Cell Genomics

Genome-wide study investigating effector genes and
polygenic prediction for kidney function in persons
with ancestry from Africa and the Americas

Graphical abstract

- COGENT
Previous GWAS

= Underrepresented

. African Americans Hispanics
pop ) -
L opulations West Africans American

Admixed Africans Indians

41 loci, 2 novel
eGFR GWAS + integrative analysis

8 GABBR2
3 | & FORGE2 R y LCOR
> |3 v @
1 1
[oX A ho-
?ﬁﬁ“ﬂﬁ“mmn _? Tissues Improved

Chromosome Polygenic Score
Highlights

e Meta-analysis of GWASs of AFR and AMS individuals
identifies new loci for eGFR

e There was no heterogeneity in allelic effects on eGFR due
genetic ancestry or sex

e Polygenic score performance into AFR/AMS studies depends
on ancestry and sample size

Hughes et al., 2024, Cell Genomics 4, 100468
January 10, 2024 © 2023 The Authors.
https://doi.org/10.1016/j.xgen.2023.100468

Authors

Odessica Hughes, Amy R. Bentley,
Charles E. Breeze, ..., Charles Rotimi,
Andrew P. Morris, Nora Franceschini

Correspondence

andrew.morris-5@manchester.ac.uk
(A.P.M.),
noraf@unc.edu (N.F.)

In brief

Hughes et al. conducted a large genetic
study of kidney function in individuals of
African ancestry and ancestry in the
Americas who are disproportionately
impacted by chronic kidney disease
(CKD). Their study highlighted the
importance of studying these under-
represented groups to understand CKD
biology and improve prediction of kidney
function.

¢? CellPress



Cell Genomics ¢? CellP’ress

OPEN ACCESS

Genome-wide study investigating effector genes
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SUMMARY

Chronic kidney disease is a leading cause of death and disability globally and impacts individuals of African
ancestry (AFR) or with ancestry in the Americas (AMS) who are under-represented in genome-wide associ-
ation studies (GWASSs) of kidney function. To address this bias, we conducted a large meta-analysis of
GWASSs of estimated glomerular filtration rate (eGFR) in 145,732 AFR and AMS individuals. We identified
41 loci at genome-wide significance (p < 5 x 10-8), of which two have not been previously reported in any
ancestry group. We integrated fine-mapped loci with epigenomic and transcriptomic resources to highlight
potential effector genes relevant to kidney physiology and disease, and reveal key regulatory elements and
pathways involved in renal function and development. We demonstrate the varying but increased predictive
power offered by a multi-ancestry polygenic score for eGFR and highlight the importance of population di-
versity in GWASs and multi-omics resources to enhance opportunities for clinical translation for all.

INTRODUCTION treatment, prescriptions, office visits, and hospitalizations.3 In

the US, compared with European ancestry individuals, CKD
Chronic kidney disease (CKD) is a leading cause of death and more often impacts individuals of African ancestry (AFR) and
disability globally,? and incurs huge health care costs for its  with ancestry in the Americas (AMS), who also more often have

ot Cell Genomics 4, 100468, January 10, 2024 © 2023 The Authors. 1
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advanced disease and complications.*® These differences in  of genome-wide association studies (GWASs) to individuals
disease risk may be related to lifestyle and social determinants  of European ancestry.® Identification of genetic variants that
of health that are correlated with ancestry, in addition to genetic  contribute to disease risk in non-European ancestry populations
differences in the spectrum of causal alleles.” There is still limited  is essential to advance understanding of disease biology that in-
understanding of this relationship, primarily because of the bias  forms the development of therapeutics. Furthermore, polygenic
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scores developed from European ancestry GWASs have limited
transferability into other populations, partially reflecting differ-
ences in allele frequencies, effect sizes, and linkage disequilib-
rium (LD) structure, which vary across ancestry groups.®'°

In clinical care, CKD diagnosis is based on abnormal levels of
blood and urine biomarkers, which are used for estimated
glomerular filtration rate (¢GFR) and to assess kidney injury. Dis-
ease progression to end-stage kidney disease and clinical deci-
sion for kidney replacement therapy (dialysis) still rely mostly on
eGFR. Mendelian randomization analyses have also highlighted
a causal effect of eGFR on diastolic blood pressure and hyper-
tension, a risk factor for CKD."" The most recent GWAS of
eGFR included 1.5 million participants, but only 7.3% were
AFR or AMS individuals.’® To address this population bias,
the Continental Origins and Genetic Epidemiology Network
(COGENT) Kidney Consortium was established to expand the di-
versity of genetic ancestry in GWAS of kidney traits, enabling lo-
cus discovery in under-studied populations, improving methods
for multi-ancestry analyses, and building resources for down-
stream functional studies.'® Prior multi-ancestry meta-analyses
of eGFR from the COGENT-Kidney Consortium have highlighted
the improvement in fine-mapping resolution afforded by non-Eu-
ropean ancestry individuals and contributed knowledge on
allelic effect heterogeneity across diverse populations at identi-
fied loci.""'* These analyses highlighted candidate causal genes
with cell-type-specific expression in the glomerulus, and in the
proximal and distal nephron, and causal effects of eGFR on over-
all and cause-specific CKD, kidney stone formation, and dia-
stolic blood pressure.

Here, we describe the results of our latest COGENT-Kidney
GWAS meta-analysis in 145,732 AFR and AMS individuals
from the Americas, Africa, and Europe. With these data, we
demonstrate the value of analyses conducted in these under-
represented and under-studied population groups to under-
stand how eGFR-associated variants impact molecular pro-
cesses underlying CKD, and to enhance trait prediction through
development of multi-ancestry polygenic scores (Figure 1).

RESULTS

Discovery of eGFR loci in AFR and AMS individuals

We aggregated newly generated sex-stratified eGFR associa-
tion summary statistics from 22 GWASs in a total of 83,386
AFR and AMS individuals from the Americas, Africa, and Europe
(Table S1, related to Figure 1), using standardized protocols
(STAR Methods). Assigning appropriate genetic ancestry labels
to the included GWAS is complex and consensus has not been
reached on the best descriptors. For the purposes of this
work, the AFR GWAS included African Americans from the US,
West Africans from Nigeria and Ghana, and admixed Africans
from the UK. The AMS GWAS included Hispanics/Latinos from
the Americas and the UK, and American Indians from the US
(the preferred descriptor by members of this community). Each
GWAS was imputed to reference panels from the 1000 Genomes
Project,'® Haplotype Reference Consortium,'® African Genome
Resources, '8 or Trans-Omics for Precision Medicine Project'®
(Table S2, related to Figure 1). Within each GWAS, eGFR was
derived from serum creatinine (mg/dL) using the 2009 Chronic
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Kidney Disease Epidemiology Collaboration (CKD-EPI) equa-
tion.?%?" Subsequent association analyses were conducted us-
ing inverse-rank normalized eGFR residuals and adjusted for
population structure and relatedness (Table S2, related to Fig-
ure 1). Across studies, we performed multi-ancestry (AFR +
AMS) meta-analysis, under a fixed-effects model with inverse-
variance weighting of effect sizes (STAR Methods).

To increase power to detect eGFR association signals in AFR
and AMS individuals, we conducted a combined meta-analysis
by aggregating association summary statistics from the multi-
ancestry (AFR + AMS) meta-analysis with those from two addi-
tional resources: (1) an African American GWAS from the US
from the Million Veteran Program comprising 57,336 individ-
uals®® and (2) a meta-analysis of non-overlapping Hispanic/
Latino GWAS from the US and Mexico from the COGENT-
Kidney Consortium'' comprising a total of 5,010 individuals
(Table S3, related to Figure 1). In this combined meta-analysis
of 145,732 individuals, we identified 41 loci attaining genome-
wide significant (p < 5 x 1078) evidence of eGFR association
(Figure 2; Table S4), with the strongest signals mapping to
GATM (rs1145085, p = 5.6 x 107*%), PRKAG2 (rs10265221,
p=1.0 x 10729, and SLC22A2 (rs11753349, p = 1.3 x 10719
Two of the 41 loci were not reported in the latest, predomin-
antly European ancestry eGFR GWAS meta-analysis,'® or in
recent multi-ancestry meta-analyses from the Million Veteran
Program.?”> The previously unreported loci mapped to/
near GABBR2 (rs73490762, p = 6.3 x 107% and LCOR
(rs12258469, p = 3.5 x 107%). Furthermore, lead SNVs from
our combined meta-analysis were independent of previously re-
ported signals (AFR, AMS, and EUR 12 < 0.2) at six loci (Table S5,
related to Figure 2): OR52H1 (rs73392143, p = 4.2 x 107'7),
SLC47A1 (rs35790011, p = 3.3 x 107'%), APOL3 (rs2016708,
p=4.1 x 1073, ARGT (rs73544620, p = 8.2 x 10~ '), OVOL1
(rs624307, p = 2.6 x 107%), and ADGRV1 (rs148044830, p =
1.4 x 107%). At seven of these previously unreported signals
(one previously unreported locus and six independent signals
at previously reported loci), the lead SNV was rare (minor allele
frequency <1%) in European ancestry individuals, and more
common in other ancestry groups, emphasizing the importance
of increasing population diversity in complex trait GWAS.

We repeated our analyses in a subset of studies using the 2021
CKD-EPI equation,”® which has been developed for use without
correction for race. At lead SNVs identified in our combined
meta-analysis, we observed strong correlation in allelic effect
sizes derived from analyses with the two equations (Figure S1).
While the mean and variance of the eGFR distribution might
vary between equations, we hypothesize that the relative ranks
of individuals within the distributions were not substantially
changed, and thus have little impact after inverse-rank
normalization.

Multi-omics integration reveals regulatory elements,
genes, and pathways involved in renal function and
kidney development

To gain insight into the key regulatory processes driving eGFR
associations, and the genes and cell types through which their
effects are mediated, we employed a series of complementary
multi-omics analyses. We began by integrating tissue- and
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In step 1, we conducted multi-ancestry meta-analysis of eGFR GWAS in 145,732 AFR and AMS individuals from the COGENT Kidney Consortium and Million
Veteran Program (MVP). In step 2, we performed downstream integration with functional genomics resources to understand the effector genes and molecular
mechanisms through which eGFR association signals are mediated. These analyses included correlation with eQTL in kidney from the Human Kidney Tissue
Resource and The Cancer Genome Atlas, and in blood from the Genes-Environments and Admixture in Latino Asthmatics study and the Study of African
Americans, Asthma, Genes, and Environments, and the Multi-Ethnic Study of Atherosclerosis. In step 3, we assessed evidence of heterogeneity in allelic effects
at eGFR association signals that is driven by sex and/or ancestry. In step 4, we constructed ancestry-specific and multi-ancestry polygenic scores to assess

transferability into AFR and AMS individuals.

cell-type-specific regulatory elements across the 1,000 SNVs
with the strongest eGFR association in our combined meta-anal-
ysis using FORGE2?* (STAR Methods). Across unconsolidated
Roadmap Epigenomics DNase | hypersensitive site data, eGFR
associations were most significantly enriched for fetal kidney,
fetal renal cortex, and fetal renal pelvis, with fetal intestine/stom-
ach and lung also significantly enriched (Figure 3). The kidney tis-
sue enrichment was replicated across more than 10 samples for
each of these categories, and after extending analyses to include
the 5,000 SNVs with the strongest eGFR association (Figure S2).
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To better understand the regulatory elements encoded by these
kidney-specific DNase | hypersensitive sites, we then integrated
transcription factor (TF) motif information from JASPAR, UniProt,
Taipale, and Transfac databases with the same set of the 1,000
SNVs with the strongest eGFR association using FORGE2-
TF?>?% (STAR Methods). Integration of these datasets revealed
several key TFs with a role in renal function and kidney deve-
lopment (Table S6, related to Figure 3). In agreement with
these findings, AmiGO2/PANTHER pathway analysis on sig-
nificant TF genes (using a TF-specific background) revealed
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Figure 2. Manhattan plot and quantile-quantile (QQ) plot of genome-wide eGFR association from combined meta-analysis of up to 145,732

AFR and AMS individuals

In the Manhattan plot, each point represents an SNV passing quality control in the meta-analysis, plotted with their observed association p value (on a -log1o
scale) as a function of genomic position (NCBI build 37). The genome-wide significance threshold (p < 5 x 1078 is highlighted by the horizontal red line. The
names and locations of novel loci are indicated. In the QQ plot, each point represents an SNV passing quality control in the meta-analysis, plotted with the
observed association p value (on a -logs scale) as a function of their expected association p value (on a —logqo scale).

several kidney pathways including “renal system development”
(p = 3.1 x 1079), "regulation of metanephric glomerular mesan-
gial cell proliferation" (p = 0.045), and "kidney development"
(p=2.3x1079).

To gain insight into genes and biological processes through
which eGFR association signals are mediated, we began by
conducting gene-based (MAGMA) expression analysis for 53
tissues from the Genotype Tissue Expression (GTEx) Project
(version 8),%” implemented in FUMA.?®?° Using AFR and AMS
LD reference panels from the 1000 Genomes Project, we
observed significant enrichment (p < 0.00093, Bonferroni
correction) of eGFR associations mediated through genes ex-
pressed in kidney medulla and kidney cortex, but not in any
other tissues (Figure S3; Table S7, related to Figure 1). We
then leveraged the diverse populations in our combined
meta-analysis to fine-map causal variants driving eGFR associ-
ations at each of the 41 loci attaining genome-wide significance
(STAR Methods). We assessed the evidence that 99% credible
SNVs were significant cis-expression quantitative trait loci
(eQTLs) in kidney tissue from 569 individuals of European
ancestry from the Human Kidney Tissue Resource (HKTR)
and The Cancer Genome Atlas (TCGA).%°*! We also consid-
ered overlap of our credible sets with significant cis-eQTLs in
blood in 721 AFR and 610 AMS individuals from among African
Americans, Puerto Ricans, and Mexican Americans from the
Genes-Environments and Admixture in Latino Asthmatics
(GALA 1I) study and the Study of African Americans, Asthma,
Genes, and Environments (SAGE).>> Where 99% credible
SNVs overlapped eQTLs, we considered the signals to be
correlated when there was strong LD (AFR, AMS, and EUR

r? > 0.8) between the lead SNVs for the eGFR association
and eQTL signal (Table S8, related to Figure 1).

We observed correlation of eGFR association signals with sig-
nificant eQTLs in kidney (European ancestry individuals from
HKTR/TCGA) at three loci: GBAP1 at the KRTCAP2 locus
(rs2049805, p = 1.4 x 1072"), LARP4B at the LARP4B locus
(rs80282103, p = 5.6 x 10719, and GP2 at the PDILT locus
(rs77924615, p = 7.2 x 107°). LARP4B belongs to an evolution-
arily conserved family of genes implicated in RNA metabolism
and translation and we have previously shown differential
expression of this gene in single-cell datasets for tubular epithe-
lial cells in the distal nephron.'’ At the KRTCAP2 locus, we
observed correlation of the eGFR association signal with an
eQTL in blood (AMS individuals from GALA Il and SAGE) for
GBAP1 (rs914615, p = 2.6 x 107%%), but also for TRIM46
(rs12411216, p =7.0 x 10~7), which encodes a protein that inter-
acts with Wnt/B-catenin signal pathways. In vitro studies suggest
a role of the gene in hypoxia-induced kidney fibrosis.**

Atthe NFATCT1 locus, we observed correlation of the eGFR as-
sociation signal with significant eQTLs in blood for NFATC1 in
both AFR and AMS individuals from GALA Il and SAGE
(rs8096658, AFR p = 2.6 x 107*', AMS p = 6.7 x 107°%). The
lead SNV (for both eGFR association and eQTL) was also a sig-
nificant eQTL in blood in an additional 273 AFR individuals from
the Multi-Ethnic Study of Atherosclerosis (p = 4.3 x 10719 (STAR
Methods). The same SNV failed quality control in European
ancestry individuals from HKTR/TCGA and was therefore not
tested in kidney. NFATC1 plays a central role in inducible gene
transcription during immune response, and we have previously
shown a role for this gene in salt sensitivity. '

Cell Genomics 4, 100468, January 10, 2024 5




¢? CellPress Cell Genomics

OPEN ACCESS

-log,, binomial P-value

0 1 2 3 4 5 6 7 8
| | | | | | | | |
FDR g-value
® q<0.01
' q<0.05
® non-sig
Fetal_Kidney = - o @ " =@
Fetal Kidney Left — L] L] L] ]
Fetal_Kidney_Right — = =] mm
(%] Fetal_Renal_Pelvis — @® = e [ ]
9
o Fetal_Renal_Pelvis_Left — = L - =
E Fetal_Renal_Pelvis_Right — - .
© L ! _Rig
wu )
PR Fetal_Intestine_Large — L] o O o - =
8 Fetal_Renal_Cortex — = I L] = o
-g Fetal_Renal_Cortex_Left — = = = m
© :
) Fetal_Renal_Cortex_Right —{ w - =
L?') Fetal_Intestine_Small —} mE EEE = -
wv)
- Fetal_Lung — TS EE B
(%]
(&) Fetal_Lung_Left — L ] m
E Fetal_Lung_Right — L
@)
< Fetal_Stomach — =E = [ ] -
Y]
ED iPS_DF_19.11 —
o
Ll iPS_DF_19.7 — =
o
@© iPS_DF_4.7 — =
_g iPS_DF_6.9 — ]
@
le) H1 - ] ]
o
HY — L]
Mesenchymal_Stem_Cells — -
Mesendoderm_Cultured_Cells — = a
Neuronal_Progenitor_Cultured_Cells — '
Trophoblast_Cultured_Cells — ==
All other biosamples —| GEIIMEEENY o @ @

(legend on next page)

6 Cell Genomics 4, 100468, January 10, 2024



Cell Genomics

Taken together, these results suggest that integration of large-
scale epigenomic, TF motif, and transcriptomic data with our
eGFR associations identified in under-represented population
groups reveals key regulatory elements and pathways involved
in renal function and kidney development, and highlights poten-
tial effector genes for eGFR signals in fine-mapped loci that play
a role in kidney function and hypertension.

Portability of eGFR polygenic scores varies across AFR
and AMS GWAS

Polygenic scores derived from GWAS undertaken in European
ancestry populations have poor performance for prediction of
complex traits and diseases when deployed in other population
groups.®'° This limited transferability can occur because Euro-
pean ancestry individuals are monomorphic for causal variants
that are present in other ancestry groups, and/or because of dif-
ferences in allele frequency, varying patterns of LD, and allelic ef-
fect heterogeneity between ancestries. For example, APOL1
variants have strong effects on kidney function and CKD in
AFR individuals but are absent in individuals without AFR.**%°
Consequently, the inclusion of the APOL1 risk genotype in a
polygenic score for CKD derived from GWAS in mostly European
ancestry populations substantially improved discrimination in
African Americans.® Previous studies have also highlighted
sex-differentiated effects on eGFR,®” which would impact the
performance of polygenic scores derived from sex-combined
meta-analyses for prediction in men and women.

We first assessed the evidence for differences in allelic effects
on eGFR between GWASs due to genetic ancestry and/or sex.
We used a meta-regression approach to partition heterogeneity
in eGFR effects in the multi-ancestry (AFR + AMS) meta-analysis
into three components.® The first component captures hetero-
geneity that is correlated with genetic ancestry, represented by
two axes of genetic variation derived from multidimensional
scaling of a genetic distance matrix between GWASs (STAR
Methods; Figure S4). The second component represents hetero-
geneity in allelic effects between males and females. The final
component reflects residual heterogeneity due to differences in
study design (for example, different sample characteristics,
environmental exposures, or covariate adjustments between
GWASSs). We assessed the evidence of heterogeneity in allelic ef-
fects on eGFR across the 41 lead SNVs identified in the com-
bined meta-analysis (Figure S5; Tables S9 and S10, related to
Figure 1). None of the 41 lead SNVs demonstrated significant
evidence of heterogeneity that was correlated with genetic
ancestry or due to sex (Bonferroni-corrected statistical signifi-
cance threshold, p < 0.0012). These results would suggest that
polygenic score performance is not driven by differences in
allelic effects between sexes or ancestry groups.

We next compared the performance of multi-ancestry (AFR +
AMS) and ancestry-specific polygenic scores into AFR and AMS
GWAS. We selected eight studies as “test GWASs.” The test
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GWASSs were selected to represent the diversity of ancestry in
our meta-analysis, including West Africans (AADM), African
Americans (REGARDS, WHI-AA, BIOME-AA), Hispanics/Latinos
(BIOME-HA, HCHS/SOL-MAIN, BAMBUI), and American Indians
(SHS). For each test GWAS, we repeated multi-ancestry (AFR +
AMS) and ancestry-specific meta-analyses, under a fixed-ef-
fects model, after excluding the test GWAS (STAR Methods).
For comparison, we also considered two much larger published
eGFR GWASSs that were not matched for AFR/AMS ancestry:
143,658 individuals of East Asian ancestry from BioBank
Japan®® and 1,004,040 individuals of European ancestry from
the CKDGen Consortium.”® We then applied Polygenic Predic-
tion via Bayesian Regression and Continuous Shrinkage Priors
(PRS-CS)*" to derive five polygenic scores: multi-ancestry
(AFR + AMS), AFR specific, AMR specific, East Asian ancestry
specific, and European ancestry specific (Figure 4; Table S11,
related to Figure 4).

The multi-ancestry (AFR + AMS) and AFR-specific polygenic
scores explained the highest proportion of eGFR variance in
the African American test GWAS, despite substantially smaller
sample sizes than the East Asian ancestry- and European
ancestry-specific scores. In contrast, the European ancestry-
specific polygenic score explained the highest proportion of
eGFR variance in the AMS test GWAS (Hispanics/Latinos and
American Indians). For three of the four AMS test GWASS, the
AMS-specific polygenic score outperformed the AFR-specific
score. However, interestingly, the AMS-specific polygenic score
performed worse than the AFR-specific score in the Hispanic/
Latino BIOME-HA test GWAS, which could reflect the fact that
individuals in this study are more genetically similar to individuals
in the AFR GWAS than in the AMR GWAS who have contributed
to our meta-analysis (Figure S4). Finally, all polygenic scores ex-
plained a low proportion of eGFR variance in West Africans from
Nigeria and Ghana.

DISCUSSION

We have conducted a large meta-analysis of eGFR focused on
AFR and AMS GWASSs, bringing together a total of 105,607 indi-
viduals of AFR and 40,125 individuals with AMS. Our study con-
tributes important insights into the genetic contribution of eGFR
in these populations and provides resources for genetic predic-
tion of kidney function. We have demonstrated important gains
in discovery in meta-analyses of AFR and AMS GWASSs, even
for common SNVs. Identified loci in meta-analyses of AFR and
AMS GWAS:s include genes relevant to kidney physiology and
disease, and kidney development, consistent with reports in
studies of predominantly European ancestry individuals.'>*? Us-
ing a comprehensive approach to query epigenetic data, we
have shown that fine-mapped SNVs are in regulatory genomic
regions in kidney tissue and cells, which are relevant to eGFR.
These new GWAS findings support research focused on these

Figure 3. Genomic variants associated with eGFR highlight kidney regulatory elements

Shown are the results of FORGE2 analysis for the top 1,000 eGFR SNVs. The horizontal axis shows FORGE2 enrichment (-log4o p value) of the eGFR SNV set with
DNase | hotspots for a range of cell and tissue samples (vertical axis, significant samples in black). The top ranked sample set (highest black points) indicate the
most significant association is for kidney samples (i.e., are highly ranked for the top 1,000 SNVs associated with eGFR).
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Figure 4. Transferability of multi-ancestry and ancestry-specific polygenic scores for eGFR into AFR and AMS test GWAS

Polygenic scores were constructed using PRS-CS, and their performance assessed in eight test GWASs. For each test GWAS, five polygenic scores were
constructed: multi-ancestry (AFR + AMS), AFR specific, AMS specific, East Asian (EAS) specific from BioBank Japan, and European (EUR) specific from the
CKDGen Consortium. Linkage disequilibrium (LD) was matched to the ancestry of the test GWAS. The eGFR variance explained by each polygenic score was
estimated in each test GWAS. The relative performance of the polygenic scores varied across test GWAS. The multi-ancestry (AFR + AMS) and AFR-specific
polygenic scores explained the highest proportion of eGFR variance in African American test GWAS (REGARDS, WHI-AA, BIOME-AA). In contrast, the EUR-
specific polygenic score explained the highest proportion of eGFR variance in the AMS test GWAS (BIOME-HA, HCHS/SOL-MAIN, BAMBUI, SHS). All polygenic
scores explained a low proportion of eGFR variance in West Africans from Nigeria and Ghana (AADM).

populations to uncover the full spectrum of genetic variation
related to disease susceptibility.

Interestingly, this study highlights the utility of transcriptome
data generated from the same ancestry groups used in the
GWAS discovery to identify potential effector genes for some as-
sociation signals within identified loci. Differences in sample size
between eQTL resources, as well as mismatch of LD patterns,
allele frequencies, and imputation quality between ancestry
groups will impact colocalization performance. Furthermore,
methodology for formal colocalization of GWAS signals and mo-
lecular QTLs across admixed and mismatched ancestry groups
is not well developed. The limited resources in kidney tissue in
non-European ancestry populations are likely precluding discov-
eries for complex traits for which kidney-related pathways are of
relevance.*® However, for some loci not driven by SNVs with
allelic differences across ancestry groups, we were able to pro-
vide supporting evidence for effector genes using both blood
and kidney tissue data (such as GBAPT at the KRTCAP2 locus).

A major contribution of this study is the derivation of polygenic
scores for eGFR in AFR and AMS individuals. The findings of our
study indicate that the performance of polygenic scores de-
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pends on the sample size from which they are derived and the
genetic distance from the test GWAS, consistent with findings
in population biobanks.***> Our results indicate that these differ-
ences are not driven by ancestry-correlated heterogeneity in
allelic effects. However, polygenic score performance will still
vary between ancestry groups because of other factors that
include differences in allele frequency and LD patterns. Our
multi-ancestry (AFR + AMS)- and AFR-specific polygenic scores
consistently outperformed European ancestry-specific scores
for prediction into the African American test GWAS, despite
the more than 10-fold difference in sample size. In contrast,
the European ancestry-specific polygenic score consistently
outperformed the better matched multi-ancestry (AFR + AMS)-
and AMS-specific scores into AMS test GWAS. However, the
relative performance of the AMS-specific and AFR-specific poly-
genic scores into the AMS test GWAS varied considerably. This
is likely due to the complex and heterogeneous genetic back-
ground and admixture within AMS populations, suggesting that
polygenic score prediction could be improved through alterna-
tive modeling approaches that are more representative of this
population group. Our findings highlight the need for larger
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sample sizes in AFR and AMS GWAS, and the importance of
development of polygenic score methodology that accounts
for admixture to enhance the opportunities for risk prediction
and patient stratification in under-studied and under-repre-
sented populations.

A strength of our study is that GWASs contributing to the
COGENT-Kidney Consortium used standardized protocols for
trait transformation and downstream statistical analysis. As is
standard in large-scale GWAS meta-analyses, the genotyping
arrays and imputation reference panels used varied between
studies. We harmonized our choice of SNVs for inclusion across
reference panels to minimize the bias introduced by varying
imputation quality. Unfortunately, because the trait transfor-
mations were not consistent between the COGENT-Kidney
Consortium and the Million Veteran Program, our combined
meta-analysis across resources was conducted using Stouffer’s
method, which does not provide combined estimates of allelic
effect sizes or measures of heterogeneity.

Summary

Our large meta-analysis of AFR and AMS GWASs for eGFR con-
tributes to the discovery of eGFR loci and provides insights into
the utility of leveraging population-matched multi-omics re-
sources in research of diverse populations, specifically for fine-
mapping effector genes relevant to the trait. The study has
also demonstrated the variable prediction performance of
multi-ancestry (AFR + AMS)- and ancestry-specific polygenic
scores into AFR and AMS individuals, dependent on the sample
size and genetic distance from the discovery GWAS. These in-
sights are essential for building relevant resources to enhance
future opportunities for clinical translation of GWASSs in these un-
der-studied and under-represented populations and to reduce
disparities in genomic research.

Limitations of the study

A potential limitation of our study was the use of the 2009 CKD-
EPI equation®’*" to derive eGFR in the COGENT-Kidney Con-
sortium (and Million Veteran Program). The more recent 2021
CKD-EPI equation,?® which has been developed for use without
correction for race, has been shown to have less pronounced dif-
ferences between Black and non-Black participants. However,
when we compared allelic effect sizes at lead SNVs in a subset
of AFR and AMS GWASSs, we observed highly consistent results
and strong correlation. This would indicate that, while the 2021
CKD-EPI equation might impact the distribution of eGFR within
ancestry groups, the relative positions on individuals within the
distribution does not vary substantially, and there is conse-
quently high concordance after inverse rank normalization.
Finally, while the transcriptomic data generation, processing,
quality control, and analysis were not consistent across the kid-
ney and whole-blood resources used in our analyses, the defini-
tion of significant cis-eQTLs was the same for both (FDR < 5%,
within 1 Mb of the transcription start site).

CONSORTIA
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Joanna Zywiec, Ewa Zukowska-Szczechowska, Pawel Bogdan-
ski, and Bernard Keavney.
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Materials availability
No materials were generated in this study. GWAS meta-analysis summary statistics are available through the GWAS Catalog, acces-
sion number GCST90295957.

Data and code availability
® This paper analyzes existing, publicly available genotype and phenotype cohort data. These accession numbers for the data-
sets are listed in the key resources table.
® This paper does not report original code.
® Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS
No experimental models were employed in this study.

Subjects included in multi-ancestry GWAS meta-analyses

We aggregated association summary statistics from 22 GWAS in a total of 83,386 AFR and AMS individuals (Table S1, related to Fig-
ure 1). We conducted a combined meta-analysis of these data with association summary statistics obtained from: (i) an African Amer-
ican GWAS from the Million Veteran Program comprising 57,336 individuals®?; and (i) a meta-analysis of Hispanic/Latino GWAS from
the COGENT-Kidney Consortium'' comprising a total of 5,010 individuals (Table S3, related to Figure 1).

Subjects included in eQTL look-ups

We conducted a look-up of eQTLs derived from: (i) kidney tissue samples from 569 individuals of European ancestry from the Human
Kidney Tissue Resource (HKTR) and The Cancer Genome Atlas (TCGA)***"; (i) whole-blood from 721 AFR and 610 AMS individuals
from amongst African Americans, Puerto Ricans, and Mexican Americans from the Genes-Environments and Admixture in Latino
Asthmatics (GALA Il) study and the Study of African Americans, Asthma, Genes, and Environments (SAGE)*?; and (ii) peripheral blood
mononuclear cells (PBMCs) from 273 African American and 241 Hispanic/Latino individuals from the Multi-Ethnic Study of Athero-
sclerosis (MESA).
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METHOD DETAILS

Study-level analyses

Individuals were assayed with a range of GWAS genotyping arrays or whole genome sequencing, with sample and SNV quality con-
trol (QC) undertaken within each study (Tables S1 and S2, related to Figure 1). All studies followed standardized protocols for pheno-
type definition and analytical pipelines. Within each study, individuals were first assigned to an ancestry group (AFR or AMS) using
genetic ancestry, with population outliers excluded. Analyses were then conducted separately within each ancestry group (AFR or
AMS). For each ancestry-specific GWAS not assayed via whole genome sequencing, individuals were pre-phased and imputed up to
reference panels from the 1000 Genomes Project (phase 3, October 2014 release),'® Haplotype Reference Consortium,'® African
Genome Resources,'”'® or Trans-Omics for Precision Medicine Project'® (Table S2, related to Figure 1). The COGENT Kidney Con-
sortium analysis plan distributed to studies is provided below.

The 2009 CKD-EPI equation®®?" was used to calculate eGFR from serum creatinine (mg/dL) to be consistent with recently-pub-
lished studies.'®?” Sex-stratified eGFR residuals were obtained after adjustment for age and other study-specific covariates
(Table S2), and subsequently transformed using inverse rank normalization (IRN). Association with IRN eGFR was evaluated via linear
regression, separately in males and females, under an additive model using allele dosage. Analyses accounted for structure (popu-
lation 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 (ji) incorporating a random effect for the GRM
in a mixed model (Table S2). SNVs with poor imputation quality (info/r? < 0.3) and/or minor allele count <5 were excluded. Sex-strat-
ified study-level association summary statistics (p-values and standard error of allelic effects) were corrected for residual structure,
not accounted for in the regression analysis, by means of genomic control’® if the inflation factor was >1 (Table S2). In a subset of
studies, we repeated our analyses using the 2021 CKD-EPI equation®® and compared allelic effect sizes between the two equations.

COGENT Kidney Consortium analysis plan provided to studies

If your study includes multiple ancestry groups, please conduct analyses separately for each ancestry group. All analyses should be
sex-stratified.

Phenotype

Estimated glomerular filtration rate: eGFR (ml/min/1.73m?). Use the 2009 CKD-EPI (Chronic Kidney Disease Epidemiology Collabo-
ration) equation from serum creatinine measures, which is expressed as a single equation and calculated as follows:

If female and Scr <0.7 then eGFR = 144 x (SCr/0.7)"%29 x 0.993"9° [x 1.159 if black]

If female and Scr >0.7 then eGFR = 144 x (SCr/0.7)~"2%° x 0.993%9° [x 1.159 if black]

If male and Scr <0.9 then eGFR = 141 x (SCr/0.9) %41 x 0.993"9° [x 1.159 if black]

If male and Scr>0.9 then eGFR = 141 x (SCr/0.9) 2% x 0.9939 [x 1.159 if black]

SCr is serum creatinine (mg/dL). To convert SCr from umol/L to mg/dl, divide by 88.4. Age is in years. Do not use the constant for
black unless for African Americans. Creatinine calibration: if SCr was measured using a Jaffé assay before 2009, then multiply SCr
mg/dl by 0.95 before including in the equation.

Genotypes

We recommend prephasing and imputation using the University of Michigan Imputation Server (https://imputationserver.
readthedocs.io/en/latest/). For all analyses, use SNP dosage after imputing up to one of the following reference panels: 1000 Ge-
nomes Phase 3 (all ancestries); TOPMed; population-specific whole-genome sequence. Please do not filter SNPs on the basis of
allele frequency or imputation quality before association analysis.

Association analysis

Within each sex, obtain eGFR residuals after adjustment for age and other study-specific covariates (but not principal components
for population structure) and then perform inverse rank normalization. To test for association, under an additive genetic model, either
use a linear model (unrelated individuals only) or a linear mixed model with a random effect for the genetic relationship matrix. Include
principal components as covariates to account for population structure, as appropriate.

Preparing association summary statistics

To minimize the burden on analysts, we request upload of the output directly from the association analysis software (e.g., SNPTEST,
BOLT-LMM) after removing monomorphic SNPs. Please provide filenames that include the following information: sex, ancestry, and
analysis date. Please ensure that the following information is included (or can be derived) in the files: SNP ID (as per reference panel),
chromosome and position; effect allele and other allele; beta (effect size of the effect allele) and corresponding standard error;
p-value for association (please do not apply genomic control correction); effect allele frequency; imputation quality score (info or
). If possible, please provide beta and standard error to at least five decimal places, and the association p-value to at least two-
significant figures.

Multi-ancestry (AFR+AMS) GWAS meta-analysis

We considered autosomal biallelic SNVs that overlap the 1000 Genomes Project reference panel (phase 3, October 2014 release
and the Haplotype Reference Consortium reference panel.'® The Haplotype Reference Consortium panel includes re-sequenced
samples from the 1000 Genomes Project reference panel. For these overlapping samples between reference panels, we compared
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their alternate allele frequency in the two panels. We then excluded SNVs that differed in allele frequency by >20% when comparing
these two panels. We aggregated sex-stratified allelic effect estimates across GWAS via inverse-variance weighted fixed-effects
meta-analysis using METAL.*” We corrected meta-analysis association summary statistics (p-values and standard error of allelic ef-
fects) for inflation due to residual structure between GWAS by genomic control adjustment.“®

Combined meta-analysis

We performed a combined meta-analysis by aggregating association summary statistics from the multi-ancestry (AFR+AMS) GWAS
meta-analysis with those from two additional resources: (i) an African American GWAS in 57,336 individuals from the Million Veteran
Program??; and (i) a meta-analysis of additional AMS GWAS in 5,010 individuals from a prior COGENT-Kidney Consortium publica-
tion'" (Table S3, related to Figure 1). We conducted fixed-effects meta-analysis using Stouffer’s method, implemented in METAL,*’
because different approaches to eGFR transformation were used in the additional resources, and effect estimates were therefore not
on the same scale. SNVs not reported in at least one of the additional resources were excluded to ensure signals were associated
across multiple studies. Allelic effects were aligned to the eGFR decreasing allele. In total, the combined meta-analysis included
145,732 individuals.

African American GWAS from the Million Veteran Program

We obtained summary statistics of the Million Veteran Program eGFR GWAS from dbGap. Briefly, individuals were genotyped with a
custom Affymetrix Axiom Biobank array, with sample and SNV QC previously described.?? Briefly, after pre-phasing with Eagle2,*®
individuals were imputed to the 1000 Genomes Project reference panel (phase 3, October 2014 release)'® using minimac3.*° The
2009 CKD-EPI equation®®?" was used to calculate eGFR from serum creatinine (mg/dL). Individuals were stratified according to
presence/absence of diabetes and hypertension. Within each stratum, association eGFR was evaluated via linear regression using
SNPTEST®® under an additive model in the dosage of the minor allele, with adjustment for age, age,2 sex, body mass index, and ten
principal components derived from the GRM to account for population structure. SNVs with poor imputation quality (info <0.4) were
excluded. Allelic effect estimates for eGFR were aggregated across strata via inverse-variance weighted fixed-effects meta-analysis
using METAL.*” Association summary statistics (p-values and standard error of allelic effects) were corrected for residual structure,
not accounted for in the regression analysis, by means of genomic control.*®

Meta-analysis of AMS GWAS from the COGENT-Kidney Consortium

Using GWAS data from our prior publication, we considered only those studies that did not overlap with those contributing to the
current multi-ancestry GWAS meta-analysis. Briefly, individuals were assayed with a range of GWAS genotyping arrays, with sample
and SNV QC undertaken within each study (Table S3, related to Figure 1). Individuals were then pre-phased and imputed up to the
1000 Genomes Project reference panel (phase 1, March 2012 release).”’ The four variable Modification of Diet in Renal Disease
(MDRD) equation®*°® was used to calculate eGFR from serum creatinine (mg/dL). Association with eGFR was evaluated via linear
regression under an additive model in the dosage of the minor allele, with adjustment for study-specific covariates to account for
population structure. SNVs with poor imputation quality (info <0.4, r* < 0.3) were excluded. Association summary statistics (p-values
and standard error of allelic effects) were corrected for residual structure, not accounted for in the regression analysis, by means of
genomic control“® if the inflation factor was >1 (Table S3, related to Figure 1). Finally, allelic effect estimates for eGFR were aggre-
gated across GWAS via inverse-variance weighted fixed-effects meta-analysis using METAL.*’

Locus and lead SNV definition

We initially selected lead SNVs attaining genome-wide significant evidence of association (P < 5x10~8) in the combined meta-anal-
ysis that were separated by at least 500kb. Loci were first defined by the flanking genomic interval mapping 500kb up- and down-
stream of lead SNVs. Then, where lead SNVs were separated by less than 1Mb, 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. A locus was considered novel if
no previously reported lead SNVs for eGFR at genome-wide significance mapped within the locus boundaries. Effect allele fre-
quencies for lead SNVs were obtained from the 1000 Genomes Project reference panel (phase 3, October 2014 release)'® using
AFR, AMS, and European ancestry haplotypes. For each locus, LD between the lead SNVs from the combined meta-analysis and
those reported in the largest published eGFR meta-analysis ' were obtained from the 1000 Genomes Project reference panel (phase
3, October 2014 release)'® using AFR and AMS haplotypes.

Integration of epigenomic data resources with eGFR associations

We used FORGE2?* to perform functional overlap analysis of the 1,000 SNVs with the strongest eGFR associations (smallest
p-values) from the combined meta-analysis across DNase | hotspots from the Roadmap Epigenomics Consortium.>* To evaluate
whether the observed enrichment was consistent and robust, FORGE2 performed analysis across multiple replicate samples, obtain-
ing a significant enrichment for at least 10 replicate samples in each kidney tissue. Analyses were repeated using the 5,000 SNVs with
the strongest eGFR associations from the combined meta-analysis. We then performed TF motif analysis using data from JASPAR,
UNIPROT, Taipale, and TRANSFAC databases for the SNVs underlying FORGEZ2 tissue-specific enrichment signal for kidney. To do
this, we used the FORGE2-TF**?° to identify the most important TF motifs associated with our DNase | hotspot enrichment. We then
applied AmiGO2/PANTHER analysis to evaluate pathways associated with significant TF motifs.
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Tissue expression analysis

To test the relationship between highly expressed genes in a specific tissue and eGFR associations from the combined meta-anal-
ysis, we conducted gene-property analysis using average expression of genes per tissue type as a gene covariate using FUMA.?%2°
For 53 specific tissue types from GTEx version 8,°” gene expression values were log, transformed per tissue type (winsorized at 50).
MAGMA was performed using the results of gene-level analyses (gene-based p-values), and a one-sided test conducted with con-
ditioning on average expression across all tissue types. We used the default gene annotation window size of Okb upstream and
downstream. We conducted separate analyses using LD from AFR and AMS haplotypes from the 1000 Genomes Project reference
panel (phase 3, October 2014 release).'®

Fine-mapping causal variants driving eGFR associations

For each locus attaining genome-wide significance in the combined meta-analysis, we localised causal variants driving the eGFR
association through multi-ancestry fine-mapping. Within each locus, we approximated the Bayes’ factor, /;, in favor of eGFR asso-
ciation of the j th SNV using summary statistics from the combined meta-analysis, given by

Z¢ — log(N;)

A; = exp |- 5

)

where Z; is the association Z score and N; is the total sample size.>® The posterior probability for the j th SNV was then given by mj o< Aj.
We derived a 99% credible set®® for the eGFR association signal by: (i) ranking all SNVs according to their posterior probability mj; and
(i) including ranked SNVs until their cumulative posterior probability attains or exceeds 0.99.

Correlation of eGFR association signals with eQTLs in kidney and blood

We cross-referenced SNVs in the 99% credible set driving each eGFR association signal against significant eQTLs derived from:
(i) kidney tissue samples from individuals of European ancestry from the Human Kidney Tissue Resource (HKTR) and The Cancer
Genome Atlas (TCGA)***"; and (i) whole-blood from AFR and AMS individuals from the Genes-Environments and Admixture in Latino
Asthmatics (GALA Il) study and the Study of African Americans, Asthma, Genes, and Environments (SAGE).*?.

The HKTR includes 478 kidney tissue samples from moleculAr analysis of the TRANScriptome of renal human TissuE Study
(TRANSLATE)®” and its extension (TRANSLATE-T)*® human kiDney-Manchester renal tlssue pRojEct (ADMIRE),*® moleculaR anal-
ysis of mEchanisms regulating gene exPression in post-ischAemic Injury to Renal allograft (REPAIR), and Renal gEne expreSsion and
PredispOsition to cardiovascular and kidNey Disease (RESPOND) studies.**>° In addition, 91 “control” kidney tissue samples from
TCGA®" were included in the analysis. In brief, kidney specimens were secured from cancer-unaffected renal tissue after nephrec-
tomy or from kidney biopsy preceding the transplantation, as reported previously.>° DNA and RNA were extracted and processed as
reported in prior publications®®°? Genotype imputation into the Human Kidney Tissue Resource and TCGA were carried out sepa-
rately on the Michigan Imputation Server*® using 1000 Genomes Project Phase 3 data'® as the reference panel applied to all geno-
typed variants that passed quality control. Minimac4’® was used to perform imputations with the default phasing software Eagle
v.2.4. We excluded variants with duplicate genomic locations, imputation score <0.40, MAF <1%, or HWE p < 10~° at the post-impu-
tation quality control level. The eQTL analysis was conducted using FastQTL.%° The normalised expression of each kidney gene was
regressed against alternative allele dosage, age, sex, source of tissue indicator (nephrectomy/kidney biopsy), the top three principal
components derived from genotyped autosomal variants, 120 hidden factors estimated using probabilistic estimation of expression
residuals (PEER) factors®! and seven kidney cell-type proportions deconvolved from statistically normal kidney cells from the single
cell dataset®” and the MuSiC R package.®® Only variants in cis (within 1Mb of the transcription start site of a gene) were included in the
kidney eQTL analysis.

We considered whole-blood gene expression using whole-genome and RNA sequencing data from 2,733 African Americans,
Puerto Ricans and Mexican Americans from GALA Il and SAGE. Details of the data generation, processing, quality control, and
eQTL analysis have been previously reported.®> We focused on cis-eQTLs (within 1Mb of the transcription start site of a gene)
that identified in subsets of 721 participants with >50% AFR ancestry and 610 participants with >50% AMS ancestry.
FastQTL®® was used to process raw gene counts and identify eQTLs, according to the GTEx v8 pipeline (https://github.com/
broadinstitute/gtex-pipeline), adjusting for age, sex, asthma status, the first five genetic ancestry principal components and
PEER factors®' as covariates.

For both resources, significant eQTLs were defined by FDR <5%. For each eGFR locus for which the credible set overlapped with a
significant eQTL, we assessed LD between the lead eGFR SNV and the lead eQTL SNV using African, American and European
ancestry haplotypes from the 1000 Genomes Project reference panel (phase 3, October 2014 release).'® We defined correlation be-
tween the eGFR association signal and eQTL only if the LD between lead SNVs was strong (% > 0.8) in all three ancestry groups.

Transcriptomic analyses and eQTL identification in the Multi-Ethnic Study of Atherosclerosis (MESA)

RNA was extracted using a Trizol protocol from cryopreserved PBMCs, which were isolated from baseline study visit (exam 1) blood
samples. RNA sample quality was assessed using RNA Integrity Number (RIN, Agilent Bioanalyzer) prior to shipment to sequencing
centers. All blood laboratory work was performed at the University of Vermont. The RNA was sequenced at the Broad Institute
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(n=580) and at the Northwest Genomics Center (NWGC; n = 583) using harmonized protocols. RNA Quality Control was repeated at
the sequencing centers by RIN analysis at the NWGC and by RNA Quality Score analysis (RQS, Caliper) at the Broad Institute. A min-
imum of 250ng RNA sample was required as input for library construction, performed using the lllumina TruSeqTM Stranded mRNA
Sample Preparation Kit (polyA selection). RNA was sequenced as 2x101bp paired-end reads on the lllumina HiSeq 4000 according to
the manufacturer’s protocols. Target coverage was of >40M reads.

Comprehensive information about the RNA-seq pipeline used for TOPMed can be found in https://github.com/broadinstitute/
gtex-pipeline/blob/master/TOPMed_RNAseq_pipeline.md under MESA RNA-seq pilot. Briefly, reads were aligned using STAR®
and transcript-level expected counts quantified using RSEM v1.3.0.%° Additional QC checks were performed for sample swaps
(RNA-seq vs. VCF fingerprinting) and expression-based sex checks (XIST and RPS4Y1 genes). Post-QC there were 461 (Broad)
and 511 (UW) transcriptomes available for analysis. Mapping of eQTLs was performed using tensorQTL,?® separately in each
ancestry group. The cis-gene mapping interval was set to +/—1Mb of the transcription start site (TSS) and variants with MAF
>1% in MESA TOPMed samples were included. The MESA genotypes were taken from the main TOPMed whole genome
sequencing program described elsewhere. To control for population stratification, TOPMed program genotype PCs 1-11,
sequencing center, and PEER factors®' were included as covariates to control for both technical and biological variation. A correction
for multiple testing used an empirical null association distribution derived from 10,000 permutations which was to calculate gene-
level g-values®” with a fixed p-value interval for the estimation of pi_0 (the ’lambda’ parameter was set to 0.85). Significant eQTLs
were defined by FDR <5%.

Heterogeneity due to ancestry and sex

For studies contributing to the multi-ancestry (AFR+AMS) meta-analysis, we used meta-regression, implemented in MR-MEGA,*® to
model allelic effect heterogeneity due to genetic ancestry and sex. We constructed a distance matrix of mean effect allele frequency
differences between each pair of GWAS across a subset of 386,563 SNVs reported in all studies. We implemented multi-dimensional
scaling of the distance matrix to obtain two principal components that defined axes of genetic variation to separate AFR and AMS
GWAS. For each SNV, we modeled allelic effect estimates across GWAS via linear regression, weighted by the inverse of the variance
of the effect estimates, incorporating the two axes of genetic variation and sex as covariates. We tested for heterogeneity in allelic
effects on eGFR between GWAS that is: (i) correlated with genetic ancestry; and (i) due to sex. We also tested for residual allelic effect
heterogeneity between GWAS that was not accounted for by genetic ancestry or sex. For lead SNVs identified in the combined meta-
analysis, we tested for evidence of enrichment in heterogeneity by means of a binomial test.

Ancestry-specific GWAS meta-analyses

We conducted AFR- and AMS-specific meta-analyses. For each ancestry, we aggregated sex-stratified allelic effect estimates
across GWAS via inverse-variance weighted fixed-effects meta-analysis using METAL.*” We corrected meta-analysis association
summary statistics (p-values and standard error of allelic effects) for inflation due to residual structure between GWAS by genomic
control adjustment.*®

Sex-specific GWAS meta-analyses

For each sex, we aggregated sex-specific allelic effect estimates across GWAS via inverse-variance weighted fixed-effects meta-
analysis using METAL.*” We corrected meta-analysis association summary statistics (p-values and standard error of allelic effects)
for inflation due to residual structure between GWAS by genomic control adjustment.*®

Derivation and testing of eGFR polygenic scores across population groups

We selected eight studies as “test GWAS”: AADM, REGARDS, WHI-AA, BIOME-AA, BIOME-HA, HCHS/SOL-MAIN, BAMBUI, and
SHS. For each test GWAS, we repeated multi-ancestry (AFR+AMS) and ancestry-specific meta-analyses, under a fixed-effects
model, after excluding the test GWAS. We also obtained association summary statistics from published European and East Asian
ancestry-specific eGFR GWAS meta-analyses. Within each test GWAS, we selected SNVs overlapping those reported in the
multi-ancestry and ancestry-specific meta-analyses. We used PRS-CS,*" with LD reference aligned to the test GWAS and default
settings, to derive LD-revised allelic effect estimates for each SNV to be used as weights in the polygenic score. LD references
are provided by the PRS-CS software and are obtained from ancestry-specific haplotypes from the 1000 Genomes Project reference
panel (phase 3, October 2014 release).’® For each test GWAS, we then regressed the observed allelic effect estimates at SNVs,
weighted by their corresponding variances, on the weights, as implemented in grs.summary function of the gtx R package.®® We
estimated the percentage of eGFR variance explained, measured by pseudo R?, and p-value for association with the polygenic score.
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