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Summary 
 
Background 
Polygenic risk scores (PRSs) improve type 2 diabetes (T2D) prediction beyond clinical risk factors but perform poorly 
in non-European populations, where T2D burden is often higher, undermining their global clinical utility. 
 
Methods 
We conducted the largest global effort to date to harmonize T2D genome-wide association study (GWAS) meta-
analyses across five ancestries—European (EUR), African/African American (AFR), Admixed American (AMR), 
South Asian (SAS), and East Asian (EAS)—including 360,000 T2D cases and 1·8 million controls (41% non-EUR). 
We constructed ancestry-specific and multi-ancestry PRSs in training datasets including 11,000 T2D cases and 32,000 
controls, and validated their performance in independent datasets including 39,000 T2D cases and 126,000 controls 
of diverse ancestries. In the All of Us Research Program, we compared these PRSs to those from the Polygenic Score 
Catalog and assessed their ability to predict diabetes micro- and macrovascular complications. 
 
Findings 
Ancestry-specific PRSs showed limited prediction power for T2D in AFR, AMR, and SAS compared to EUR and 
EAS. In contrast, multi-ancestry PRSs, built using GWAS data from five ancestries, substantially improved T2D 
prediction across all ancestries. Compared to those in the interquartile range, individuals at the 97·5th percentile of 
their PRSs had a 6-fold increased T2D risk in AMR, EAS, and EUR, and ≥3-fold in AFR and SAS. These PRSs were 
also associated with the development of microvascular complications and outperformed all previously reported PRSs 
for all ancestries. 
 
Interpretation 
We developed and extensively validated the most up-to-date T2D PRSs across diverse ancestry groups. These PRSs 
are publicly available to support further evaluation of their clinical utility in diverse ancestries. 
 
 
Introduction 
 
Type 2 diabetes (T2D) represents one of the largest health problems of the 21st century, affecting 537 million people 
globally, and is predicted to increase to 783 million by 2045.1 Both genetic and environmental factors contribute to 
T2D susceptibility. Genome-wide association studies (GWAS) have identified 1,289 genetic signals associated with 
T2D in diverse ancestries.2,3 The aggregation of risk alleles in polygenic risk scores (PRSs) for T2D2,4 may provide 
insights into disease progression and prognosis, or help identify people at risk for prioritization of therapeutic or 
lifestyle intervention.5 Several initiatives are beginning to test their utility in clinical settings6,7, and an observational 
study in Electronic Health Record (EHR) data has shown that T2D PRSs provide data orthogonal to standard clinical 
risk factors and are therefore particularly valuable in identifying at-risk individuals among those perceived to be low 
risk based on standard clinical risk factors.8 
 
T2D disproportionately affects people of ancestral genetic backgrounds other than European, with South Asian, 
African American, and Hispanic/Latin American populations having a higher prevalence of diabetes and related 
complications.9 Yet, most PRSs are based on GWAS, including predominantly individuals of European ancestry, and 
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have poor performance in individuals of other ancestries, which may further exacerbate health disparities if PRS were 
to be deployed for disease prediction in ancestrally diverse populations.2,10 
 
While efforts have been made to enhance PRS performance in diverse populations11, a comprehensive, standardized, 
and harmonized approach for the development and validation of PRSs across continental ancestries for T2D remains 
lacking. In particular, recent efforts have aimed at improving the transferability of PRS across diverse ancestries. First, 
the Polygenic Risk Methods in Diverse Populations (PRIMED) consortium and others have developed new methods, 
such as those incorporating GWAS and linkage disequilibrium (LD) data from multiple ancestries, showing improved 
prediction.11,12 Second, large-scale T2D GWAS data for populations other than European have become available, 
which may improve the power of PRS development in these populations. Third, the emergence of large-scale biobank 
data from around the world — such as the All of Us Research Program (AoU) — offers valuable opportunities to 
develop, train, and validate novel PRSs, as data from these participants has not yet been included in GWAS meta-
analyses.13,14 
 
As part of the Type 2 Diabetes Global Genomics Initiative (T2DGGI), we published the largest multi-ancestry T2D 
GWAS meta-analysis to date, based on 2·5 million individuals, including 428,452 with T2D, and enumerating 1,289 
signals for T2D risk.3 Here, in collaboration with T2DGGI, we present results from the Diabetes Polygenic Risk 
Scores in Multiple ancestries (D-PRISM)2,11, an international consortium focusing on improving PRS prediction of 
different types of diabetes and progression across the lifespan in diverse ancestries. We leveraged these two consortia 
to aggregate extensive T2D GWAS data from five major continental ancestry groups, trained and validated PRS 
models in independent cohorts to evaluate their performance in predicting T2D and diabetes complications using a 
unified pipeline. We tested the optimal PRS model for each of the five ancestries and made them available to the 
community for downstream analyses, as well as future testing for clinical utility and implementation. 
 
Methods 
 
An overview of the overall strategy is shown in Fig.1 and detailed in the supplementary methods. We leveraged T2D 
GWAS from selected cohorts participating in three large consortia: the Diabetes Meta-analysis of Trans-ethnic 
Association Studies (DIAMANTE)15, the Million Veteran Program (MVP)16, and FinnGen17. Cohorts were 
categorized by genetic similarity to one or more of the five ancestries available in the 1000 Genomes (1KG) project18, 
or the country of origin: African/African American (AFR), Admixed American (AMR), East Asian (EAS), European 
(EUR), and South Asian (SAS). While ancestry labels do not represent or account for the full continuum of human 
genetic diversity, they were necessary for statistical analyses where no individual-level data were available. We 
included 2,185,548 individuals (359,819 cases, 1,825,729 controls) across 125 T2D GWAS datasets to conduct 
ancestry-specific meta-analyses, with summary statistics from EUR and EAS ancestry groups representing 86% of the 
total sample size (EUR=68%, EAS=18%, AFR=6%, AMR=4%, and SAS=4%; Fig.1a, Supplementary Tables 1,2). 
 
We leveraged cohorts not included in previous meta-analyses and, when necessary, conducted held-out meta-analyses 
to allow some cohorts to train and validate PRS. We aggregated data from a total of 42,784 individuals (10,992 cases, 
31,792 controls) from five ancestries for training (tuning PRS construction parameters; Fig.1b) and 164,972 
individuals (39,148 cases, 125,824 controls) for validation (testing PRS performance; Fig.1c). We used the five 
ancestry-specific T2D GWAS summary statistics to construct single-ancestry and multi-ancestry PRSs, using the PRS-
CS (Continuous Shrinkage) 19 and PRS-CSx20 methods, respectively (Fig.1b). Both methods use LD panels from 
reference datasets to model the pairwise correlations between SNPs in GWAS summary statistics during PRS 
construction. The SNPs in the most widely used LD panels are based on the HapMap3 (HM3), which generally do not 
tag well in non-EUR populations and may miss ancestry-specific signals. In addition, the samples used to model LD 
structure are either from the 1KG project or the UK Biobank (UKBB). The former has a limited sample size, while 
the latter lacks sufficient representation of populations other than the EUR. To improve tagging, we developed new 
LD panels with an expanded set of SNPs generated using the Tag(ging) It(erative) of SNPs in multiple populations 
(TagIt) program21 and variants with ancestry-specific minor allele frequency (MAF) ≥0·01 across samples from the 
1KG. We also use >8,000 in-house samples to compute pairwise LD in each ancestry, enabling more accurate 
modeling of the LD structure (Fig.1a). 
 
We compared the impact of several input parameters (GWAS ancestry, two SNP sets, and two LD sources) on PRS 
performance in the training cohorts. We defined the best models as maximizing the incremental AUC (iAUC) for 
predicting prevalent T2D, comparing a full model, including the PRS, sex, age, and genetic principal components 
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(PCs), to a model without the PRS (Fig.1d). We validated the best-performing models for association with T2D in at 
least four independent cohorts from each ancestry group (Fig.1c) and fitted secondary models with body mass index 
(BMI) as an additional covariate. We estimated the effect size of the PRSs as the odds ratio per standard deviation 
(OR per SD) unit of the PRS, and calculated OR for individuals at the 90th, 95th, and 97·5th PRS percentiles compared 
with the interquartile range as the reference. In the AoU cohort, we also compared the association of our best-
performing T2D PRSs with other published T2D PRSs from the Polygenic Score (PGS) catalog, and tested their 
association with common diabetes complications (Fig.1d). 
 
Results 
 
Development of new LD reference panels to improve variant coverage and LD estimation in diverse populations. 
Compared to the LD panels using the HM3 set of variants, our new TagIt-based LD panels increased the proportion 
of SNPs being tagged (r2≥0·8) up to 2 folds. The best improvement was 7 folds for SNPs with MAF 0·01-0·05 in AFR 
ancestry (Supplementary Table 7, Supplementary Fig.1). In all ancestry groups, the best-performing PRSs were those 
constructed using the expanded TagIt set of variants and/or the recomputed pairwise LD with large sample sizes 
(Supplementary Table 8, Supplementary Fig.2), suggesting that the prediction performance benefited from increasing 
SNP coverage, better LD modeling, or both. 
 
Matched single-ancestry PRS performance is positively correlated with the sample size of GWAS summary statistics. 
We first trained PRSs (Supplementary Tables 3,4) using GWAS summary statistics and four different LD panels, each 
matched to the ancestry of the validation cohorts (Supplementary Tables 5,6). When using a single-ancestry summary 
statistics, matching the GWAS and LD panel ancestries to that of the validation dataset resulted in the best prediction 
performance for the EUR (iAUC =0·07-0·14) and EAS (iAUC=0·02-0·16) ancestries. However, the prediction was 
poorer for AFR (iAUC=0·02-0·03), AMR (iAUC=0·02-0·04), and SAS (iAUC=0·02-0·04) (Fig.2a-e, Supplementary 
Table 9). 
 
The effect size of the PRS on T2D risk showed a similar pattern with larger OR per SD from the meta-analysis of the 
EUR (OR per SD [95% CI] = 2·31 [2·26-2·35]) and EAS (2·19 [2·12-2·27]) validation cohorts, compared to the AFR 
(1·38 [1·34-1·43]), AMR (1·64 [1·57-1·71]) and SAS (1·6 [1·5-1·74]). The EUR and EAS PRSs also showed better 
power to identify individuals at the highest T2D genetic risk than those trained for the other ancestries. For instance, 
individuals at the 90th percentile of the respective PRS distribution had ~4-fold increased risk of T2D in the EUR (OR 
[95% CI] = 4·01 [3·82-4·21]) and in the EAS (3·58 [3·24-3·94]) ancestries, compared to ~2-fold increased risk for 
individuals in the AFR (1·82 [1·64-2·01], AMR (2·1 [1·84-2·39]) and SAS (2·22 [1·75-2·81]) ancestries (Fig.2f-j, 
Supplementary Table 9). We observed consistent results regardless of adjustment for BMI, indicating that the 
predictive performance of the PRSs was robust to the inclusion of this well-established T2D risk factor 
(Supplementary Table 10, Supplementary Fig.3). 
 
Using GWAS data from large non-matched ancestries improves PRS performance in ancestries with limited GWAS 
sample size. 
We then tested whether constructing PRS using GWAS summary statistics from ancestries with larger sample sizes, 
such as EUR and EAS, could improve T2D prediction in other ancestries with limited GWAS data, despite the larger 
ancestral differences between discovery and validation cohorts. Compared to the matched single-ancestry PRSs, those 
based on the EUR GWAS improved the T2D prediction in the AFR, AMR, and SAS validation cohorts but had lower 
predictions in the EAS. 
 
A PRS based on EAS GWAS showed modestly improved T2D prediction in the AMR and SAS validation cohorts, 
but worse performance in the AFR and EUR (Fig.2a-e, Supplementary Table 9). The effect sizes of the PRSs were 
consistent with their prediction performance. The best-performing single-ancestry PRSs were the one derived from 
EUR GWAS for AFR (OR per SD (95% CI) = 1·75 [1·67-1·82]), AMR (3·07 [2·89-3·27]), SAS (2·21 [2·03-2·42]), 
and EUR (2·31 [2·26-2·35]) validation cohorts, while for EAS cohorts (2·19 [2·12-2·27]), the best-performing single-
ancestry PRS was based on EAS GWAS (Fig.2f-j, Supplementary Table 9). 
 
Multi-ancestry PRSs show the best prediction performance in all ancestries. 
We further applied a multi-ancestry PRS method, PRS-CSx20, which jointly models ancestry-specific GWAS and LD 
panel data from multiple ancestries. This approach leverages the increased statistical power from GWAS of five 
continental ancestries, which are jointly modelled to maximize the power of variants that are present in all ancestries, 
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while still incorporating the effects of variants that are specific or enriched in specific ancestries, even if their sample 
size is modest. Compared to the best single-ancestry PRSs, the prediction performance of the multi-ancestry PRSs 
was the highest across validation cohorts from all five ancestries (iAUC ranging from 0·02-0·06 in AFR, 0·06-0·09 
in AMR, 0·04-0·17 in EAS, 0·07-0·14 in EUR, and 0·06-0·10 in SAS) (Fig.2a-e, Supplementary Table 9). 
 
The multi-ancestry PRSs also had the highest effect sizes along with smaller confidence intervals across all ancestries 
(OR per SD [95% CI] = 1·73 [1·67-1·80] in AFR, 2·82 [2·67-2·97] in AMR, 2·45 [2·36-2·54] in EAS, 2·36 [2·32-
2·41] in EUR, and 2·23 [2·05-2·42] in SAS). The improvement was particularly notable for individuals at the extremes 
of the PRS distributions. For instance, the individuals in the 97·5th percentile of the multi-ancestry PRSs had 3 to 7-
fold increased T2D risk compared to those in the interquartile range (OR [95% CI] = 3·43 [2·8-4·21] in AFR, 7·47 
[5·64-9·89] in AMR, 6·62 [5·58-7·85] in EAS, 6·25 [5·72-6·82] in EUR and 4·50 [2·70-7·53] in SAS (Fig.2f-j, 
Supplementary Table 9). 
 
Multi-ancestry T2D PRSs outperform previously published T2D PRSs.  
We then leveraged the AoU cohort to compare this study’s best-performing multi-ancestry PRSs against the published 
T2D PRSs from the PGS catalog.22 We tested 55 out of 147 available PRS for T2D (accessed on October 07, 2024), 
after excluding pathway-specific PRSs or those for which the AoU cohort was used as a training dataset due to 
potential model overfitting. In all ancestry groups, our best-performing multi-ancestry PRSs showed better predictive 
performance than the previously published T2D PRSs from the PGS catalog. The differences with the best published 
PRSs from the PGS catalog were statistically significant for AFR, AMR, and EUR (De Long p<9×10-4, Bonferroni-
corrected threshold=0·05/55 PRSs tested; iAUC for D-PRISM multi-ancestry PRS-CSx vs. best iAUC from PGS 
Catalog: 0·041 vs. 0·029 in AFR, 0·086 vs. 0·073 in AMR, 0·143 vs. 0·123 in EUR) (Fig.3a,b,d). The improvement 
was nominally significant for EAS (0·074 vs. 0·058, p=0·03) (Fig.3c), but not for SAS (p=0·58) (Fig.3e), likely due 
in part to their limited sample sizes in the AoU cohort for these two ancestries (Supplementary Table 11, 
Supplementary Fig.4-8). 
 
We also compared different strategies for PRS construction. Some studies leverage ancestry diversity using the inverse 
variance-weighted (IVW) meta-analysis results from multi-ancestry GWAS, typically applying a single LD panel —
often of EUR ancestry— which may fail to model LD patterns and tag ancestry-specific variants accurately. In 
contrast, PRS-CSx jointly models GWAS from multiple ancestries while accounting for differences in allele 
frequencies and LD patterns across ancestries. To assess the value of PRS-CSx, we constructed a PRS-CS model using 
summary statistics from the IVW GWAS meta-analysis of the D-PRISM ancestry-specific GWAS summary statistics 
and tested its performance in the validation cohorts. In all ancestry groups, the T2D prediction performance of the 
multi-ancestry PRS-CSx was better than that of the PRS-CS models constructed using the IVW GWAS meta-analysis. 
The improvement was statistically significant in the AMR, EAS and EUR (iAUC for the multi-ancestry PRS-CSx vs. 
the multi-ancestry PRS-CS: 0·086 vs. 0·077 in AMR, 0·074 vs. 0·061 in EAS, and 0·143 vs. 0·126 in EUR, De Long 
p<0·05) (Fig.3b-d) but not significantly different for AFR and SAS (0·041 vs. 0·038 in AFR, p=0·07, 0·061 vs. 0·060 
in SAS, p=0·91) (Fig.3a,e, Supplementary Table 11, Supplementary Figures 4-8). 
 
The largest multi-ancestry T2D GWAS meta-analysis to date, conducted by Suzuki et al.,3 includes a sample size 16% 
larger than our D-PRISM GWAS datasets (N=2,535,601, 428,452 cases, 2,107,149 controls), as we intentionally held 
out several cohorts for PRS training and validation in this study. Nevertheless, since the AoU cohort was not included 
in the discovery GWAS by Suzuki et al., we also evaluated the performance of a PRS-CS model built using those 
summary statistics. Despite a smaller sample size, our D-PRISM multi-ancestry PRS-CSx showed better prediction 
performance in the AMR, EUR, and EAS ancestry groups (iAUC for D-PRISM multi-ancestry PRS-CSx vs. Suzuki 
et al. PRS-CS: 0·086 vs. 0·077 in AMR, 0·074 vs. 0·059 in EAS, and 0·143 vs. 0·128 in EUR, De Long p<0·05) 
(Fig.3b-d). In the AFR and SAS ancestry groups, the D-PRISM multi-ancestry PRS-CSx yielded prediction 
performance compared to the Suzuki et al. PRS-CS model (0·041 vs. 0·041, p=0·82 in AFR, 0·061 vs. 0·068, p=0·34 
in SAS) (Fig.3a,e). 
 
In addition, our D-PRISM multi-ancestry PRS-CSx models showed consistently better prediction performance in four 
of the five ancestries (i.e., AMR, EAS, EUR, and SAS, p<0·05) (Fig.3b-e) compared to a multi-ancestry PRS that was 
restricted to the 1,289 genome-wide significant variants (rsPRS) identified in the discovery GWAS by Suzuki et al. 
We did not observe significant improvement in the AFR ancestry (Fig.3a, Supplementary Table 11, Supplementary 
Figs 4-8). 
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Multi-ancestry T2D PRSs are associated with the risk of microvascular diabetes complications. 
T2D adversely affects the functioning of multiple organs, and the long-term complications accompanying the disease 
contribute the greatest morbidity for patients suffering from T2D.23 We leveraged the AoU cohort to assess if the best-
performing multi-ancestry T2D PRSs may be helpful to identify individuals who are at high risk of developing diabetes 
associated macrovascular [i.e., cardiovascular disease (CAD), ischemic stroke (IS)] and microvascular complications 
[i.e., diabetic retinopathy (DR), proliferative diabetic retinopathy (PDR), diabetic nephropathy (DN), and end-stage 
diabetic nephropathy (ESDN)]. Given the sample size constraints of the AoU cohort, we only assessed the AFR, AMR, 
and EUR ancestries. We restricted microvascular complication analyses to individuals with T2D, as these outcomes 
are largely diabetes specific. For macrovascular complications, which also occur in those without T2D, we included 
all individuals and adjusted for T2D status in the models. 
 
In each of the three ancestries, the D-PRISM multi-ancestry PRS-CSx was associated with increased risk of developing 
DR among individuals with T2D: OR per SD [95% CI] = 1·24 [1·12-1·37] in AFR, 1·44 [1·27-1·63] in AMR, 1·32 
[1·21-1·44] in EUR. For the more severe form, PDR, the PRSs were also associated with increased risk in AFR, AMR, 
and EUR ancestries: 1·35 [1·09-1·67] in AFR, 1·94 [1·51-2·49] in AMR, 1·55 [1·19-2·01] in EUR. Additionally, the 
multi-ancestry PRSs predicted the risk for developing DN: 1·49 [1·27-1·76] in AMR and 1·23 [1·12-1·35] in EUR, 
as well as ESDN: 1·75 [1·35-2·27] in AMR and 1·41 [1·1-1·8] in EUR. It was also associated with increased risk of 
CAD in EUR only: 1·05 [1·02-1·08] (p<0·008, Bonferroni-corrected threshold from 0·05/6 diabetes complications 
tested) (Fig.4, Supplementary Table 12). 
 
Discussion 
 
Identifying individuals with high T2D risk is essential to prioritize those who will benefit from lifestyle or therapeutic 
interventions to delay the disease or its complications.24 While clinical risk factors can identify individuals at risk, 
polygenic risk scores can be estimated at birth and can identify at risk individuals who may clinically be perceived at 
low risk, e.g., without a family history of T2D, young, lean, etc.8 Multiple efforts have been made to identify 
individuals at high genetic risk for T2D. More than a hundred PRS for T2D have been published22, yet they have 
poorer predictive performance in underrepresented populations. Several reasons influence the low transferability, 
including the overrepresentation of European populations in T2D GWAS and differential LD patterns between 
variants across ancestries. Importantly, populations in which PRSs are less predictive, including the AFR, AMR, and 
SAS, are disproportionately affected by diabetes and its complications, highlighting the risk of exacerbating health 
disparities by applying PRSs derived only from European genetic information.11 To improve the transferability and 
predictive accuracy of PRSs across diverse populations, including those underrepresented in GWAS efforts, various 
multi-ancestry PRS methods have been developed, while in parallel, several efforts have focused on expanding the 
representation of diverse ancestry populations in GWAS.3,15,16,25,26 Beyond GWAS discovery, multiple and sufficiently 
large sample sizes are also essential for training and validating PRSs, and rigorous data aggregation and harmonization 
following best practices are crucial to determine PRS accuracy. 
 
In this study, we developed the most comprehensive PRSs for T2D across five continental ancestries and conducted 
extensive evaluations in at least four independent cohorts per ancestry. To accomplish this we leveraged nearly all 
available genetic datasets with T2D phenotype information to: i) maximize ancestry diversity by harmonizing 125 
T2D GWAS datasets, including up to 2·2 million individuals; ii) enhance the representation and tagging of the genetic 
variants contributing to the PRS by generating new ancestry-specific LD reference panels, iii) train PRS models across 
ancestries and iv) thoroughly validate the PRSs in multiple independent harmonized cohorts and assess their 
association with diabetes-related complications. 
 
As previously described12,27, we observed that PRSs have lower accuracy when the validation sample is genetically 
distant from the discovery GWAS sample. However, underrepresented populations in GWAS have limited power and 
imprecise variant effect size estimates. For this reason, PRSs derived from EUR GWAS continue to outperform those 
derived from ancestry-matched GWAS in AFR, AMR, and SAS ancestries, likely due to the EUR GWAS sample size 
being at least 11 times larger. In contrast, applying a EUR PRS yielded worse performance for EAS ancestry than 
using a matched-ancestry EAS GWAS, even though the latter was four times smaller than the EUR GWAS. This 
suggests that non-matched ancestry PRSs (i.e., PRSs based on GWAS from a different ancestry than the validation 
cohort) improve performance only when the GWAS sample size in the other ancestry is orders of magnitude larger 
than that of the matched-ancestry GWAS, which may lack power to capture ancestry-specific genetic effects. 
However, when power is sufficient, ancestry-matched GWAS can improve accuracy compared to larger cross-ancestry 
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GWAS. The minimum ancestry-specific GWAS sample size for powerful PRS prediction may vary depending on the 
trait and ancestry and may require further investigation. Regardless, we observe that for all the ancestry groups, 
including EUR, which has the largest GWAS sample size15, the optimal PRS strategy is to combine PRSs from 
multiple ancestries, here using PRS-CSx. This approach can leverage the most accurate estimates from variants present 
in all ancestries while still accounting for population-specific or enriched variants, improving the overall prediction 
accuracy. 
 
For all ancestries, the multi-ancestry PRSs showed the strongest associations with T2D risk among individuals at the 
extremes of the risk distribution. For instance, individuals of EUR, EAS, or AMR ancestry in the top 97·5th percentile 
of the PRS distribution were associated with a seven-fold increased risk of developing T2D than those with average 
scores. Despite limited GWAS representation, the multi-ancestry PRS still shows the most predictive accuracy for 
individuals of AFR and SAS ancestry relative to the matched-ancestry PRS. However, overall performance remains 
lower than in other ancestry groups, with individuals in the 97·5th percentile associated with three-fold and four-fold 
increased risk of T2D. These results underscore that, despite our best efforts, there is still a substantial gap among the 
performance of PRSs, particularly in these two ancestry groups. 
 
Using data from the AoU cohort, we demonstrate that our multi-ancestry PRSs outperformed all previously available 
PRSs for T2D, likely because we used the largest and most diverse GWAS data and multi-ancestry-based methodology 
for PRS development. Additionally, we constructed our multi-ancestry PRSs using a standardized 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. These 
findings underscore that, in addition to increasing representation in GWAS, leveraging methods that jointly model 
GWAS and LD panels across multiple ancestries can enhance the tagging of causal variants, thereby improving 
predictive performance. In contrast, standard methods that use multi-ancestry IVW GWAS meta-analysis results rely 
on a single LD reference panel and may fail to capture ancestry-specific LD patterns, limiting their ability to model 
genetic risk prediction accurately. 
 
Previous studies have reported significant associations between T2D PRS, proliferative retinopathy, and end-stage 
diabetic nephropathy across and within ancestries.15,16 We confirm and extend previous findings by showing that 
multi-ancestry PRSs predict microvascular complications in T2D individuals of AFR, AMR, and EUR ancestries. 
Notably, our results reveal stronger associations and capture a broader range of diabetes complications severity than 
previously reported. 
 
Our PRSs still face some limitations, mainly due to the lack of diversity in available genetic data. First, while 
constructing multi-ancestry PRS including GWAS from diverse ancestries—even those with smaller sample sizes—
has proven beneficial to capture ancestry-specific effects, the SNP effect sizes are still strongly influenced by the 
largest European cohorts. Second, we acknowledge that using discrete population categories or restricting the analyses 
to groups defined by genetic similarity is sub-optimal, particularly in highly admixed populations where such 
groupings do not fully capture heterogeneous ancestry. While our current approach partially addresses these 
challenges, it remains limited by the need to group individuals into discrete ancestries, rather than a continuum. A 
critical next step will be adopting continuous genetic ancestry methods, which will require broader data access and 
new analytical strategies. 
 
Despite criticism regarding PRSs’ limited added value to clinical risk factors, it has been shown that incorporating 
PRSs can help identify high-risk individuals among people who are clinically perceived as low risk, such as the young, 
the lean, or those with sparse clinical data8, and that PRSs improve prediction over family history alone28. Ongoing 
randomized controlled trials are starting to evaluate the impact of PRS implementation into adult primary care as an 
additional risk factor for the primary care provider to consider.7,29 Importantly, for any PRS-informed interventions to 
be viable, a state-of-the-art T2D PRS is a necessary first step. Among the characteristics to prioritize when using a 
PRS are its generalizability, portability, and implementation feasibility. For instance, Lennon et al.6 prioritized a multi-
ancestry T2D PRS30 trained using EUR, EAS, and AFR GWAS data, and proposed a high-risk cut-off of 2%. 
Compared to the rest of the non-high-risk population, this PRS showed ORs ranging from 4·44 [3·60-5·49] in EUR 
to a maximum of 2·35 [1·54-3·60] in AFR cohorts.  Notably, our multi-ancestry PRSs consistently improved the 
prediction performance of T2D irrespective of the individual’s continental ancestry over any previously existing PRS. 
Compared to people with average genetic risk, those above the high genetic risk cut-off (2·5%) have ORs ranging 
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from 3·43 to 7·47 across ancestries, compared to the interquartile group. We therefore propose using the T2D PRS 
models presented here for future clinical applications as they show improved predictive ability across all ancestries. 
 
In summary, this study addresses a critical gap by delivering the most comprehensive and rigorously tested set of 
multi-ancestry PRSs for T2D. These scores improve risk prediction across diverse populations and enhance the 
identification of individuals at high genetic risk of developing T2D and microvascular complications, including mild 
and severe forms. By making the PRS weights publicly available, we provide a valuable resource for researchers and 
clinicians seeking to advance genetic risk stratification and develop prevention strategies for T2D. 
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Figures 
 

 
 
Fig.1 | Overall analysis approach. a, Overview of the 125 T2D GWAS datasets, variant sets, and pairwise LD 
information used to generate five ancestry-specific T2D GWAS meta-analyses and 20 LD reference panels for PRSs 
training. b, Independent, ancestry-specific cohorts used to train the PRS models and 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. Single-
ancestry PRSs using GWAS summary statistics and LD panels matched to the validation ancestry or using data from 
the EAS or EUR ancestries. Multi-ancestry PRSs jointly modeled 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 
PRS. d, Evaluation of PRS predictive performance, including: i) incremental AUC, calculated as the difference 
between the AUC of the full model (PRS + covariates) and the model without the PRS, ii) proportion of variation in 
T2D status explained by the PRS, estimated using Nagelkerke’s r2, iii) odds ratio per standard deviation (OR per SD) 
of the PRS distribution or odds ratio (OR) comparing PRS distribution extremes relative to the interquartile range. 
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Fig. 2 | Performance of the T2D PRSs 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 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 *De Long 
test p<0·05. f-j: Odds ratio 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 (OR per SD) of the PRS distribution or 
the odds ratio (OR) 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.
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Fig. 3 | 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. *De Long 
p<0.05; **Bonferroni-corrected De Long p<9×10-4. 
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Fig. 4 | Association of D-PRISM multi-ancestry PRS with common complications of diabetes in the All of Us 
cohort. Odds ratio of this study’s multi-ancestry PRS for the following outcomes: CAD (cardiovascular disease), IS 
(ischemic stroke), DN (diabetic nephropathy), ESDN (end-stage diabetic nephropathy), DR (diabetic retinopathy), 
and PDR (proliferative diabetic retinopathy). Points represent the odds ratios per standard deviation (OR per SD) and 
are colored according to the genetic ancestry of the individuals tested: purple for AFR, yellow for AMR, and red for 
EUR. Error bars show the 95% confidence intervals (95% CI). 
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