ancestry PRS-CSx compared to the published T2D 
PRSs from the PGS Catalog and others in individuals of EUR ancestry from the All of Us validation cohort. a, 
Odds ratio per standard deviation (OR per SD) of the PRS distribution, b, OR comparing the 90th percentile of the 
PRS relative to the interquartile range, c, OR comparing the 95th percentile of the PRS relative to the interquartile 
range, d, OR comparing the 97.5th percentile of the PRS relative to the interquartile range. All models were adjusted 
for sex, age, and genetic principal components. 
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Supplementary Figure 9 | Performance of D-PRISM multi-ancestry PRS-CSx compared to the published T2D 
PRSs from the PGS Catalog and others in individuals of SAS ancestry from the All of Us validation cohort. a, 
Odds ratio per standard deviation (OR per SD) of the PRS distribution, b, OR comparing the 90th percentile of the 
PRS relative to the interquartile range, c, OR comparing the 95th percentile of the PRS relative to the interquartile 
range, d, OR comparing the 97.5th percentile of the PRS relative to the interquartile range. All models were adjusted 
for sex, age, and genetic principal components. 
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Temporal sequence of estimated age at diabetes onset and first record of the microvascular complication 
based on the All of Us v8 EHR and survey data. 

  
  

% of T2D cases with microvascular complications 
PDR ESDN DR DN 

Estimated age at T2D onset precedes age at first 
record of complication 

77% 72% 79% 85% 

Age at first record of complication precedes estimated 
age at T2D onset 

18% 22% 14% 7% 

Unavailable estimated age at T2D onset 5% 6% 7% 8% 
 

 
Supplementary Figure 10 | Sensitivity analysis of the association of D-PRISM Multi-Ancestry Polygenic Risk 
Score (PRS) with Diabetes Microvascular Complications in the All of Us Research Program Cohort. The plot 
displays the Odds Ratio (OR) per standard deviation increase in the D-PRISM PRS for four outcomes: proliferative 
diabetic retinopathy (PDR), end-stage diabetic nephropathy (ESDN), diabetic retinopathy (DR), and diabetic 
neuropathy (DN). Points are colored to indicate the sample used: red for individuals for whom the estimated diabetes 
onset preceded the complication EHR first record, and blue for the overall sample. Error bars indicate the 95% 
confidence intervals (95% CI). All models were adjusted for sex, age, and genetic principal components. 
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Supplementary Figure 11 | Effect of PRS and T2D duration on risk of microvascular complications. a, Odds 
Ratio per year of EHR-based estimated T2D duration for Proliferative Diabetic Retinopathy (PDR), End-Stage 
Diabetic Nephropathy (ESDN), Diabetic Retinopathy (DR), and Diabetic Nephropathy (DN). The plot shows a 
significant positive association between microvascular complications and T2D duration, with up to a 1.12-fold 
increased risk per year. All models were restricted to T2D cases and adjusted for sex and genetic principal components. 
b, Change in T2D onset age (years) per one-SD increase in PRS, stratified by genetic ancestry. One-SD increase in 
the T2D PRS was associated with up to 2.3 years earlier onset of T2D across genetic ancestries. Models were adjusted 
for sex and genetic principal components. Bars represent the beta coefficient (change in years), and error bars show 
the 95% confidence intervals (95% CI). c, Odds Ratio per one-SD increase in PRS for PDR, ESDN, DR, and DN. All 
models were adjusted for sex, age, and genetic principal components. Points are colored based on statistical adjustment 
for T2D duration: red (adjusted for T2D duration) and blue (unadjusted). 
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Genetic Epidemiology Network of Arteriosclerosis (GENOA). Approval was granted by Institutional Review Boards 
of the University of Michigan, University of Mississippi Medical Center and Mayo Clinic. Written informed consent 
was obtained from all participants. 
 
Resource for Genetic Epidemiology on Adult Heath and Aging (GERA). The Institutional Review Boards for Human 
Subjects Research of both Kaiser Permanente Medical Care Plan (Northern California Region) and the University of 
California at San Francisco approved the project. 
 
Genetics of Diabetes and Audit Research in Tayside Scotland (GODARTS). Approval was obtained from the Tayside 
Medical Ethics Committee. Informed consent was obtained for all participants. 
 
Genetics of Latinos Diabetic Retinopathy (GOLDR). Approval was granted by the Institutional Review Board of the 
Lundquist Institute for Biomedical Innovation at Harbor-UCLA Medical Center. 
 
Genetic Overlap Between Metabolic and Psychiatric Traits and Teens of Attica: Genes and Environment (GOMAP-
TEENAGE). Ethical permission for TEENAGE was obtained from the Bioethics Committee of Harokopio University, 
Athens. Ethical permission for GOMAP was obtained from the Dromokaiteio Scientific Committee, Dromokaiteio 
Management Committee, Dafni Scientific Committee, Eginitio Scientific Committee and Harokopio Ethics 
Committee. All participants of GOMAP-TEENAGE gave written informed consent. 
 
Genomic Research Cohort for CCMB Diabetes Study (GRCCDS). Ethics committees of CSIR-Centre for Cellular 
and Molecular Biology and KEM Hospital and Research Centre approved the project. 
 
Health, Aging and Body Composition Study (HABC). The Institutional Review Boards at the University of Memphis 
and the University of Pittsburgh granted approval to conduct the Health ABC Study, and all participants provided 
written informed consent. 
 
Healthy Aging in Neighborhoods of Diversity Across the Life Span Study (HANDLS). Approval was granted by the 
National Institutes of Health Institutional Review Board (study number 09AGN248). All participants provided written 
informed consent. 
 
Hispanic Community Health Study/Study of Latinos (HCHS/SOL). Approval was obtained from Institutional Review 
Boards at the University of North Carolina at Chapel Hill, Albert Einstein College of Medicine, University of Illinois 
at Chicago, University of Miami, and San Diego State University. All participants provided written informed consent. 
 
Health Professionals’ Follow-Up Study (HPFS). Approval was obtained from the Human Research Committee at the 
Brigham and Women’s Hospital. All participants provided written informed consent. 
 
Mexican American Hypertension and Insulin Resistance (HTNIR). Approval was granted by Human Subjects 
Protection Institutional Review Boards at the University of California at LosAngeles, University of Southern 
California, Lundquist/LABioMed/Harbor-UCLA and Cedars-Sinai Medical Center. 
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Howard University Family Study (HUFS). All human participants from the HUFS included in the analyses of this 
manuscript provided written informed consent prior to enrollment. The HUFS study was approved by the Institutional 
Review Board at Howard University. 
 
INTERHEART (INTERHEART). All study participants consented to analysis of blood samples. Approval was 
granted by the Hamilton Integrated Research Ethics Board, at McMaster University, Hamilton, Canada. 
 
Jackson Heart Study (JHS). Approval was obtained from Institutional Review Boards at Jackson State University, 
Tougaloo College and the University of Mississippi Medical Center. All participants provided written informed 
consent. 
 
Korean Association Resource (KARE). Approval was granted by the Institutional review Board at the Korean National 
Institute of Health. All participants provided written informed consent. 
 
Korean Biobank Array from the Korean Genome and Epidemiology (KoGES) Consortium (KBA). Approval was 
granted by the Institutional Review Board of the Korean National Institute of Health. All participants provided written 
informed consent. 
 
Collaborative Health Research in the Region of Augsburg (KORA). Approval was granted by the Ethics Committee 
of the Medical Association of Bavaria (number 06068). All participants provided informed consent. 
 
Los Angeles Latino Eye Study (LALES). Approval was obtained from the Los Angeles County/University of Southern 
California Institutional Review Board, and Western Institutional Review Board at Southern California Eye Institute. 
All participants provided written informed consent. 
 
London Life Sciences Prospective Population (LOLIPOP). Approval was obtained from the London-Fulham Research 
Ethics Committee (ref 07/H0712/150). All participants gave an written informed consent. 
 
Mexican American Study of Coronary Artery Disease (MACAD). Approval was granted by Human Subjects 
Protection Institutional Review Boards at the University of California at Los Angeles, University of Southern 
California, Lundquist/LABioMed/Harbor-UCLA and Cedars-Sinai Medical Center.Mexico City (MC). Approval was 
obtained from Institutional Review Boards at the Ethics and Scientific Commission members and the 
AUTHORIZATION is issued with registration number R-2011-785-018 and the Conacyt SALUD-2010-02-150352. 
In Canada, approval was obtained from the Research Ethics Board from the University of Toronto (Protocol 15770). 
 
Multi-Ethnic Study of Atherosclerosis (MESA). Approval was obtained from Institutional Review Boards at the 
University of Washington, Wake Forest School of Medicine, Northwestern University, University of Minnesota, 
Columbia University, Johns Hopkins University, Cedars-Sinai Medical Center, and the University of California at Los 
Angeles. 
 
Metabolic Syndrome in Men (METSIM). Approval was granted by the Ethics Committee of the University of Kuopio 
and the Kuopio University Hospital. All participants gave written informed consent. 
 
Mass General Brigham Biobank (MGB). The MGB Biobank protocol and informed consent documents are reviewed 
annually by the Partners-MGB Institutional Review Board (#2009P002312). All patients who participate in the MGB 
Biobank are consented for their samples to be linked to their identified clinical information. They have also consented 
for their information to be used for a broad range of research and for their deidentified information to be shared outside 
of MGB. 
 
Michigan Genomics Initiative (MGI). Approval was granted by the IRBMED Institutional Review Board of the 
University of Michigan. All participants gave written informed consent. 
 
VA Million Veteran Program (MVP). All participating studies were conducted in compliance with the Declaration of 
Helsinki and comply with all relevant ethical and local regulatory requirements. Specifically, the contributing genetic 
association studies were approved by the Department of Veteran’s Affairs central IRB. 
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Nagahama Study (NAGAHAMA). Approval was granted by the ethics committees of Kyoto University Graduate 
School of Medicine. Written informed consent was obtained from all participants. 
 
Netherlands Epidemiology of Obesity (NEO). Approval was obtained from the Medical Ethics Committee of Leiden 
University Medical Center. All participants gave written informed consent. 
 
Nurses Health Study (NHS). Approval was obtained from the Human Research Committee at the Brigham and 
Women’s Hospital. All participants provided written informed consent. 
 
NIDDM-Atherosclerosis Study Hispanic Cohorts (NIDDM). Approval was granted by Human Subjects Protection 
Institutional Review Boards at the University of California at Los Angeles, University of Southern California, City of 
Hope, Lundquist/LABioMed/Harbor-UCLA and Cedars-Sinai Medical Center. 
 
Northwestern University Genetics (NUGENE). Approval was obtained from Institutional Review Boards at 
Northwestern University and Vanderbilt University  
 
Prospective Investigation of the Vasculature in Uppsala Seniors (PIVUS). Approval was granted by the Ethics 
Committee of Uppsala University. All participants provided written 
informed consent. 
 
Pakistan Risk of Myocardial Infarction Study (PROMIS). The study was approved by the Institutional Review Board 
of the Center for Non-Communicable Diseases Pakistan and by regional Ethical Review Committees in the different 
centres across Pakistan involved in the study. Institutional Review Boards at the National Institute of Cardiovascular 
Disorders, Karachi, Punjab Institute of Cardiology, Lahore, and Tabba Heart Institute, Karachi approved the study. 
All participants provided written informed consent. 
 
Prospective Study of Pravastatin in the Elderly at Risk (PROSPER). Approval was obtained from the Institutional 
Ethics Review Boards of Cork University (Ireland), Glasgow University (UK) and Leiden University Medical Center 
(The Netherlands). All participants gave written informed consent. 
 
Sea Islands Genetic Network Reasons for Geographic and Racial Differences in Stroke (REGARDS). The REGARDS 
study protocol was approved by the institutional review boards of each participating institution, and written informed 
consents were obtained from all participants. 
 
Ragama Health Study (RHS). Approval was obtained from Institutional Review Boards at the National Center for 
Global Health and the University of Kelaniya (P38/09/2006). All participants provided written informed consent. 
Rotterdam Study (RS). Approval was granted by the Institutional review Board at Erasmus University Medical Center. 
All participants provided written informed consent. 
 
Shanghai Breast Cancer Study and Shanghai Women’s Health Study (SBCS/SWHS). Approval was obtained from 
Institutional review Boards at Vanderbilt University Medical Center and Shanghai Cancer Institute. A written 
informed consent form was obtained from all study participants. 
 
Singapore Chinese Eye Study (SCES). The study adhered to the Declaration of Helsinki. Ethical approval was 
obtained from the SingHealth Institutional Review Board and National University of Singapore Institutional Review 
Board. Written informed consent was obtained from all participants. 
 
Starr County Health (SCH). All protocols were reviewed and approved by the Institutional Committee for the 
Protection of Human Subjects (HSC-SPH-02-042). All participants provided written informed consent permitting the 
collection and sharing of data. 
 
Singapore Chinese Health Study (SCHS). Approval was obtained from the Institutional Review Board at the National 
University of Singapore. All participants provided written 
informed consent. 
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Slim Initiative for Genomic Medicine in the Americas (SIGMA). Approval was obtained from the Institutional Review 
Board of the Instituto Nacional de Ciencias Medicas y Nutricion Salvador Zubiran. All participants provided written 
informed consent. 
 
Singapore Malay Eye Study (SIMES). The study adhered to the Declaration of Helsinki. Ethical approval was obtained 
from the SingHealth Institutional Review Board and National University of Singapore Institutional Review Board. 
Written informed consent was obtained from all participants. 
 
Singapore Indian Eye Study (SINDI). The study adhered to the Declaration of Helsinki. Ethical approval was obtained 
from the SingHealth Institutional Review Board and National University of Singapore Institutional Review Board. 
Written informed consent was obtained from all participants. 
 
Samsung Medical Center (SMC). Approval was obtained from the Institutional Review Board of the Samsung Medical 
Center (No. 2004-12-005). All participants provided written informed consent. 
 
Seoul National University Hospital (SNUH). The Institutional Review Board of the Biomedical Research Institute at 
Seoul National University Hospital approved the study protocol (1205–130–411). Written informed consent was 
obtained from each participant. 
 
Taiwan Metabochip Consortium Zhonghua (TAICHI-G). Approval was granted by Institutional Review Boards at 
Stanford University School of Medicine, Hudson-Alpha Biotechnology Institute, Lundquist/LABioMed/Harbor-
UCLA, Cedars-Sinai Medical Center, Taichung Veterans General Hospital, Taipei Veterans General Hospital, 
National Health Research Institute, Tri-Service General Hospital, and National Taiwan University Hospital. 
 
Taiwan Type 2 Diabetes (TWT2D). Approval was obtained from Institutional Review Boards at China Medical 
University Hospital, Chia-Yi Christian Hospital, and National Taiwan University Hospital. 
 
Danish T2D Case-Control Study (UCPH). The studies included in the Danish T2D Case-Control Study (UCPH) were 
conducted in accordance with the Declaration of Helsinki II and were approved by the local Ethical Committees of 
Copenhagen County, the Capital Region of Denmark, or the Region of Southern Denmark. 
 
UK Biobank (UKBB). Approval was obtained from the North West Centre for Research Ethics Committee 
(11/NW/0382). 
 
Uppsala Longitudinal Study of Adult Men (ULSAM). Approval was granted by the Ethics Committee of Uppsala 
University. All participants provided written informed consent. 
 
Wake Forest School of Medicine (WFSM). Approval was granted by the Institutional Review Board at Wake Forest 
School of Medicine. All participants provided written informed consent. 
 
Women’s Health Initiative (WHI). Approval was granted by the Institutional review Board at the Fred Hutchinson 
Cancer Research Centre in accordance with the US Department of Health and Human Services regulations at 45 CFR 
46 (approval number IR# 3467-EXT). All participants provided written informed consent. Additional written consent 
to review medical records was obtained. The Fred Hutchinson Cancer Research Centre has an approved FWA on file 
with the Office for Human Research Protections under assurance number 0001920. 
 
Wellcome Trust Case Control Consortium (WTCCC). Approval for the study was obtained from Peterborough & 
Fenland Local Research Ethics Committee, National Research Ethics Service, Leeds (East) Research Ethics 
Committee, South West Multicentre Research Ethics Committee, Tayside Committee on Medical Research Ethics and 
Oxford Tropical Research Ethics Committee. 
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Members of the ENSA Genomics Consortium 
 
Last name Name Affiliation Present address 
Aguilar-Salinas  Carlos  Instituto Nacional de Ciencias Médicas y Nutrición Salvador Zubirán (INCMNSZ)  
Barberena-Jonás Carmina  Centro de Investigación y Estudios Avanzados del Instituto Politécnico Nacional 
(Cinvestav)  
Canizales-Quintero  Sergio  Instituto Nacional de Salud Pública (INSP)  
Cedillo-Castelán Vianka Centro de Investigación y Estudios Avanzados del Instituto Politécnico Nacional 
(Cinvestav)  
Cruz-Hervert  Luis Pablo  Instituto Nacional de Salud Pública (INSP) Universidad Nacional Autónoma de 
México 
Delgado-Sánchez  Guadalupe  Instituto Nacional de Salud Pública (INSP)  
Ferreira-Guerrero  Elizabeth Instituto Nacional de Salud Pública (INSP)  
Ferreyra-Reyes Leticia Instituto Nacional de Salud Pública (INSP)  
García-García  Lourdes  Instituto Nacional de Salud Pública (INSP)  
Gutiérrez-López  Cecilia  Centro de Investigación y Estudios Avanzados del Instituto Politécnico Nacional 
(Cinvestav)  
Hernández-Avila Juan Eugenio Instituto Nacional de Salud Pública (INSP)  
Huerta-Chagoya Alicia  Instituto Nacional de Ciencias Médicas y Nutrición Salvador Zubirán (INCMNSZ)
 Broad Institute of Harvard and MIT 
Juárez-Figueroa Luis  Instituto Nacional de Salud Pública (INSP) Deceased 
Kuri-Morales  Pablo  Secretaría de Salud Tecnológico de Monterrey 
Lazcano-Ponce Eduardo Instituto Nacional de Salud Pública (INSP)  
Magis-Rodriguéz  Carlos  Secretaría de Salud Universidad Nacional Autónoma de México 
Mongua-Rodriguéz  Norma  Instituto Nacional de Salud Pública (INSP)  
Moreno-Estrada  Andres Centro de Investigación y Estudios Avanzados del Instituto Politécnico Nacional 
(Cinvestav)  
Moreno-Macias  Hortensia  Instituto Nacional de Ciencias Médicas y Nutrición Salvador Zubirán 
(INCMNSZ) Universidad Autónoma Metropolitana 
Ordóñez-Sánchez Maria Luisa Instituto Nacional de Ciencias Médicas y Nutrición Salvador Zubirán 
(INCMNSZ)  
Ortega-Estrada  María de Jesús Centro de Investigación y Estudios Avanzados del Instituto Politécnico Nacional 
(Cinvestav)  
Palma-Martínez María José Centro de Investigación y Estudios Avanzados del Instituto Politécnico Nacional 
(Cinvestav) Universidad Nacional Autónoma de México 
Quinto-Cortes  Consuelo Centro de Investigación y Estudios Avanzados del Instituto Politécnico Nacional 
(Cinvestav)  
Rodríguez-Guillen  Rosario Instituto Nacional de Ciencias Médicas y Nutrición Salvador Zubirán 
(INCMNSZ)  
Sarti-Gutíerrez Elsa Instituto Nacional de Salud Pública (INSP) Retired 
Sepúlveda-Amor  Jaime  Instituto Nacional de Salud Pública (INSP) University of California San Francisco 
(UCSF) 
Sohail Mashaal Centro de Investigación y Estudios Avanzados del Instituto Politécnico Nacional (Cinvestav)
 Universidad Nacional Autónoma de México 
Tapia-Conyer  Roberto  Secretaría de Salud Fundación Carlos Slim 
Tellez-Vazquez Norma  Instituto Nacional de Salud Pública (INSP)  
Tusié-Luna  Maria Teresa Instituto Nacional de Ciencias Médicas y Nutrición Salvador Zubirán 
(INCMNSZ)  
Valdespino-Gómez  José Luis Instituto Nacional de Salud Pública (INSP) Deceased 
Velázquez-Meza  Manuel  Instituto Nacional de Salud Pública (INSP)  
Velázquez-Monroy Oscar   Secretaría de Salud Deceased 
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Eamonn Maher e.maher@aston.ac.uk Aston University 
Shabana Chaudhary s.chaudhary@qmul.ac.uk Blizard Institute, Queen Mary University of London 
Joseph Gafton j.gafton@qmul.ac.uk Blizard Institute, Queen Mary University of London 
Karen A Hunt k.a.hunt@qmul.ac.uk Blizard Institute, Queen Mary University of London 
Shapna Hussain shapna.hussain@qmul.ac.uk Blizard Institute, Queen Mary University of London 
Kamrul Islam k.islam@qmul.ac.uk Blizard Institute, Queen Mary University of London 
Mohammed Bodrul Mazid m.b.mazid@qmul.ac.uk Blizard Institute, Queen Mary University of London 
Elizabeth Owor e.owor@qmul.ac.uk Blizard Institute, Queen Mary University of London 
Jessry Russell jessry.russell@qmul.ac.uk Blizard Institute, Queen Mary University of London 
Nishat Safa n.safa@qmul.ac.uk Blizard Institute, Queen Mary University of London 
John Solly j.solly@qmul.ac.uk Blizard Institute, Queen Mary University of London 
Marie Spreckley m.spreckley@qmul.ac.uk Blizard Institute, Queen Mary University of London 
David A Van Heel d.vanheel@qmul.ac.uk Blizard Institute, Queen Mary University of London 
Jan Whalley j.whalley@qmul.ac.uk Blizard Institute, Queen Mary University of London 
Ishevanhu Zengeya i.zengeya@qmul.ac.uk Blizard Institute, Queen Mary University of London 
Emily Mantle e.mantle@qmul.ac.uk Blizard Institute, Queen Mary University of London 
Shaheen Akhtar shaheen.akhtar@bthft.nhs.uk Bradford Teaching Hospitals NHS Foundation Trust 
Samina Ashraf samina.ashraf@bthft.nhs.uk Bradford Teaching Hospitals NHS Foundation Trust 
Dan Mason dan.mason@bthft.nhs.uk Bradford Teaching Hospitals NHS Foundation Trust 
John Wright john.wright@bthft.nhs.uk Bradford Teaching Hospitals NHS Foundation Trust 
Daniel MacArthur d.macarthur@garvan.au.org Garvan Institute 
Michael Simpson michael.simpson@kcl.ac.uk King's College London 
Richard C Trembath richard.trembath@kcl.ac.uk King's College London 
Gerome Breen gerome.breen@kcl.ac.uk Kings College London 
Raymond Chung raymond.chung@kcl.ac.uk Kings College London 
Sang Hyuck Lee sang_hyuck.lee@kcl.ac.uk Kings College London 
Omar Asgar omar.asghar1@nhs.net Manchester University Hospitals 
Joanne Harvey joanne.henry@nihr.ac.uk Manchester University Hospitals 
Karen Tricker karen.tricker@mft.nhs.uk Manchester University Hospitals 
Caroline Winckley caroline.winckley@nihr.ac.uk Manchester University Hospitals 
Hanifa Khatun hanifa.khatun@mft.nhs.uk Manchester University Hospitals 
Amna Asif amna.asif@mft.nhs.uk Manchester University Hospitals 
Claudia Langenberg claudia.langenberg@qmul.ac.uk Precision Healthcare University Research Institute, 
Queen Mary University of London 
Grainne Colligan grainnec@safh.org.uk Social Action for Health (charity) 
Ceri Durham cerid@safh.org.uk Social Action for Health (charity) 
Bill Newman william.newman@manchester.ac.uk University of Manchester 
Ahsan Khan cllrahsan.khan@walthamforest.gov.uk Waltham Forest Council 
Hilary Martin hilary.martin@qmul.ac.uk Wellcome Sanger Institute 
Teng Heng th13@sanger.ac.uk Wellcome Sanger Institute 
Matt Hurles meh@sanger.ac.uk Wellcome Sanger Institute 
Vivek Iyer vvi@sanger.ac.uk Wellcome Sanger Institute 
Georgios Kalantzis gk18@sanger.ac.uk Wellcome Sanger Institute 
Vladimir Ovchinnikov vo3@sanger.ac.uk Wellcome Sanger Institute 
Iaroslav Popov ip13@sanger.ac.uk Wellcome Sanger Institute 
Klaudia Walter kw8@sanger.ac.uk Wellcome Sanger Institute 
Panos Deloukas p.deloukas@qmul.ac.uk William Harvey Research Institute, Queen Mary University of London 
David Collier d.j.collier@qmul.ac.uk William Harvey Research Institute, Queen Mary Universityof London 
Ana Angel a.cristinaangelgarcia@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University 
of London 
Saeed Bidi saeed.bidi@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University of 
London 
Fabiola Eto f.eto@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University of London 
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Sarah Finer s.finer@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University of 
London 
Chris Griffiths c.j.griffiths@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University of 
London 
Sam Hodgson s.hodgson@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University of 
London 
Benjamin M Jacobs b.jacobs@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University 
of London 
Rohini Mathur r.mathur@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University of 
London 
Caroline Morton c.morton@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University of 
London 
Asma Qureshi asmaa.qureshi@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University 
of London 
Stuart Rison s.rison@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University of 
London 
Annum Salman a.salman@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University of 
London 
Miriam Samuel m.samuel@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University of 
London 
Moneeza K Siddiqui moneeza.siddiqui@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary 
University of London 
Daniel Stow d.stow@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University of 
London 
Sabina Yasmin sabina.yasmin@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University 
of London 
Julia Zöllner j.zollner@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University of 
London 
Sheik Dowlut s.dowlut@qmul.ac.uk Wolfson Institute of Population Health, Queen Mary University of 
London 
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