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Multi-ancestry genetic study of type 2 diabetes highlights the
power of diverse populations for discovery and translation

A full list of authors and affiliations appears at the end of the article.

Abstract

We assembled an ancestrally diverse collection of genome-wide association studies (GWAS)

of type 2 diabetes (T2D) in 180,834 cases and 1,159,055 controls (48.9% non-European

descent) through the DIAMANTE (DIAbetes Meta-ANalysis of Trans-Ethnic association studies)
Consortium. Multi-ancestry GWAS meta-analysis identified 237 loci attaining stringent genome-
wide significance (P< 5 x 1079, which were delineated to 338 distinct association signals. Fine-
mapping of these signals was enhanced by the increased sample size and expanded population
diversity of the multi-ancestry meta-analysis, which localized 54.4% of T2D associations to a
single variant with >50% posterior probability. This improved fine-mapping enabled systematic
assessment of candidate causal genes and molecular mechanisms through which T2D associations
are mediated, laying the foundations for functional investigations. Multi-ancestry genetic risk
scores enhanced transferability of T2D prediction across diverse populations. Our study provides
a step towards more effective clinical translation of T2D GWAS to improve global health for all,
irrespective of genetic background.

The global prevalence of type 2 diabetes (T2D) has quadrupled over the last 30 years?,
affecting approximately 392 million individuals in 20152, Despite this worldwide impact,
the largest T2D genome-wide association studies (GWAS) have predominantly featured
populations of European ancestry3-6, compromising prospects for clinical translation.
Failure to detect causal variants that contribute to disease risk outside European ancestry
populations limits progress towards a full understanding of disease biology and constrains
opportunities for development of therapeutics’. Implementation of personalized approaches
to disease management depends on accurate prediction of individual risk, irrespective of
ancestry. However, genetic risk scores (GRS) derived from European ancestry GWAS
provide unreliable prediction when deployed in other population groups, in part reflecting
differences in effect sizes, allele frequencies and patterns of linkage disequilibrium (LD)8.

To address the impact of this population bias, recent T2D GWAS have included individuals
of non-European ancestry®-11, The DIAMANTE (DIAbetes Meta-ANalysis of Trans-Ethnic
association studies) Consortium was established to assemble T2D GWAS across diverse
ancestry groups. Analyses of the European and East Asian ancestry components of
DIAMANTE have previously been reported®19. Here, we describe the results of our multi-

Janssen, Merck, NovoNordisk, Pfizer, Roche, Sanofi Aventis, Servier, and Takeda; is now an employee of Genentech and a holder of
Roche stock. The remaining authors declare no competing interests.
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ancestry meta-analysis, which expands on these published components to a total of 180,834
T2D cases and 1,159,055 controls, with 20.5% of the effective sample size ascertained
from African, Hispanic, and South Asian ancestry groups. With these data, we demonstrate
the value of analyses conducted in diverse populations to understand how T2D-associated
variants impact downstream molecular and biological processes underlying the disease, and
advance clinical translation of GWAS findings for all, irrespective of genetic background.

Study overview.

We accumulated association summary statistics from 122 GWAS in 180,834 T2D cases
and 1,159,055 controls (effective sample size 492,191) across five ancestry groups
(Supplementary Tables 1-3). We use the term “ancestry group” to refer to individuals with
similar genetic background: European ancestry (51.1% of the total effective sample size);
East Asian ancestry (28.4%); South Asian ancestry (8.3%); African ancestry, including
recently admixed African American populations (6.6%); and Hispanic individuals with
recent admixture of American, African, and European ancestry (5.6%). Each ancestry-
specific GWAS was imputed to reference panels from the 1000 Genomes Project!2:13,
Haplotype Reference Consortium!#, or population-specific whole-genome sequence data.
Subsequent association analyses were adjusted for population structure and relatedness
(Supplementary Table 4). We considered 19,829,461 bi-allelic autosomal single nucleotide
variants (SNVs) that overlapped reference panels with minor allele frequency (MAF) > 0.5%
in at least one of the five ancestry groups (Extended Data Fig. 1 and Methods).

Robust discovery of multi-ancestry T2D associations.

We aggregated association summary statistics via multi-ancestry meta-regression,
implemented in MR-MEGAZ15, which models allelic effect heterogeneity correlated with
genetic ancestry. We included three axes of genetic variation as covariates that separated
GWAS from the five major ancestry groups (Extended Data Fig. 2 and Methods). We
identified 277 loci associated with T2D at the conventional genome-wide significance
threshold of P< 5 x 1078 (Extended Data Fig. 3 and Supplementary Table 5). By accounting
for ancestry-correlated allelic effect heterogeneity in the multi-ancestry meta-regression,

we observed lower genomic control inflation (Agc = 1.05) than when using either fixed-

or random-effects meta-analysis (Agc = 1.25 under both models), and stronger signals of
association at lead SNVs at most loci (Extended Data Fig. 4). Of the 277 loci, 11 have not
previously been reported in recently published T2D GWAS meta-analyses®-10-11 that account
for 78.6% of the total effective sample size of this multi-ancestry meta-regression (Extended
Data Fig. 3 and Supplementary Note). Of the 100 and 193 loci attaining genome-wide
significance (P< 5 x 1078) in East Asian and European ancestry-specific meta-analyses,
respectively, lead SNVs at 94 (94.0%) and 164 (85.0%) demonstrated stronger evidence

for association (smaller P-value) in the multi-ancestry meta-regression (Extended Data

Fig. 5 and Supplementary Note). These results demonstrate the power of multi-ancestry
meta-analyses for locus discovery afforded by increased sample size, but also emphasize the
importance of complementary ancestry-specific GWAS for identification of associations that
are not shared across diverse populations.

Nat Genet. Author manuscript; available in PMC 2022 November 12.
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The conventional genome-wide significance threshold does not allow for different patterns
of LD across diverse populations in multi-ancestry meta-analysis. We therefore derived

a multi-ancestry genome-wide significance threshold of <5 x 1072 by estimating the
effective number of independent SNVs across the five ancestry groups using haplotypes
from the 1000 Genomes Project reference panell3 (Methods). Of the 277 loci reported in
this multi-ancestry meta-regression, 237 attained the more stringent significance threshold,
which we considered for downstream analyses. Through approximate conditional analyses,
conducted using ancestry-matched LD reference panels for each GWAS, we partitioned
associations at the 237 loci into 338 distinct signals that were each represented by an

index SNV at the same multi-ancestry genome-wide significance threshold (Methods,
Supplementary Tables 6-8, and Supplementary Note). Allelic effect estimates for distinct
association signals from approximate conditional analyses undertaken in admixed ancestry
groups were robust to the choice of reference panel (Supplementary Note).

Allelic-effect heterogeneity across ancestry groups.

Allelic-effect heterogeneity between ancestry groups can occur for several reasons,
including differences in LD with causal variants or interactions with environment or
polygenic background across diverse populations. An advantage of the multi-ancestry meta-
regression model is that heterogeneity can be partitioned into two components. The first
captures heterogeneity that is correlated with genetic ancestry (i.e. can be explained by

the three axes of genetic variation). The second reflects residual heterogeneity due to
differences in geographical location (for example different environmental exposures) and
study design (for example different phenotype definition, case-control ascertainment, or
covariate adjustments between GWAS). We observed 136 (40.2%) distinct T2D associations
with nominal evidence (Pye7< 0.05) of ancestry-correlated heterogeneity compared to 16.9
expected by chance (binomial test A< 2.2 x 10716), In contrast, there was nominal evidence
of residual heterogeneity at just 27 (8.0%) T2D association signals (binomial test =
0.0037), suggesting that differences in allelic effect size between GWAS are more likely due
to factors related to genetic ancestry than to geography and/or study design (Supplementary
Note).

Population diversity improves fine-mapping resolution.

We sought to quantify the improvement in fine-mapping resolution offered by increased
sample size and population diversity in the multi-ancestry meta-regression. For each of

the 338 distinct signals, we first derived multi-ancestry and European ancestry-specific
credible sets of variants that account for 99% of the posterior probability () of driving

the T2D association under a uniform prior model of causality (Methods). Multi-ancestry
meta-regression substantially reduced the median 99% credible set size from 35 variants
(spanning 112 kb) to 10 variants (spanning 26 kb), and increased the median posterior
probability ascribed to the index SNV from 24.3% to 42.0%. The 99% credible sets for

266 (78.7%) distinct T2D associations were smaller in the multi-ancestry meta-regression
than in the European ancestry-specific meta-analysis, while a further 26 (7.7%) signals were
resolved to a single SNV in both (Fig. 1, Supplementary Table 9, and Supplementary Note).
Causal variant localization was also more precise in the multi-ancestry meta-regression than
a meta-analysis of GWAS of European and East Asian ancestry, which together account for

Nat Genet. Author manuscript; available in PMC 2022 November 12.
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79.5% of the total effective sample size, highlighting the important contribution of the most
under-represented ancestry groups (African, Hispanic, and South Asian) to fine-mapping
resolution (Fig. 1 and Supplementary Note).

We next attempted to understand the relative contributions of population diversity and
sample size to these improvements in fine-mapping resolution at the 266 distinct T2D
associations that were more precisely localized after the multi-ancestry meta-regression. We
down-sampled studies contributing to the multi-ancestry meta-regression to approximate the
effective sample size of the European ancestry-specific meta-analysis, while maintaining

the distribution of population diversity (Methods and Supplementary Table 10). The
associations were better resolved in the down-sampled multi-ancestry meta-regression at 137
signals (51.5%), compared with 119 signals (44.7%) in the European ancestry-specific meta-
analysis (Fig. 1 and Supplementary Table 11). These results highlight the value of diverse
populations for causal variant localization in multi-ancestry meta-analysis, emphasizing the
importance of increased sample size and differences in LD structure and allele frequency
distribution between ancestry groups that has also been reported for other complex human
traits16.

Multi-ancestry fine-mapping to single variant resolution.

Previous T2D GWAS have demonstrated improved localization of causal variants through
integration of fine-mapping data with genomic annotation®17. By mapping SNVs to three
categories of functional and regulatory annotation, with an emphasis on diabetes-relevant
tissues’®, we observed significant joint enrichment (2 < 0.00023, Bonferroni correction for
220 annotations) for T2D associations mapping to protein coding exons, binding sites for
NKX2.2, FOXA2, EZH2, and PDX1, and four chromatin states in pancreatic islets that mark
active enhancers, active promoters, and transcribed regions (Methods, Extended Data Fig.

6 and Supplementary Table 12). We used the enriched annotations to derive a prior model
for causality, and redefined 99% credible sets of variants for each distinct signal (Methods
and Supplementary Table 13). Annotation-informed fine-mapping reduced the size of the
99% credible set, compared to the uniform prior, at 144 (42.6%) distinct association signals
(Extended Data Fig. 7), and decreased the median from 10 variants (spanning 26 kb) to 8
variants (spanning 23 kb). For 184 (54.4%) signals, a single SNV accounted for >50% of
the posterior probability of the T2D association (Supplementary Table 14). At 124 (36.7%)
signals, >80% of the posterior probability could be attributed to a single SNV.

Missense variants implicate candidate causal genes.

After annotation-informed multi-ancestry fine-mapping, 19 of the 184 SNVs accounting
for >50% of the posterior probability of the T2D association were missense variants
(Supplementary Table 15). Two of these implicate novel candidate causal genes for the
disease: MYO5C p.Glul075Lys (rs3825801, A= 3.8 x 10711, 7z = 69.2%) at the MYO5C
locus, and ACVRIC p.11e482Val (rs7594480, P=4.0 x 10712, sz = 95.2%) at the CYT/P
locus. ACVRICencodes ALK?7, a transforming growth factor-§ receptor, overexpression
of which induces growth inhibition and apoptosis of pancreatic B-cells!®; ACVRIC
p.11e482Val has been previously associated with body fat distribution?0. The multi-ancestry
meta-regression also highlighted examples of previously reported associations that were

Nat Genet. Author manuscript; available in PMC 2022 November 12.
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better resolved by fine-mapping across diverse populations, including SLC16A11, KCNJ11-
ABCCS8, and ZFAND3-KCNK16-GLPIR (Supplementary Note).

Multi-omics integration highlights candidate effector genes.

We next sought to take advantage of the improved fine-mapping resolution offered

by the multi-ancestry meta-regression to extend insights into candidate effector genes,
tissue specificity, and mechanisms through which regulatory variants at non-coding T2D
association signals impact disease risk. We integrated annotation-informed fine-mapping
data with molecular quantitative trait loci (QTLs), in ci/s, for: (i) circulating plasma proteins
(pQTLs)2L:; and (ii) gene expression (eQTLs) in diverse tissues, including pancreatic islets,
subcutaneous and visceral adipose, liver, skeletal muscle, and hypothalamus?2:23 (Methods).
Bayesian colocalization?4 of each pair of distinct T2D associations and molecular QTLs
identified 97 candidate effector genes at 72 signals with posterior probability mcoloc

> 80% (Supplementary Tables 16 and 17). The colocalizations reinforced evidence
supporting several genes previously implicated in T2D through detailed experimental
studies, including ADCY5, STARDI0, IRS1, KLF14, SIX3, and TCF7L2529. A single
candidate effector gene was implicated at 49 T2D association signals, of which 10
colocalized with eQTLs across multiple tissues: CEP68, ITGB6, RBM6, PCGF3, JAZF1,
ANKI1, ABO, ARHGAPI19, PLEKHAI and AP3SZ2. In contrast, we observed that c/s-eQTLs
at 44 signals were specific to one tissue (24 to pancreatic islets, 11 to subcutaneous

adipose, five to skeletal muscle, two to visceral adipose, and one each to liver and
hypothalamus), emphasizing the importance of conducting colocalization analyses across
multiple tissues. Genome-wide promoter-focused chromatin confirmation capture data
(pcHi-C) from pancreatic islets, subcutaneous adipose, and liver (equivalent data are not
available in hypothalamus and visceral adipose)39-32 provided complementary support

for several candidate effector genes (Supplementary Table 18 and Supplementary Note).
These results demonstrate how the increased fine-mapping resolution afforded by our multi-
ancestry meta-analysis can be integrated with diverse molecular data resources to reveal
putative mechanisms underlying T2D susceptibility.

At the BCARI locus, multi-ancestry fine-mapping resolved the T2D association signal

to a 99% credible set of nine variants. These variants overlap a chromatin accessible
SNATAC-seq peak in human pancreatic acinar cells33 and an enhancer element in human
pancreatic islets that interacts with an active promoter upstream of the pancreatic exocrine
enzyme chymotrypsin B2 gene CTRBZ2. The observations in bulk pancreatic islets are
likely to have arisen due to exocrine (acinar cell) contamination since single-cell data do
not support the expression of C7/RBZ2in endocrine cells (Fig. 2). The T2D association
signal also colocalized with a ¢/s-pQTL for circulating plasma levels of chymotrypsin

B1 (CTRBL, rcoLoc = 98.6%). Interestingly, by extending our colocalization analyses at
this locus to #rans-pQTLs, we found that variants driving the T2D association signal also
regulate levels of three other pancreatic secretory enzymes produced by the acinar cells
and involved in the digestion of ingested fats and proteins: carboxypeptidase B1 (CPB1,
tcoLoc = 98.8%), pancreatic lipase related protein 1 (PLRP1, rmcooc = 97.6%), and
serine protease 2 (PRSS2, mcoLoc = 98.3%). These observations are consistent with an
effect of T2D-associated variants at this locus on gene and protein expression in the exocrine

Nat Genet. Author manuscript; available in PMC 2022 November 12.
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pancreas, with consequences for pancreatic endocrine function. This is in line with a recent
study34 reporting rare mutations in another protein produced by the exocrine pancreas,
chymotrypsin-like elastase family member 2A, which were found to influence levels of
digestive enzymes and glucagon (secreted from alpha cells in pancreatic islets). Taken
together, these complementary findings add to a growing body of evidence linking defects in
the exocrine pancreas and T2D pathogenesis3°-36,

At the PROX1 locus, multi-ancestry fine-mapping localized the two distinct association
signals to just three variants (Fig. 3 and Extended Data Fig. 8). The index SNV at the first
signal (rs340874, P=1.1 x 10718, 7> 99.9%) overlaps the PROX1 promoter in both human
liver and pancreatic islets18:2%, At the second signal, the two credible set variants map to

the same enhancer active in islets and liver (rs79687284, £=6.9 x 10719, r = 66.7%;
rs17712208, P= 1.4 x 10718, 7 = 33.3%). Recent studies have demonstrated that the T2D-
risk allele at rs17712208 (but not rs79687284) results in significant repression of enhancer
activity in mouse MING33 and human EndoC-BH1 beta cell models3’. Furthermore, this
enhancer interacts with the PROXZ promoter in islets3L, but not in liver32. Motivated by
these observations, we sought to determine whether these distinct signals impact T2D risk
(via PROXI) in a tissue-specific manner by assessing transcriptional activity of the credible
set variants (rs340874, rs79687284, and rs17712208) in human HepG2 hepatocytes and
EndoC-BH1 beta cell models using /in vitro reporter assays (Methods and Fig. 3). At the
first signal, we demonstrated significant differences in luciferase activity between alleles at
rs340874 in both hepatocytes (33% increase for risk allele, #=0.0018) and beta cells (24%
increase for risk allele, P=0.027). However, at the second signal, a significant difference

in luciferase activity between alleles was observed only for rs17712208 in islets (68%
decrease for risk allele, £=0.00014). Interestingly, there was evidence that the risk allele

at rs79687284 could attenuate the effect as the combined effect of both risk alleles in the
credible set was less severe. In HepG2 cells, both risk alleles increased transcription relative
to wild type, although the difference for each variant alone or combined was not statistically
significant. Taken together, these results suggest that likely causal variants at these distinct
association signals exert their impact on T2D through the same effector gene, PROX, but
act in different tissue-specific manners.

Transferability of T2D GRS across diverse populations.

GRS derived from European ancestry GWAS have limited transferability into other
population groups in part because of ancestry-correlated differences in the frequency and
effect of risk alleles38. We took advantage of the population diversity in DIAMANTE

to compare the prediction performance of multi-ancestry and ancestry-specific T2D GRS
constructed using lead SNVs at loci attaining genome-wide significance. We selected two
studies per ancestry group as test GWAS into which the prediction performance of the GRS
was assessed using trait variance explained (pseudo A2) and odds-ratio (OR) per risk score
unit. We repeated the multi-ancestry meta-regression and ancestry-specific meta-analyses,
after excluding the test GWAS, and defined lead SNVs at loci attaining genome-wide
significance (P< 5 x 1072 for multi-ancestry GRS and P< 5 x 1078 for ancestry-specific
GRS). For each ancestry-specific GRS, we used allelic effect estimates for each lead SNV
as weights, irrespective of the population in which the test GWAS was undertaken. However,
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for the multi-ancestry GRS, we derived weights for each lead SNV that were specific to each
test GWAS population by allowing for ancestry-correlated heterogeneity in allelic effects
(Methods).

As expected, ancestry-specific GRS performed best in test GWAS from their respective
ancestry group (Fig. 4 and Supplementary Table 19). However, for the ancestry groups with
the smallest effective sample size (African, Hispanic, and South Asian), the predictive power
of the ancestry-specific GRS was weak (pseudo /2 < 1%) because the number of lead SNVs
attaining genome-wide significance was small. For test GWAS from these under-represented
ancestry groups, the European ancestry-specific GRS outperformed the ancestry-matched
GRS because: (i) more lead SNVs attained genome-wide significance in the European
ancestry meta-analysis; and (ii) the T2D association signals represented by these lead

SNVs are mostly shared across ancestry groups despite differing allele frequencies and

LD patterns. Notwithstanding these observations, the greatest predictive power for test
GWAS from all ancestry groups was achieved by the multi-ancestry GRS weighted with
population-specific allelic effect estimates.

We then tested the power of the multi-ancestry GRS to predict T2D status in 129,230
individuals of Finnish ancestry from FinnGen, a population-based biobank from Finland
(Methods). Because FinnGen was not part of DIAMANTE, we used association summary
statistics from the complete meta-regression to derive Finnish-specific allelic effect
estimates to use as weights in the multi-ancestry GRS (Extended Data Fig. 9 and
Supplementary Table 20). Individuals in the top decile of the GRS were at 5.3-fold increased
risk of T2D compared to those in the bottom decile. Inclusion of the multi-ancestry GRS
with Finnish-specific weights to a predictive model including age, sex, and body mass

index (BMI) increased the area under the receiver operating characteristic curve (AUROC)
from 81.8% to 83.5%. We note that modest increases in AUROC attributable to the GRS
over lifestyle/clinical factors in cross-sectional studies can mask impactful improvements

in clinical performance, particularly amongst those individuals at the extremes of the GRS
distribution who may have especially high lifetime disease risk and/or be prone to earlier
disease onset3®. In FinnGen, age impacted the power of a predictive model including the
T2D GRS, sex and BMI: the AUROC decreased from 86.9% in individuals under 50 years
old to 73.1% in those over 80 years old (Supplementary Table 21). Each unit of the weighted
GRS was associated with 1.24 years earlier age of T2D diagnosis (P= 7.1 x 107°7),
indicating that those with a higher genetic burden are more likely to be affected earlier in
life.

Positive selection of T2D risk alleles.

Previous investigations*® have concluded that historical positive selection has not had

the major impact on T2D envisaged by the thrifty genotype hypothesis#L. We sought to
re-evaluate the evidence for positive selection of T2D risk alleles across our expanded
collection of distinct multi-ancestry association signals. We fitted demographic histories

to haplotypes for each population in the 1000 Genomes Project reference panel®2 using
Relate*2. We quantified the evidence for selection for each T2D index SNV by assessing
the extent to which the mutation has more descendants than other lineages that were present
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when it arose (Methods). This approach is well powered to detect positive selection acting
on polygenic traits over a period of a few thousand to a few tens of thousands of years. We
detected evidence of selection (£ < 0.05) in four of the five African ancestry populations in
the 1000 Genomes Project reference panel (but not other ancestry groups) towards increased
T2D risk (Fig. 5). Given that T2D, itself, is likely to have been an advantageous phenotype
only via pleiotropic variants acting through beneficial traits, we tested for association

of index SNVs at distinct T2D signals with phenotypes available in the UK Biobank*3
(Methods and Extended Data Fig. 10). We found that T2D risk alleles that were also
associated with increased weight (and other obesity-related traits) generally displayed more
recent origin when compared to the genome-wide mutation age distribution at the same
derived allele frequency (P< 0.05 in all African ancestry populations), consistent with
positive selection (Extended Data Fig. 10). Excluding these weight-related SNVs removed
the selection signature observed in African ancestry populations. These observations are
consistent with positive selection of T2D risk alleles that has been driven by the promotion
of energy storage and usage appropriate to the local environment#4. Outside Africa, our
analysis yields no evidence for selection of T2D risk alleles. This suggests the absence of

a selective advantage outside Africa, or alternatively, that the selective advantage is old and
now masked in the relatively more strongly bottlenecked groups outside Africa. Further
work is needed to characterize the specific pathways responsible for this adaptation and its
finer-scale geographic impact.

DISCUSSION

In consideration of the global burden of T2D, the DIAMANTE Consortium assembled the
most ancestrally diverse collection of GWAS of the disease to date. We implemented a
powerful meta-regression approach!® to enable aggregation of GWAS summary statistics
across diverse populations that allows for heterogeneity in allelic effects on disease risk that
is correlated with ancestry. By representing the ancestry of each study as multidimensional
and continuous axes of genetic variation, the meta-regression model is not restricted to
broad continental ancestry categories and can allow for finer-scale differences between
GWAS within ancestry groups*®. Our study demonstrated the advantages of applying this
approach to ancestrally diverse GWAS in DIAMANTE with regard to: (i) discovery of
association signals that are shared across populations, through increased sample size and

by reducing the genomic control inflation due to residual stratification; (ii) defining the
extent of heterogeneity in allelic effects at distinct association signals; (iii) allowing for LD-
driven heterogeneity to enable fine-mapping of causal variants; and (iv) deriving population-
specific weights that substantially improve the transferability of multi-ancestry GRS over
ancestry-specific GRS. Our analyses considered SNVs present in the 1000 Genomes
Project!® and Haplotype Reference Consortium4 reference panels used for imputation,
which potentially excludes low-frequency population-specific variants, but which provides a
uniform “backbone” of variants for fine-mapping association signals that are shared across
multiple population groups. The contribution of population-specific variants that do not
overlap reference panels are more fully assessed in complementary ancestry-specific meta-
analyses, such as those in European and East Asian components of DIAMANTE®10. Further
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development of fine-mapping methods is required to localize such population-specific causal
variants in multi-ancestry meta-analysis#®.

Our study has extended knowledge of T2D genetics over previous efforts that include
GWAS that have contributed to our multi-ancestry meta-analysis-10:11 demonstrating

the opportunities to deliver new biological insights and identify novel target genes and
mechanisms through which genetic variation impacts on disease risk. Annotation-informed
multi-ancestry fine-mapping resolved 54.4% of distinct T2D association signals to a single
variant with >50% posterior probability. Through integration of these fine-mapping data
with molecular QTL resources, we identified a total of 117 candidate causal genes at

T2D loci, of which 40 were not reported in complementary analyses undertaken in

previous efforts (Supplementary Note). Formal Bayesian colocalization analyses across
diverse tissues highlighted complex cell-type specific mechanisms through which regulatory
variants at non-coding T2D association signals impact disease risk, exemplified by the
BCARI1 and PROXI loci, and lay the foundations for future functional investigations. Our
study is the first to demonstrate the advantages of a GRS derived from multi-ancestry meta-
regression for T2D prediction across five major ancestry groups. Finally, we built on our
expanded collection of distinct multi-ancestry association signals to demonstrate evidence of
positive selection of T2D risk alleles in African populations that may have been driven by
the promotion of energy storage and usage through adaptation to the local environment.

Multi-ancestry meta-analysis maximizes power to detect association signals that are shared
across ancestry groups. However, by modelling heterogeneity in allelic effects across
ancestries, our meta-regression approach can also allow for association signals that are
driven by ancestry-specific causal variants, although power will be limited by the sample
size available in that ancestry group. Ancestry-specific variants tend to have lower
frequency, with the result that discovery of T2D associations that are unique to African,
Hispanic, or South Asian ancestry groups in our study will have been limited to those
with relatively large effects. To address this limitation, it remains essential that the human
genetics research community continues to bolster GWAS collections in underrepresented
populations that often suffer the greatest burden of disease and to further expand diversity
in imputation reference panels, as exemplified by the Trans-Omics for Precision Medicine
(TOPMed) Program?’. Increasing diversity in genetic research will ultimately provide a
more comprehensive and refined view of the genetic contribution to complex human traits,
powering understanding of the molecular and biological processes underlying common
diseases, and offering the most promising opportunities for clinical translation of GWAS
findings to improve global public health.

METHODS

Ethics statement.

All human research was approved by the relevant Institutional Review Boards and conducted
according to the Declaration of Helsinki. All participants provided written informed consent.
Study-level ethics statements are provided in the Supplementary Note.
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Study-level analyses.

Individuals were assayed with a range of GWAS genotyping arrays, with sample and

SNV quality control (QC) undertaken within each study (Supplementary Tables 2 and 4).
Most GWAS were undertaken with individuals from one ancestry group (Supplementary
Table 1), where population outliers were excluded using self-reported and genetic ancestry.
For the remaining multi-ancestry GWAS (Supplementary Table 1), individuals were first
assigned to an ancestry group using both self-reported and genetic ancestry, and analyses
were then undertaken separately within each ancestry group. For each ancestry-specific
GWAS, samples were pre-phased and imputed up to reference panels from the 1000
Genomes Project (phase 1, March 2012 release; phase 3, October 2014 release)12:13,
Haplotype Reference Consortium!4, or population-specific whole-genome sequencing?8-50
(Supplementary Table 4). SNVs with poor imputation quality and/or minor allele count <5
were excluded from downstream association analyses (Supplementary Table 4). Association
with T2D was evaluated in a regression framework, under an additive model in the dosage of
the minor allele, with adjustment for age and sex (where appropriate), and additional study-
specific covariates (Supplementary Table 4). Analyses accounted for structure (population
stratification and/or familial relationships) by: (i) excluding related samples and adjusting
for principal components derived from a genetic relatedness matrix (GRM) as additional
covariates in the regression model; or (ii) incorporating a random effect for the GRM in

a mixed model (Supplementary Table 4). Allelic effects and corresponding standard errors
that were estimated from a linear (mixed) model were converted to the log-odds scale®.
Study-level association summary statistics (P-values and standard error of allelic log-ORs)
were corrected for residual structure, not accounted for in the regression analysis, by means
of genomic control®? if the inflation factor was >1 (Supplementary Table 4).

Multi-ancestry meta-analyses.

To account for the different reference panels used for imputation, we considered autosomal
bi-allelic SNVs that overlap the 1000 Genomes Project reference panel (phase 3, October
2014 release)!3 and the Haplotype Reference Consortium reference panel4. We considered
only those SNVs with MAF > 0.5% in haplotypes in at least one of the five ancestry groups
(Supplementary Table 22) in the 1000 Genomes Project (phase 3, October 2014 release)3.
We excluded SNVs that differed in allele frequency by >20% when comparing reference
panels in the same subsets of samples.

The most powerful methods for discovery of novel loci through multi-ancestry meta-
analysis allow for potential allelic effect heterogeneity between ancestry groups that cannot
be accommodated in a fixed-effects model®3. Random-effects meta-analysis allows for
“unstructured” heterogeneity, but cannot allow for the expectation that GWAS from the
same ancestry group are likely to have more similar allelic effects than those from different
ancestry groups. Some of these limitations could be addressed with a two-stage hierarchical
model (within and then between ancestry). However, we preferred a meta-regression
approach, implemented in MR-MEGAZ5, which models allelic effect heterogeneity that

is correlated with genetic ancestry by including axes of genetic variation as covariates to
capture ancestral diversity between GWAS. We constructed a distance matrix of mean effect
allele frequency differences between each pair of GWAS across a subset of 386,563 SNVs
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reported in all studies. We implemented multi-dimensional scaling of the distance matrix to
obtain three principal components that defined axes of genetic variation to separate GWAS
from the five ancestry groups (Extended Data Fig. 2).

For each SNV, we modelled allelic log-ORs across GWAS in a linear regression framework,
weighted by the inverse of the variance of the effect estimates, incorporating the three axes
of genetic variation as covariates. We tested for: (i) association with T2D allowing for allelic
effect heterogeneity between GWAS that is correlated with ancestry; (ii) heterogeneity in
allelic effects on T2D between GWAS that is correlated with ancestry; and (iii) residual
allelic effect heterogeneity between GWAS due to unmeasured confounders. We corrected
the meta-regression association AP-values for inflation due to residual structure between
GWAS using genomic control adjustment (allowing for four degrees of freedom): A74 =
1.052. We included SNVs reported in 250% of the total effective sample size (N74 =
246,095) in downstream analyses.

We also aggregated association summary statistics across GWAS via fixed-effects
meta-analysis using METAL5* and random-effects (RE2 model) meta-analysis using
METASOFT®°. Both meta-analyses were based on inverse-variance weighting of allelic log-
ORs to obtain effect size estimates. We corrected standard errors for inflation due to residual
structure between GWAS by genomic control adjustment: 445 = 1.253 and 485 = 1.253,

We assessed evidence for heterogeneity in allelic effects between GWAS by Cochran’s Q
statistic.

Defining T2D loci.

We initially selected lead SNVs attaining genome-wide significant evidence of association
(P< 5 x 1078) in the multi-ancestry meta-regression that were separated by at least 500

kb. Loci were first defined by the flanking genomic interval mapping 500 kb up- and
downstream of lead SNVs. Then, where lead SNVs were separated by less than 1 Mb, the
corresponding loci were aggregated as a single locus. The lead SNV for each locus was then
selected as the SNV with minimum association P-value.

Genome-wide significance threshold.

We considered haplotypes from the 1000 Genomes Project reference panel (phase 3,
October 2014 release)!3. We extracted autosomal bi-allelic SNVs that overlapped between
reference panels used in study-level analyses. We estimated the effective number of
independent SNV across ancestry groups using LD-pruning in PLINK®8 to be 9,966,662
at 2> 0.5°7. We therefore chose a multi-ancestry genome-wide significance threshold by
Bonferroni correction for the effective number of SNVs as A< 5 x 1079, Exemplar power
calculations are provided in the Supplementary Note.

Dissection of distinct multi-ancestry association signals.

We used iterative approximate conditioning, implemented in GCTA®®, making use of
forward selection and backward elimination, to identify index SNVs at multi-ancestry
genome-wide significance (P < 5x 1 07%). We used haplotypes from the 1000 Genomes
Project reference panel (phase 3, October 2014 release)? that were specific to each ancestry

Nat Genet. Author manuscript; available in PMC 2022 November 12.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Mahajan et al.

Page 13

group (Supplementary Table 22) as a reference for LD between SNVs across loci in the
approximate conditional analysis. Details of the iterative approximate conditioning are
provided in the Supplementary Note.

Ancestry-specific meta-analyses.

We aggregated association summary statistics across GWAS via fixed-effects meta-analysis
using METAL®* based on inverse-variance weighting of allelic log-OR to obtain effect size
estimates. Details are provided in the Supplementary Note.

Fine-mapping resolution.

Within each locus, we approximated the Bayes’ factor®®, Ajj, in favor of T2D association
of the jth SNV at the /th distinct association signal using summary statistics from: (i)

the multi-ancestry meta-regression; (ii) the European ancestry-specific meta-analysis; and
(iii) the combined East Asian and European ancestry meta-analysis. For loci with a

single association signal, association summary statistics were obtained from unconditional
analysis. For loci with multiple distinct association signals, association summary statistics
were obtained from approximate conditional analyses. Details of the derivation of
approximate Bayes’ factors are provided in the Supplementary Note. The posterior
probability for the th SNV at the /th distinct signal was then given by ;o A We derived
a 99% credible set® for the ith distinct association signal by: (i) ranking all SNVs according
to their posterior probability r;; and (ii) including ranked SNVs until their cumulative
posterior probability attains or exceeds 0.99.

Down-sampled multi-ancestry meta-regression.

We selected GWAS contributing to the multi-ancestry meta-regression to approximate the
effective sample size of the European ancestry-specific meta-analysis and maintain the
distribution of effective sample size across ancestry groups (Supplementary Table 10).

The selected GWAS are summarized in the Supplementary Note. We conducted a “down-
sampled” multi-ancestry meta-regression, implemented in MR-MEGAZ®, for the selected
studies. For each SNV, we modelled allelic log-ORs across GWAS in a linear regression
framework, weighted by the inverse of the variance of the effect estimates, incorporating
the same three axes of genetic variation as covariates (Extended Data Fig. 2). We corrected
the meta-regression association AP-values for inflation due to residual structure between the
selected GWAS using genomic control adjustment (allowing for four degrees of freedom):
A 74+« = 1.012. For each distinct association signal identified in the complete multi-ancestry
meta-regression, we derived a 99% credible set0 using association summary statistics from
the down-sampled multi-ancestry meta-regression. Details of the fine-mapping procedure
are provided in the Supplementary Note.

Enrichment of T2D association signals in genomic annotations.

We mapped each SNV across T2D loci to three categories of functional and regulatory
annotations: (i) genic regions, as defined by the GENCODE Project®?, including protein-
coding exons, and 3’ and 5” UTRs as different annotations; (ii) chromatin immuno-
precipitation sequence (ChlIP-seq) binding sites for 165 transcription factors (161 proteins
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from the ENCODE Project62 and four additional factors assayed in primary pancreatic
islets®3); and (iii) 13 unique and recurrent chromatin states, including promoter, enhancer,
transcribed, and repressed regions, in four T2D-relevant tissues18 (pancreatic islets, liver,
adipose, and skeletal muscle). This resulted in a total of 220 genomic annotations for
downstream enrichment analyses. We used fGWAS54 to identify a joint model of enriched
annotations across distinct T2D association signals from the multi-ancestry meta-regression.
Details are provided in the Supplementary Note.

Annotation informed fine-mapping.

Within each locus, for each distinct signal, we recalibrated the posterior probability of
driving the T2D association for each SNV under an annotation-informed prior derived from
the joint model of enriched annotations identified by fGWAS. Specifically, for the gh SNV
at the #th distinct signal, the posterior probability ;o y;A; where Aj;is the Bayes’ factor
in favor of T2D association. In this expression, the relative annotation-informed prior for the
SNV is given by

vj=exp| Xy Bk zjk|

where the summation is over the enriched annotations, g is the estimated log-fold
enrichment of the th annotation from the final joint model, and zj, is an indicator variable
taking the value 1 if the th SNV maps to the Ath annotation, and 0 otherwise. We derived a
99% credible set®0 for the #h distinct association signal by: (i) ranking all SNVs according
to their posterior probability r;; and (i) including ranked SNVs until their cumulative
posterior probability attains or exceeds 0.99.

Dissection of molecular QTLs in diverse tissues.

We accessed association summary statistics for molecular QTLs in diverse tissues from three
published resources: (i) 3,622 circulating plasma proteins in 3,301 healthy blood donors

of European ancestry from the INTERVAL Study?!; (ii) pancreatic islet expression in 420
individuals of European ancestry from the InsPIRE Consortium?23; and (iii) multi-tissue
expression in 620 donors from the GTEx Project (release v7)?2, including subcutaneous
adipose (328 samples), visceral adipose (273 samples), brain hypothalamus (108 samples),
liver (134 samples), and skeletal muscle (421 samples). We defined cis-molecular QTL

as mapping within 1 Mb of the transcription start site of the gene. Recognising that
molecular QTLs may also be driven by multiple causal variants, we dissected signals for
each significant c/s- and trans-pQTL (P< 1.5 x 10711) and for each significant cis-eQTL
(FDR g-value < 5%) via approximate conditional analyses implemented in GCTAS8, We
used a genotype reference panel of 6,000 unrelated individuals of white British origin,
randomly selected from the UK Biobank?3, to model LD between SNVs. We excluded
SNVs from the reference panel with poor imputation quality (info < 0.4) and/or significant
deviation from Hardy-Weinberg equilibrium (P < 107). We first identified index SNVs for
each distinct molecular QTL signal using the “--cojo-slct” option: £< 1.5 x 10711 for cis-
and trans-pQTLs; and P< 5 x 1078 for cis-eQTLs. For each molecular QTL with multiple
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index SNVs, we dissected each distinct signal using GCTA, removing each index SNV, and
adjusting for the remainder, using the “--cojo-cond” option.

Colocalization of T2D associations and molecular QTLs.

For each distinct T2D association signal, we used COLOCv3.12* to assess the evidence

for colocalization with: (i) each distinct cis- and trans-pQTL signal; and (ii) each distinct
c/s-eQTL signal across tissues. COLOC assumes that at most one variant is causal for

each distinct T2D association and each distinct molecular QTL, which is reasonable after
deconvolution of signals via approximate conditional analyses. Under this assumption, there
are five hypotheses: association with neither T2D nor the molecular QTL (Hp); association
only with T2D (H) or the molecular QTL (Hy); or association with both T2D and the
molecular QTL, driven either by two different causal variants (Hs) or by the same causal
variant (Ha). We assumed the default prior probabilities of: (i) 1074 that a variant is causal
only for T2D or only for the molecular QTL; and (ii) 1075 that a variant is causal for both
T2D and the molecular QTL. To take account of our annotation-informed prior model of
causality, we then replaced the Bayes’ factor in favor of T2D association, A,; for the jth
SNV at the #h distinct signal by ;i ¥}, where ¥;=73 ; Aj;is the total Bayes’ factor for the
signal. For the molecular QTLs, approximate Bayes’ factors in favor of association for each
variant were derived using Wakefield’s method®®. Under this model, COLOC then estimates
the posterior probability of colocalization of the T2D association and molecular QTL (i.e.
hypothesis H4, denoted co oc)-

Plasmid transfection and luciferase reporter assay.

We experimentally validated 99% credible set variants for distinct T2D association signals at
the PROX1 locus using a luciferase reporter assay. Briefly, human EndoC-BH1 cells® and
human liver cells were grown at 50-60% confluence in 24-well plates and were transfected
(2 x 10° EndoC-BH1 cells/well and 5 x 10* HepG2 cells/well) with 500 ng of empty
pGL3-Promoter vector (Promega, Charbonnieres, France) or pGL3-Promoter-PROX_insert
with FUGENE HD (Roche Applied Science, Meylan, France) using a FUGENE:DNA

ratio of 6:1 according to the manufacturer’s instructions. Details are provided in the
Supplementary Note and at https://www.promega.co.uk/products/luciferase-assays/genetic-
reporter-vectors-and-cell-lines/pgl3-luciferase-reporter-vectors/?catNum=E1751. Luciferase
activities were measured 48 hours after transfection using the Dual-Luciferase Reporter
Assay kit (Promega) according to the manufacturer’s instructions, in half-volume 96-well
tray format on an Enspire Multimode Plate Reader (PerkinElmer). The Firefly luciferase
activity was normalized to the Renilla luciferase activity obtained by cotransfection of 10

ng of the pGL4.74[hRIuc/TK] Renilla luciferase vector (Promega). All experiments were
performed in triplicate in three different passages of each cell type. Differences in luciferase
activity between groups were tested using two-tailed two-sample #tests, where P< 0.05 was
considered statistically significant.

Transferability of GRS across ancestry groups.

We selected two studies per ancestry group as test GWAS, prioritizing those with larger
effective sample sizes and greater genetic diversity (Supplementary Note). We repeated
the multi-ancestry meta-regression, after excluding the ten test GWAS, incorporating the
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same three axes of genetic variation as covariates to account for ancestry. The association
P-values from this “reduced” meta-regression were then corrected for inflation due to
residual structure between GWAS by means of genomic control adjustment (allowing for
four degrees of freedom): A 74 = 1.037. SNVs reported in 250% of the total effective

sample size of the “reduced” meta-regression (V7= 179,074) were included in downstream
analyses. We identified loci attaining genome-wide significant evidence of association (P <
5 x 1079) in the “reduced” meta-regression, and the lead SNV for each locus was selected

as the variant with minimum association AP-value. For each test GWAS, we next estimated
population-specific “predicted” allelic effects for each lead SNV to be used as weights in
the GRS. We also repeated each of the ancestry-specific fixed-effects meta-analyses after
excluding the ten test GWAS, and identified lead SNVs attaining genome-wide significant
evidence of association (P< 5 x 1078). For each test GWAS, we estimated the OR per unit of
the population-specific multi-ancestry GRS and each ancestry-specific weighted GRS, and
the corresponding percentage of T2D variance explained (pseudo /2). Details are provided
in the Supplementary Note.

Predictive power of GRS in FinnGen.

Individuals from FinnGen were genotyped with Illumina and Affymetrix arrays, and were
imputed up to the Finnish population-specific reference panel (SISu version 3). We excluded
individuals due to non-Finnish ancestry, relatedness, or missing age and/or sex. We derived
Finnish-specific “predicted” allelic effect estimates for each lead SNV from the multi-
ancestry meta-regression to be used as weights in calculating the centred GRS for each
individual. We excluded lead SNVs from the GRS that were not reported in FinnGen. We
excluded individuals with missing T2D status or BMI from subsequent analyses, resulting

in a total of 18,111 affected individuals and 111,119 unaffected individuals. We calculated
the variance in T2D status explained (pseudo R2) and the AUROC (calculated with a 10-fold
cross-validation) for models including BMI and/or GRS. We also conducted age-stratified
analyses and tested for association of the GRS with age of T2D diagnosis. Details are
provided in the Supplementary Note.

Selection analyses.

We used Relate*? to reconstruct genealogies for haplotypes from the 1000 Genomes Project
reference panel (phase 3, October 2014 release)!3, separately for each population, after
excluding African American and admixed American populations in whom high levels of
admixture are likely to confound selection evidence. We then used P-values calculated for
selection evidence for any variant that segregated in the population and passed quality
control filters#2, which quantify the extent to which the mutation has more descendants than
other lineages that were present when it arose. We tested for evidence of selection for index
SNVs for distinct T2D association signals, which were partitioned into two groups, risk and
protective, according to the direction of the allelic effect when aligned to the derived allele.
We also tested for selection on a range of traits available in the UK Biobank“3 at the subset
of index SNVs for which the derived allele increased risk of T2D. Details are provided in the
Supplementary Note.
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Extended Data Fig. 1. Study overview.
Summary of data resources and downstream analyses to identify candidate causal genes at

T2D susceptibility loci.
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Extended Data Fig. 2. Axes of genetic variation separating GWAS of T2D across diverse
populations.

The first three axes of genetic variation (PC 1, PC 2 and PC 3) from multi-dimensional
scaling of the Euclidean distance matrix between populations are sufficient to separate five
ancestry groups: African (AFR), East Asian (EAS), European (EUR), Hispanic (HIS) and
South Asian (SAS). The second axis of genetic variation (PC 2) separates African American
and continental African GWAS. The third axis of genetic variation (PC 3) reveals finer-
scale differences between GWAS within ancestry groups: Hispanic studies with a greater
proportion of American ancestry (SIGMA (2), MC (1) and MC (2)) or African ancestry
(WHI, MESA, HCHS/SOL and BIOME); East Asian studies of Chinese, Japanese and
Korean ancestry from those of Malay and Filipino ancestry (SIMES and CLHNS); South
Asian studies of Sri Lankan, Bangladeshi and South Indian ancestry (RHS, EPIDREAM,
SINDI, GRCCDS and BPC) from those of North Indian and Pakistani ancestry; and
Northern European ancestry studies from the study of Greek ancestry from Southern Europe
(GOMAP). GWAS were aligned to ancestry groups based on self-report at the study level.
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Extended Data Fig. 3. Manhattan plot of genome-wide T2D association from multi-ancestry
meta-regression (MR-MEGA) of up to 180,834 cases and 1,159,055 controls.

Each point represents an SNV passing quality control in the multi-ancestry meta-regression,
plotted with their association P-value (on a —logyq scale, truncated at 300) as a function of
genomic position (NCBI build 37). Association signals attaining genome-wide significance
are highlighted in pale blue (P< 5 x 1079) and dark blue (P< 5 x 1078). The names

of novel loci names are highlighted with their association ~value from the multi-ancestry
meta-regression.
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Extended Data Fig. 4. Comparison of association P-values at lead SNVs at T2D loci between
multi-ancestry meta-regression (MR-MEGA), fixed-effects meta-analysis and random-effects
(RE2) meta-analysis of up to 180,834 cases and 1,159,055 controls.
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Each point corresponds to an SNV, plotted according to ~P-values (on a —log;g scale) from
MR-MEGA on the x-axis and fixed- or random-effects meta-analysis on the y~axis. SNVs
below the y= x line demonstrate stronger association with MR-MEGA.. The lead SNV at the
TCF7L2 locus has been removed to improve clarity of presentation.
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Extended Data Fig. 5. Comparison of loci identified at genome-wide significance (P < 5 x 10‘8)
in multi-ancestry meta-regression (180,834 cases and 1,159,055 controls), and East Asian and
European ancestry-specific meta-analyses (56,268 cases and 227,155 controls, and 80,154 cases
and 853,816 controls, respectively).

a, Association P-values at loci identified in East Asian and European ancestry-specific
meta-analyses. Each point corresponds to a locus, plotted according to the P-value (on a
—logyg scale) for the lead SNP in the multi-ancestry meta-regression on the x-axis and the
lead SNP in the ancestry-specific meta-analysis on the y~axis. The 7CF7L2locus has been
removed to improve clarity of presentation. Loci plotted below the y= x line show stronger
evidence for association in the multi-ancestry meta-regression. b, Overlap of loci identified
in multi-ancestry meta-regression and ancestry-specific meta-analyses.

Nat Genet. Author manuscript; available in PMC 2022 November 12.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Mahajan et al. Page 21

Islets active enhancer 2 -~

NKX2.2 binding site -

2%

Protein coding exon -

Islets weak transcription -

PDX1 binding site -

Islets active TSS -+

Islets active enhancer 1 -

—e—
—e—

EZH2 binding site -

1
1
1
1
1
1
1
1
1
1
1
1
e
1
1
1
FOXA2 binding site - , —o—

1
1
1 I_@_l
|
1
1
1
1
1
|
1
1
1
1
1
!

T ] T T 1 T T 1
00 05 10 15 20 25 3.0 35 40
log-enrichment for T2D association

Extended Data Fig. 6. Summary statistics from joint fGWAS model of enriched functional
and regulatory annotations across distinct T2D association signals from multi-ancestry meta-
regression (MR-MEGA) of up to 180,834 cases and 1,159,055 controls.

Each point corresponds to an annotation, plotted for the log-enrichment for T2D association
on the x-axis, with bars representing the corresponding 95% confidence interval (Cl).
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Extended Data Fig. 7. Comparison of number of SNVs in 99% credible set for distinct
association signals for T2D obtained from the multi-ancestry meta-regression of 180,834 cases
and 1,159,055 controls under uniform and annotation-informed prior models of causality.

Each point corresponds to a distinct association signal, plotted according to the logg
credible set size under the uniform prior on the x-axis and the logyq credible set size under
the annotation-informed prior on the y~axis. The 144 (42.6%) signals below the y= xline
were more precisely fine-mapped under the annotation-informed prior.

Nat Genet. Author manuscript; available in PMC 2022 November 12.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Mahajan et al. Page 23

Signal indexed by rs79687284

European LD East Asian LD AmericanLD African LD South AsianLD
' ' ' ' '

Signal indexed by rs340874

European LD East Asian LD AmericanLD African LD South AsianLD

Extended Data Fig. 8. Differences in LD structure between ancestry groups at the PROX1
locus for distinct association signals from multi-ancestry meta-regression (MR-MEGA) of up to
180,840 cases and 1,159,185 controls.

Each point represents an SNV passing quality control in the multi-ancestry meta-regression
(after conditional analysis), plotted with their association P-value (on a logyg scale) as a
function of genomic position (NCBI build 37). The index SNV is represented by the purple
symbol. The color coding of all other SNVs indicates LD with the index variant in the
ancestry-matched reference haplotypes from the 1000 Genomes Project panel: red, /2> 0.8;
gold, 0.6 < 2 < 0.8; green, 0.4 < /2 < 0.6; cyan, 0.2 < 2 < 0.4; blue, /2 < 0.2; grey, 2
unknown. Recombination rates are estimated from Phase |1 HapMap and gene annotations
are taken from the University of California Santa Cruz genome browser.
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Extended Data Fig. 9. Power of multi-ancestry GRS to predict T2D status in 129,230 individuals
of Finnish ancestry from FinnGen.

a, Age under receiver operating characteristic curve (AUROC) after adding BMI and GRS
to a baseline model adjusting for age and sex. b, Prevalence of T2D across GRS deciles. c,
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Boxplot of the distribution of age at T2D diagnosis across GRS deciles: box defines upper
quartile, median and lower quartile, bars define maximum and minimum values within 1.5 x

interquartile range of the upper and lower quartiles, other points are outliers.
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Extended Data Fig. 10. Evidence for selection from Relate in African ancestry populations of
subsets of T2D risk variants (effect aligned to derived allele) that are associated with other traits

available in the UK Biobank.

Nominal evidence for selection (P< 0 .05) is indicated by the dashed line. The color
of each point indicates the evidence for selection of subsets of T2D risk variants that
are not associated with the other trait: £< 0.05 (pink) and 2= 0.05 (black). Population

abbreviations: ESN, Esan in Nigeria; GWD, Gambian in Western Divisions in the Gambia;
LWK, Luhya in Webuye, Kenya; MSL, Mende in Sierra Leone; YRI, Yoruba in Ibadan,

Nigeria.
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Figure 1 I. Comparison of fine-mapping resolution for distinct association signals for T2D
obtained from ancestry-specific meta-analysis and multi-ancestry meta-regression.

a, Each point corresponds to a distinct association signal, plotted according to the

logy credible set size in the multi-ancestry meta-regression on the x-axis and the

logyg credible set size in the European ancestry meta-analysis on the y~axis. The 266
(78.7%) signals above the dashed y = xline were more precisely fine-mapped in the
multi-ancestry meta-regression. b, We “down-sampled” the multi-ancestry meta-regression
to the effective sample size of the European ancestry-specific meta-analysis. Each point
corresponds to one of the 266 signals that were more precisely fine-mapped in the multi-
ancestry meta-regression. The 137 (51.5%) signals above the dashed y = x line were

more precisely fine-mapped in “down-sampled” multi-ancestry meta-regression than the
equivalent sized European ancestry-specific meta-analysis. ¢, Properties of 99% credible
sets of variants driving each distinct association signal in European ancestry-specific meta-
analysis, combined East Asian and European ancestry meta-analysis, and multi-ancestry
meta-regression. The inclusion of the most under-represented ancestry groups (African,
Hispanic and South Asian) in the multi-ancestry meta-regression reduced the median size of
99% credible sets and increased the median posterior probability ascribed to index SNVs.
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Figure 2 I. T2D association signal at the BCAR1 locus colocalizes with multiple circulating
plasma pQTLs.

a, Signal plot for T2D association from multi-ancestry meta-regression of 180,834 cases
and 1,159,055 controls of diverse ancestry. Each point represents an SNV, plotted with

their P-value (on a log;q scale) as a function of genomic position (NCBI build 37).

Gene annotations are taken from the University of California Santa Cruz genome browser.
Recombination rates are estimated from the Phase 11 HapMap. b, Fine-mapping of T2D
association signal from multi-ancestry meta-regression. Each point represents an SNV
plotted with their posterior probability of driving T2D association as a function of genomic
position (NCBI build 37). Chromatin states are presented for four diabetes-relevant tissues:
active TSS (red), flanking active TSS (orange red), strong transcription (green), weak
transcription (dark green), genic enhancers (green yellow), active enhancer (orange), weak
enhancer (yellow), bivalent/poised TSS (Indian red), flanking bivalent TSS/enhancer (dark
salmon), repressed polycomb (silver), weak repressed polycomb (Gainsboro), quiescent/low
(white). ¢, Schematic presentation of the single ¢/s- and multiple frans- effects mediated by
the BCARI locus on plasma proteins and the islet chromatin loop between islet enhancer
and promoter elements near CTRBZ. d, Signal plots for four circulating plasma proteins
that colocalize with the T2D association in 3,301 European ancestry participants from the
INTERVAL study. Each point represents an SNV, plotted with their ~value (on a logqg
scale) as a function of genomic position (NCBI build 37). e, Expression of genes (transcripts
per million, TPM) encoding colocalized proteins in islets, pancreas and whole blood.
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Figure 3 I. Defining causal molecular mechanisms at the PROX1 locus.
a, Signal plot for two distinct T2D associations from multi-ancestry meta-regression of

180,834 cases and 1,159,055 controls of diverse ancestry. Each point represents an SNV,
plotted with their ~-value (on a —log;q scale) as a function of genomic position (NCBI
build 37). Index SNVs are represented by the blue and purples diamonds. All other

SNVs are colored according to the LD with the index SNVs in European and East Asian
ancestry populations. Gene annotations are taken from the University of California Santa
Cruz genome browser. b, Fine-mapping of T2D association signals from multi-ancestry
meta-regression. Each point represents a SNV plotted with their posterior probability of
driving each distinct T2D association as a function of genomic position (NCBI build

37). The 99% credible sets for the two signals are highlighted by the purple and blue
diamonds. Chromatin states are presented for four diabetes-relevant tissues: active TSS
(red), flanking active TSS (orange red), strong transcription (green), weak transcription
(dark green), genic enhancers (green yellow), active enhancer (orange), weak enhancer
(yellow), bivalent/poised TSS (Indian red), flanking bivalent TSS/enhancer (dark salmon),
repressed polycomb (silver), weak repressed polycomb (Gainsboro), quiescent/low (white).
¢, Transcriptional activity of the 99 credible set variants at the two T2D association signals
in human HepG2 hepatocytes and EndoC-BH1 beta cell models obtained from /n vitro
reporter assays. Biological replicates: 7= 3. Technical replicates: 7=3. WT, wild-type
(non-risk allele/haplotype); GFP, green fluorescent protein (negative control); EV, empty
vector (baseline). Height of bar represents mean. Error bars represent standard error of

the mean. Differences in luciferase activity between groups were tested using two-tailed
two-sample £tests, where £ < 0.05 was considered statistically significant. d, Expression of
PROXI (transcripts per million, TPM) across a range of diabetes-relevant tissues.

Nat Genet. Author manuscript; available in PMC 2022 November 12.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Mahajan et al.

a)

Page 49

South Asian Pseudo R2 (%)
%) Hispanic 6
o ——
African
< r = - = r - = = - GRS
E b) § [I Ancestry-matched
o
3 [ — -u M [I ol em m I [ european
3 African East Asian European Hispanic South Asian . Multi-ancestry
O & s =] A o v <} ©
& LA S S S S R
$ & & <
Q\G
<&
Test GWAS

Figure 4 1. Transferability of multi-ancestry and ancestry-specific GRS into GWAS across
diverse population groups.

Each GRS was constructed using lead SNVs attaining genome-wide significance (P<5

x 1079 for multi-ancestry GRS and P< 5 x 1078 for ancestry-specific GRS). For the
multi-ancestry GRS, population-specific allelic effects on T2D were estimated from the
meta-regression to generate different GRS weights for each test GWAS. For each ancestry-
specific GRS, weights were generated from allelic effect estimates obtained from fixed-
effects meta-analysis. a, The trait variance explained (pseudo /2) by each GRS was assessed
in two test GWAS from each ancestry group. b, The multi-ancestry GRS out-performed
ancestry-specific GRS into all test GWAS, reflecting the shared genetic contribution to T2D
across diverse populations, despite differing allele frequencies and LD patterns.
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Figure 5 I. Positive selection acting on T2D index SNVs.
a, Evidence of selection from Relate towards increased T2D risk is restricted to African

ancestry populations and is explained by those SNVs that are associated with increased
weight. b, T2D risk alleles that are associated with increased weight are particularly young
for their derived allele frequency (DAF). Population abbreviations (sample sizes): ESN (98),
Esan in Nigeria; GWD (112), Gambian in Western Divisions of the Gambia; LWK (98),
Luhya in Webuye, Kenya; MSL (84), Mende in Sierra Leone; YRI (107), Yoruba in Ibadan,
Nigeria; BEB (85), Bengali in Bangladesh; GIH (102), Gujarati Indian from Houston, Texas;
ITU (101), Indian Telegu from the UK; PJL (95), Punjabi from Lahore, Pakistan; STU
(101), Sri Lankan Tamil from the UK; CDX (92), Chinese Dai in Xishuangbanna, Ching;
CHB (102), Han Chinese in Beijing, China; CHS (104), Southern Han Chinese; JPT (103),
Japanese in Tokyo, Japan; KHV (98), Kinh in Ho Chi Min City, Vietnam; CEU (98), Utah
residents with Northern and Western European ancestry; FIN (98), Finnish in Finland; GBR
(90), British in England and Scotland; IBS (106), Iberian population in Spain; TSI (106),
Toscani in Italy.

Nat Genet. Author manuscript; available in PMC 2022 November 12.



	Abstract
	RESULTS
	Study overview.
	Robust discovery of multi-ancestry T2D associations.
	Allelic-effect heterogeneity across ancestry groups.
	Population diversity improves fine-mapping resolution.
	Multi-ancestry fine-mapping to single variant resolution.
	Missense variants implicate candidate causal genes.
	Multi-omics integration highlights candidate effector genes.
	Transferability of T2D GRS across diverse populations.
	Positive selection of T2D risk alleles.

	DISCUSSION
	METHODS
	Ethics statement.
	Study-level analyses.
	Multi-ancestry meta-analyses.
	Defining T2D loci.
	Genome-wide significance threshold.
	Dissection of distinct multi-ancestry association signals.
	Ancestry-specific meta-analyses.
	Fine-mapping resolution.
	Down-sampled multi-ancestry meta-regression.
	Enrichment of T2D association signals in genomic annotations.
	Annotation informed fine-mapping.
	Dissection of molecular QTLs in diverse tissues.
	Colocalization of T2D associations and molecular QTLs.
	Plasmid transfection and luciferase reporter assay.
	Transferability of GRS across ancestry groups.
	Predictive power of GRS in FinnGen.
	Selection analyses.

	Extended Data
	Extended Data Fig. 1
	Extended Data Fig. 2
	Extended Data Fig. 3
	Extended Data Fig. 4
	Extended Data Fig. 5
	Extended Data Fig. 6
	Extended Data Fig. 7
	Extended Data Fig. 8
	Extended Data Fig. 9
	Extended Data Fig. 10
	Appendix
	References
	Figure 1 ∣
	Figure 2 ∣
	Figure 3 ∣
	Figure 4 ∣
	Figure 5 ∣



