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Trans-ethnic Fine Mapping Highlights
Kidney-Function Genes Linked to Salt Sensitivity
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We analyzed genome-wide association studies (GWASs), including data from 71,638 individuals from four ancestries, for estimated
glomerular filtration rate (eGFR), a measure of kidney function used to define chronic kidney disease (CKD). We identified 20 loci attain-
ing genome-wide-significant evidence of association (p < 5 x 10~®) with kidney function and highlighted that allelic effects on eGFR at
lead SNPs are homogeneous across ancestries. We leveraged differences in the pattern of linkage disequilibrium between diverse popu-
lations to fine-map the 20 loci through construction of “credible sets” of variants driving eGFR association signals. Credible variants at
the 20 eGFR loci were enriched for DNase I hypersensitivity sites (DHSs) in human kidney cells. DHS credible variants were expression
quantitative trait loci for NFATC1 and RGS14 (at the SLC34A1 locus) in multiple tissues. Loss-of-function mutations in ancestral ortho-
logs of both genes in Drosophila melanogaster were associated with altered sensitivity to salt stress. Renal mRNA expression of NfatcI and
Rgs14 in a salt-sensitive mouse model was also reduced after exposure to a high-salt diet or induced CKD. Our study (1) demonstrates the
utility of trans-ethnic fine mapping through integration of GWASs involving diverse populations with genomic annotation from rele-
vant tissues to define molecular mechanisms by which association signals exert their effect and (2) suggests that salt sensitivity might be
an important marker for biological processes that affect kidney function and CKD in humans.

Introduction

Chronic kidney disease (CKD) is a major public health
burden and affects nearly 10% of the global population.’
Reduced estimated glomerular filtration rate (eGFR), a mea-
sure of kidney function used to define CKD, is associated
with premature cardiovascular disease and mortality, acute
kidney injury, and progression to end stage renal disease
(ESRD).? Although individuals of African and Hispanic
descent suffer the largest burden of CKD,® the largest
genome-wide association studies (GWASs) to search for
kidney-function loci have been undertaken in populations

of Furopean and East Asian ancestry.*® Many of these loci
are characterized by common variant association signals
that map to large genomic intervals, which contain
many possible causal genes for eGFR, thereby limiting un-
derstanding of the downstream pathogenesis of CKD.

To address this challenge, we have undertaken a trans-
ethnic meta-analysis of nine GWASs comprising 71,638
individuals from four ancestries (African American, His-
panic, European, and East Asian), each imputed up to
the phase 1 integrated (March 2012 release) multi-
ethnic reference panel from the 1000 Genomes Project’,
from the Continental Origins and Genetic Epidemiology
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Network (COGENT)-Kidney consortium. With these data,
we aimed to (1) assess the evidence for heterogeneity in
allelic effects on eGFR for lead SNPs at kidney-function
loci across ethnic groups; (2) fine-map these loci by taking
advantage of high-density imputation and by leveraging
differences in the pattern of linkage disequilibrium (LD) be-
tween diverse populations to localize “credible sets” of var-
iants driving eGFR association signals; (3) define potential
molecular mechanisms through which eGFR association
signals at these loci impact kidney function through over-
lap of credible variants with genomic annotation; and (4)
assess possible markers for biological processes that impact
kidney function and CKD in humans through targeted
experimentation in model organisms.

Subjects and Methods

Ethics Statement

All human research was approved by the relevant institutional
review boards and conducted according to the Declaration of Hel-
sinki. All participants provided written informed consent.

Study Overview

We aggregated five GWASs of individuals of European ancestry
(23,553 individuals from Europe, the USA, and Australia), two
GWASs of Hispanic Americans (16,325 individuals from the
USA), one GWAS of individuals of East Asian ancestry (23,536
individuals from Japan), and one GWAS of African Americans
(8,224 individuals from the USA). Study sample characteristics
are presented in Table S1.

Genotyping, Quality Control, and Imputation

Samples were genotyped with a variety of GWAS arrays, and qual-
ity control was undertaken within each study (Table S2). Sample
quality control included exclusions on the basis of genome-wide
call rate, extreme heterozygosity, sex discordance, cryptic related-
ness, and outlying ethnicity. SNP quality control included exclu-
sions on the basis of call rate across samples and extreme deviation
from Hardy-Weinberg equilibrium. Non-autosomal SNPs were
excluded from imputation and association analysis.

Within each study, the autosomal GWAS genotype scaffold
was first pre-phased'*'! with genetic maps from the International
HapMap Consortium'” to model recombination rates. The scaffold
was then imputed up to the phase 1 integrated (March 2012 release)
multi-ethnic reference panel from the 1000 Genomes Project’
via IMPUTE2'""* or MaCH/Minimac'' (Table S2). Imputed vari-
ants were retained for downstream association analyses if they
attained established GWAS quality control thresholds:'* IMPUTE2
info > 0.4 or MaCH/Minimac r* > 0.3.

Calculation of eGFR and Association Analysis

Within each study, eGFR was calculated from serum creatinine
(mg/dL), with adjustment for age, sex, and ethnicity by means
of the four-variable MDRD (modification of diet in renal disease)
equation’® to be comparable with published GWASs of kidney
function.*® Within each study, we tested association of eGFR
with each variant passing quality control in a linear regression
framework under an additive dosage model and with adjustment
for study-specific covariates to account for confounding due to

population structure (Table S2). Association summary statistics
were subsequently corrected in each study for residual population
structure through a first round of genomic control'® where neces-
sary (Table S2).

Trans-ethnic Meta-analysis

Association summary statistics were combined across studies via
fixed-effects meta-analysis (inverse-variance weighting) imple-
mented in the GWAMA software.!” Variants passing quality con-
trol in fewer than 50% of the total sample size across studies
were excluded from the meta-analysis. Association summary sta-
tistics from the meta-analysis were then corrected for a second
round of genomic control'® (Agc = 1.028). Heterogeneity in allelic
effects between studies at each variant was assessed by means of
Cochran’s Q statistic.'® We extracted association summary statis-
tics for eGFR from the trans-ethnic meta-analysis for previously
reported lead SNPs at established GWAS loci.

LD Calculations

LD, as measured by the correlation coefficient 2, was calculated
on the basis of haplotypes in each ancestry group from the 1000
Genomes Project’ via LDlink."’

Conditional Analyses

To assess the evidence for distinct association signals at each locus
attaining nominal significance (pconp < 10~°, Bonferroni correc-
tion for ~5,000 variants per locus) in our trans-ethnic meta-anal-
ysis, we performed conditional analysis in a 1 Mb genomic interval
flanking the lead SNP. Within each study, we tested association of
eGFR with each variant passing quality control in the flanking re-
gion in a linear regression framework under an additive dosage
model and with adjustment for genotypes at the lead SNP, in addi-
tion to other study-specific covariates used in unconditional anal-
ysis (Table S2). Association summary statistics were subsequently
corrected in each study for residual population structure, via the
same genomic control'® correction employed for unconditional
analysis (Table S2). These association summary statistics were
combined across studies via fixed-effects meta-analysis (inverse-
variance weighting) implemented in GWAMA.'” Variants passing
quality control in less than 50% of the total sample size across
studies were excluded from the meta-analysis. Association sum-
mary statistics from the conditional meta-analysis were then
corrected for a second round of genomic control,'® making use
of the same adjustment as defined in the unconditional analysis
(Agc = 1.028).

Association with CKD

We defined CKD by an eGFR < 60 mL/min/1.73 m? (calculated
with the MDRD equation defined above) and/or incidence of
ESRD, if available. Any individual who was prospectively initiated
on dialysis or received a kidney transplant (self-reported or ob-
tained from medical records or registries) was defined as having
ESRD. Individuals who did not develop ESRD at follow-up were
considered control subjects. We considered the lead eGFR SNP
identified at each locus attaining genome-wide significance in
our trans-ethnic meta-analysis. Within each study, we tested asso-
ciation of CKD with each SNP in a logistic regression framework
under an additive dosage model and with adjustment for study-
specific covariates to account for confounding due to population
structure (Table S2). Association summary statistics were com-
bined across studies via fixed-effects meta-analysis (sample size
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and inverse-variance weighting) implemented in METAL?" and
GWAMA."

Association with eGFR in Diabetic Individuals from
the SUMMIT Consortium

We considered the lead eGFR SNP at each locus attaining genome-
wide significance in our trans-ethnic meta-analysis. We performed
alook-up of association summary statistics for eGFR in 13,158 sub-
jects with diabetes (9,197 with type 2 diabetes [T2D] and 3,961
with type 1 diabetes [T1D]) from five studies of individuals of
European ancestry from the SUMMIT Consortium. Within each
study, the outcome variable was defined as the last measured
eGFR, calculated with the MDRD equation (defined above). Each
study was imputed up to the phase 1 integrated (March 2012
release) multi-ethnic reference panel from the 1000 Genomes
Project.” Estimated allelic effects on eGFR were obtained from a
linear mixed model and implemented in EMMAX?' with an
empirical genetic relationship matrix, assuming an additive
dosage of the minor allele and including sex, age at diabetes onset,
and duration of diabetes as covariates. Association summary statis-
tics for eGFR were combined across studies via fixed-effects meta-
analysis (inverse-variance weighting) implemented in GWAMA.'”
Combined allelic effect estimates across studies were reported for
T1D and T2D subjects, both separately and for all diabetic individ-
uals combined. Heterogeneity in allelic effects between T1D and
T2D subjects at each variant was assessed by means of Cochran’s
Q statistic,'® as implemented in GWAMA."’

For lead SNPs, we tested for a difference in the allelic effect on
eGFR in the general population (from our trans-ethnic meta-anal-
ysis) and in diabetic indivuduals (combined T1D and T2D from
the SUMMIT Consortium) by using a two-sample Z-test.

MANTRA Fine Mapping and Credible Set
Construction
We performed trans-ethnic fine mapping of each locus in a 1 Mb
genomic interval flanking the lead SNP. Association summary sta-
tistics for each variant in the flanking region were combined across
studies with a Bayesian hybrid of fixed- and random-effects meta-
analysis, as implemented in MANTRA.”> MANTRA allows for
heterogeneity in allelic effects between ancestry groups arising as
a result of differences in the structure of LD between diverse pop-
ulations by assigning studies to clusters according to a Bayesian
partition model of relatedness between them, defined by pairwise
genome-wide mean allele frequency differences (Figure S1).
MANTRA has been demonstrated, both empirically and by simula-
tion, to improve fine-mapping resolution, as compared to either a
fixed- or random-effects meta-analysis.”*~>* Variants passing qual-
ity control in less than 50% of the total sample size across studies
were excluded from the fine-mapping analysis.

We calculated the posterior probability that the j'! variant, TS,
is driving the association signal at each locus by

-4

g = Zk Ak’

where the summation is over all variants in the flanking interval.
In this expression, 4; is the MANTRA Bayes factor in favor of
association from the trans-ethnic meta-analysis. For each distinct
association signal, a 99% credible set®® was then constructed by (1)
ranking all variants according to their Bayes factor, 4, and (2)
including ranked variants until their cumulative posterior proba-
bility exceeds 0.99.

Genomic Annotation

For each locus attaining genome-wide significance in our trans-
ethnic meta-analysis, we obtained genomic annotations of all sin-
gle-nucleotide variants in a 1 Mb interval flanking the lead SNP.
We utilized the Ensembl Variant Effect Predictor (VEP, version
2.7), based on the Ensembl transcript set (version 69). By default,
the VEP reports all possible annotations (transcript- and gene-spe-
cific) for each variant. We therefore prioritized annotations by
considering the most severe consequence of all those reported.
We then calculated the total posterior probability of driving asso-
ciation signals for each consequence across loci.

Regulatory Annotation

We collected genomic annotations from three sources. First, we ob-
tained regulatory chromatin states from the Epigenome Roadmap
Project®® for 93 cell types after removing five cancer cell lines. For
each cell type, we pooled enhancer (EnhA and EnhWk) and pro-
moter (TssA and TssFInk) elements into one annotation. Second,
we obtained 145 non-redundant DNase I hypersensitivity sites
(DHSs) from the ENCODE Project®” by retaining only one dataset
for cell types with multiple assayed samples. Third, we obtained
chromatin immuno-precipitation sequence (ChIP-seq) binding sites
for 165 transcription factors: 161 proteins from the ENCODE Proj-
ect?” and additional factors assayed in primary pancreatic islets.”®
This resulted in a total of 403 annotations for downstream enrich-
ment analyses. For each annotation, we considered variants passing
quality control and mapping within 1 Mb of the lead SNP attaining
genome-wide significance in the trans-ethnic meta-analysis.

We first tested the effect of each annotation on the log odds of
the posterior probability of driving eGFR association signals in a
logistic regression model. For each variant, we encoded overlap
with the tested annotation as a binary indicator (1 if variant over-
laps annotation, 0 otherwise). The regression model also incorpo-
rated binary indicators of genic annotations as covariates, as well
as a categorical variable for locus membership. Specifically,

10git(ﬂc;) = a;Ljj + BxXjx + Y3utRXj3UTR T Y5UTRYj5'UTR + YEXONYEXON

+ Y1ssXjTss

where 7¢; is the posterior probability that the j variant drives the
eGFR association; «; denotes an intercept for the it locus and Ljis
a binary indicator of membership of the j™ variant in the i locus;
B denotes the effect of the k™ annotation and xy;is a binary indicator
of overlap of the /" variant with the k" annotation; and vz urg,
Y5 UTR YEXON and yrss denote the effects of 3' UTRs, 5’ UTRs, coding
exons, and the region within 1 kb upstream of GENCODE transcrip-
tion start site (TSS) annotations, respectively, and ;3 utr, Xjs' UTr,
Xjexon and X;rss are binary indicators of overlap of the i‘h variant
with these annotations. The SE of the effect of the k™ annotation,
Bk, was evaluated with a robust sandwich variance estimator.

Using fGWAS software, we then tested for the effect of each
annotation by using the Bayes factor in favor of association.?’
We included coding exons, 3’ UTRs, 5 UTRs, and the region
within 1 kb upstream of the TSS in the model for each annotation.
We obtained the estimated effect and 95% confidence interval (CI)
from this model and considered an annotation enriched if the
95% CI did not overlap zero.

Drosophila melanogaster Salt-Sensitivity Assay
Four y'w! virgin females were mated with two males each of the
genotypes y'wl/Y, y'wl/Y; loco®™?83/TM3 Sb or y'w!/Y; loco™°1%*
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in rearing vials on standard cornmeal/yeast/molasses food (pre-
pared in a central kitchen at University of Texas Southwestern
Medical Center). The y'w! isogenic control, in which all loci
had been previously homozygosed, and to which loco mutants
had been backcrossed for six generations, were obtained from
Dr. Yongkyu Park (Rutgers New Jersey Medical School).>” Sepa-
rately, to obtain highly heterozygous progeny (heterogenic), vir-
gin females from the A.R.R. lab’s wBerlin strain were mated with
males of genotypes y'w!/Y, y'w!/Y; loco®""?%3/TM3 Sb or y'w!/Y;
loco™°1%% as above. Adults were cleared from rearing vials on
rearing day eight. Ten female progeny from each vial were
collected within 1-3 days of eclosion and placed on food
containing various concentrations of added NaCl. Fach experi-
mental vial contained flies from a single rearing vial. The number
of dead flies in each vial was counted daily. Flies were transferred
to fresh medium after day five, and again after day ten for the
heterogenic flies. For each concentration of experimental me-
dium, 225 g Applied Scientific Jazz-Mix Drosophila Food (Fisher,
cat. no. AS-153) was added to 500 mL deionized water with con-
stant stirring. Flasks were then placed on a hot plate at 350°C
with constant stirring and heated to a slow boil (about 20-
25 min). The heat was then turned off, 4M NaCl was added
to achieve varying concentrations of added NaCl, and total
volume adjusted to 900 mL with deinonized water. Medium
was dispensed in 3-4 mL aliquots in polystyrene vials. All crosses
and assays were performed at room temperature (~22°C-23°C)
and ambient humidity.

We estimated the effect of the mutations on salt sensitivity by
applying a Cox proportional hazards model on the fly survival
data. The outcome was survival time, and at the end of the
follow-up period, all living flies were censored. The data for each
genetic background (heterogenic or isogenic) and NaCl concentra-
tion were analyzed separately. We estimated the effect on the haz-
ard ratio of genotype (each mutation versus control as baseline).
To account for intra-vial correlation, we used robust sandwich
variance estimators in a generalized estimating equation (GEE)-
like model that treats members of each vial as associated with a
single cluster. Analyses were performed with the R “survival”
package.

Mouse Renal Expression Study

12986 mice were purchased from Taconic Biosciences and were
maintained on a 12 hr light-dark cycle with free access to standard
chow and water in the animal facility of the University of Virginia.
Only male mice at 12 weeks of age were used. High-salt diet (HSD,
6% NaCl) in pellets was purchased from Harlan Teklad and admin-
istered in place of normal chow for two weeks. Experiments were
carried out in accordance with local and NIH guidelines. To induce
CKD, mice were subjected to sub-total nephrectomy (Nx) under
1.5% isoflurane anesthesia, the right kidney was removed, and
the upper branch of the two main branches of the left renal artery
were ligated to impede blood supply to the upper half of the kid-
ney as previously reported.*!

Renal mRNA was extracted at the end of 2 weeks of HSD, or at
12 weeks after sub-total Nx. Real-time RT-PCR was performed
as previously described®” with the primers listed in Table S3.
Fluorescence detection was accomplished with Sybr Green and
the iCYcler system (Bio-Rad). mRNA expression was normalized
against mRNA expression of the Hprt housekeeping gene, and
the mean at baseline was used as the reference for determination
of relative expression across conditions.

Results

Identification of Loci Associated with Kidney
Function across Ancestry Groups

We identified 20 loci attaining genome-wide-significant
evidence of association with eGFR (p < 5 X 1078 in
trans-ethnic meta-analysis (Table 1, Figure S2). These loci
have been previously reported in ethnic-specific GWASs
of individuals with European and East Asian ancestry* ®®
(Table S4). They include two loci discovered in a recently
published meta-analysis of European ancestry GWASs:
LRP2 (IMIM: 600073] 1557989581, p = 5.6 x 107'°) and
NFATC1 ([MIM: 600489] rs8096658, p = 1.3 x 10~®). Pre-
viously reported lead SNPs at an additional 21 established
kidney-function loci attained nominal evidence of associa-
tion (p < 0.05) with eGFR, with consistent direction of
effect (Table S4).

As expected, lead SNPs were common across ancestry
groups at all 20 loci, with each displaying modest effects
on eGFR (Table S5). Despite substantial variability in allele
frequencies between ancestry groups, we observed no evi-
dence of trans-ethnic heterogeneity in allelic effects on
eGFR for any lead SNP (Table 1, Table S5). Through condi-
tional analyses (Table S6), we observed no evidence of mul-
tiple distinct signals of association for eGFR at any locus
(Pconp < 1075, Bonferroni correction for ~5,000 variants
per locus). Taken together, these data are consistent with
a single variant driving association signals in each locus;
each variant is shared across ancestry groups and has
homogeneous effects on eGFR in diverse populations.
However, we recognize that larger multi-ethnic samples
will be required to detect lower frequency, population-spe-
cific distinct association signals of modest effect on kidney
function.

Impact of Lead eGFR SNPs on CKD and Kidney
Function in Diabetic Individuals

We assessed the impact on CKD of lead SNPs at the 20
eGFR loci in a subset of individuals (up to 3,976 cases
and 55,904 controls) contributing to our trans-ethnic
meta-analysis (Table S7). We defined CKD by eGFR <
60 mL/min/1.73 m? and/or incidence of ESRD. For all 20
lead SNPs, the eGFR-decreasing allele was associated with
increased risk of CKD. Eleven of the lead SNPs demon-
strated evidence of association with CKD at nominal sig-
nificance (p < 0.05), and the strongest signals were
observed at UNCX (rs62435145, p = 2.2 x 1077), ALMS1
(IMIM: 606844] 157587577, p = 3.1 x 10~°), and PDILT-
UMOD ([MIM: 191845] 1577924615, p = 4.0 x 10°°).

We also investigated the impact of the lead SNPs on
eGFR in GWASs of individuals with diabetes for whom
there are different mechanisms for loss of renal function,
such as diabetic nephropathy. We obtained association
summary statistics for eGFR in 13,158 subjects of European
ancestry with diabetes (9,197 with T2D and 3,961 with
T1D) from the SUMMIT Consortium (Table S8). Consistent
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Table 1. Loci Attaining Genome-wide-Significant Evidence of Association (p < 5 x 10~®) with eGFR in Trans-ethnic Meta-analysis of 71,638
Individuals
Alleles Trans-ethnic Meta-analysis

Position Cochran’s Q
Locus Lead SNP Chr (bp, b37) Effect” Other Beta SE p Value p Value N
SLC43A1 1s35716097 5 176,806,636 T C -1.097 0127 23x10°Y7 0.13 71,638
SHROOM3 1s5020545 4 77,414,988 T C -0.969 0.119 1.3 x 10" 0.010 71,638
PDILT-UMOD 1877924615 16 20,392,332 G A -1.185 0.147 1.7 x 107 0.011 71,638
UNCX 1562435145 7 1,286,567 T G -1.092 0137 47 x10°" 0.17 59,865
GCKR 1s1260326 2 27,730,940 C T -0.872 0.114 6.1 x 107" 0.069 71,638
BCAS3 159895661 17 59,456,589 C T -1.003 0.132 79x 10 0.19 71,638
SPATASL1-GATM 152486288 15 45,712,339 C T -0.883 0.126 4.7 x107'2 0.76 71,638
ALMS1 187587577 2 73,832,786 C T -0.948 0.135 5.2 x107'2  0.098 48,102
CPS1 rs715 2 211,543,055 C T -0.876 0.127 13 x107'' 021 71,638
WDR72 151031755 15 53,951,435 A C -0.860 0.127 2.2 x107'"  0.0013 71,638
PIPSK1B 154744712 9 71,434,707 A C -0.753 0.112 3.3 x 107" 091 71,638
PRKAG2 1510265221 7 151,414,329 C T -0.963 0.146 7.3 x 107" 0.23 71,638
DAB2-C9 chrs: 39,404,526:D 5 39,404,526 D R -0.817 0.126 1.5x107'° 0.80 48,102
LRP2 1s57989581 2 170,194,459 C A -1.980 0315 5.6x107'° 0.16 71,638
SLC22A2 1s316009 6 160,675,764 C T -1.193 0192 1.0x 1077  0.49 71,638
LOC100132354-VEGFA 15881858 6 43,806,609 A G -0.772  0.127 2.0 x 1077 0.0020 71,638
DCDC5-MPPED2 1s963837 11 30,749,090 T C -0.685 0.114 3.7x10°°  0.0034 71,638
NFATCI1 1s8096658 18 77,156,537 G C -0.814 0.141 1.3 x10% 0.015 59,865
PHTF2 1s848486 7 77,552,127 G A -0.643 0.113 20x 1078 0.83 71,638
TFDP2 1s1511299 3 141,716,072 T C -0.727 0131 4.4 x1078 0.55 71,638

“Effect allele is eGFR-decreasing allele.

with previous reports,*** allelic effects on eGFR in diabetic
individuals and our trans-ethnic meta-analysis of individ-
uals from the general population were homogeneous
(Figure S3). There was nominal evidence of association
with eGFR (p < 0.05), with the same direction of effect,
at seven loci, and the strongest signals were observed at
PDILT-UMOD (p = 6.9 x 107°), PRKAG2 ([MIM: 602743]
p = 0.00013) and NFATCI (p = 0.00045).

Fine Mapping of eGFR Loci

We next sought to localize variants driving eGFR associa-
tion signals in each of the 20 loci attaining genome-wide
significance in our trans-ethnic meta-analysis. We utilized
trans-ethnic fine mapping implemented in MANTRA,*
taking advantage of increased sample size and the expecta-
tion that patterns of LD vary between diverse populations.
We derived credible sets of variants*> mapping within
500 kb of the lead SNP at each locus that together account
for 99% of the posterior probability (r¢) of driving the as-
sociation signal (Table S9). Smaller credible sets, in terms of
the number of SNPs they contain, or the genomic interval
that they cover, thus correspond to more precise fine-
mapping. The 99% credible set at the PDILT-UMOD locus

included a single variant (rs77924615, ©tc>0.999), which
maps to an intron of PDILT. This variant has previously
been reported as driving the primary association signal
for CKD at the PDILT-UMOD locus through whole-genome
sequencing and long-range haplotype imputation into
194,286 Icelandic individuals with serum creatinine mea-
surements.** We also observed precise localization, defined
by a 99% credible set including no more than five variants
(Table S10), at a five additional loci: NFATC1 (two variants,
mapping to 0.4 kb), SLC34A1 ([MIM: 182309] two vari-
ants, mapping to 0.6 kb), GCKR ([MIM: 600842] three
variants, mapping to 11.7 kb), DCDC5-MPPED2 ([MIM:
612321, 600911] four variants, mapping to 27.9 kb), and
PIP5SKI1B ([MIM: 602745] five variants, mapping to 3.5 kb).

Integration of Genetic Fine-mapping and Genomic
Annotation

To gain insight into the mechanisms through which asso-
ciation signals at the 20 GWAS loci attaining genome-wide
significance in our trans-ethnic meta-analysis impact
eGFR, we began by obtaining genomic annotations for
all single-nucleotide variants mapping within 500 kb of
lead SNPs. Across all 20 loci, only 5.4% of the posterior
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HDACS8 Binding Sites are Predictive of Posterior Probability of
Driving Association Signals at 20 eGFR Loci

We tested whether genomic annotations of regulatory chromatin
state for 93 cell types, DNase I hypersensitivity sites (DHSs) for 145
cell types, and chromatin immuno-precipitation sequence bind-
ing sites for 165 transcription factors were predictive of posterior
probability of driving eGFR association signals. Each point corre-
sponds to an annotation, plotted according to the effect size
(log-odds ratio for driving association signal) on the x axis and
ranked according to the significance of the association on the
y axis. Significant association (p < 0.00012, highlighted in red)
was defined by Bonferroni correction for 403 tested annotations.
The most significant effects included DHSs in kidney cells (RPTECs
and HRCEs) and binding sites for HDACS.

probability of driving association signals was annotated
to coding variants (Table S11), the majority of which was
accounted for by GCKR p.Pro446Leu (151260326, wc =
0.938). This missense variant has been shown, function-
ally, to result in increased de novo triglyceride and choles-
terol synthesis and export and decreased plasma glucose
concentrations, all of which have been associated with
risk of CKD,**"* making GCKR the likely effector transcript
for eGFR at this locus. However, outside of the GCKR locus,
variants mapping to non-coding sequence accounted for
more than 99.4% of the probability of driving eGFR associ-
ation, suggesting that these signals are most likely to be
mediated by effects on gene regulation.

We next investigated whether genomic annotations of
regulatory chromatin state for 93 cell types,>® DHSs for
145 cell types,?” and ChIP-seq binding sites for 165 tran-
scription factors®’*® were predictive of posterior probabil-
ity of driving association signals across the 20 loci (Figure 1,
Table S12). We observed significant effects (p < 0.00012,
Bonferroni correction for 403 annotations) on posterior
probability for variants in kidney DHSs, including
adult renal proximal tubular epithelial cells (RPTECs; p =
3.4 x 107®), renal cortical epithelial cells (HRCEs; p =
4.7 x1077), and fetal kidney cells (p = 8.8 x 107%). We

also observed significant effects on posterior probability
for transcription-factor binding sites, most notably for
HDACS (p = 1.1 x 10~ '*). Histone deacetylases (HDACs)
are involved in kidney function and development,’” and
HDAC inhibitors could be promising in the treatment of
kidney disease.”® We repeated our analyses by using
fGWAS?? (Figure S4, Table S12) and observed strong corre-
lation in the ranking of enriched annotations (¥ = 0.93).
These results highlight that variants driving association
signals with eGFR are more likely to be co-localized with
annotated elements in kidney cells, thereby suggesting
that gene regulation in disease-relevant tissues is a likely
mechanism by which GWAS loci impact CKD.

Lead SNPs that, by themselves, accounted for more than
80% of the posterior probability of driving association
signals overlapped an enriched annotation at five loci (Ta-
ble S13). In particular, at the SLC34A1 locus, 1535716097
(e = 0.946) overlapped DHSs in RPTECs and HRCEs, as
well as a binding site for HDACS, while at the NFATCI
locus, 1s8096658 (mc = 0.877) overlapped fetal kidney
cell DHSs (Figure S5). At both of these loci, the lead SNPs
were also expression quantitative trait loci (eQTLs) for
NFATC1 and RGS14 (MIM: 602513; at the SLC34A1 locus)
in multiple tissues (Table S13), highlighting these genes as
likely effector transcripts through which eGFR association
signals are mediated. NFATCI plays a central role in induc-
ible gene transcription during immune response and is a
downstream target of the transplant immunosuppression
drug cyclosporine A. RGS14 encodes a member of the regu-
lator of G protein signaling family, which modulates
downstream effects of Ga subunits and has unknown func-
tion in kidneys.

Experimental Data in Model Organisms

To provide insight into the role of NFATC1 and RGS14 (at
the SLC34A1 locus) in kidney physiology, we examined
the function of ancestral orthologs in Drosophila mela-
nogaster. The Drosophila genome encodes a single member
of the NFAT family, and a previous report has demon-
strated that flies with NFAT loss-of-function mutations
have increased salt sensitivity, suggesting a role for this
gene in ionic or osmotic regulation.’” The closest RGS14
ortholog in Drosophila melanogaster is loco, for which
reduced expression is associated with longer lifespan and
stress resistance.’® We thus conducted experiments aimed
at characterizing a role for loco loss-of-function variants
in salt sensitivity. We compared survival of two inde-
pendently derived heterozygous loco mutants ('w;
loco™%1%%/4 and y'w!; loco®¥"?%3/+) with isogenic y'w!
controls after supplementing their diet with varying
NaCl concentrations for 8 days (Figure 2). There was very
little mortality of any of the genotypes on non-NaCl-
supplemented food, indicating no baseline differences
in viability over the time period tested. However, we
observed significantly improved survival of the heterozy-
gous loco mutants over controls on NaCl-supplemented
food (Figure 2, Table S14), thereby indicating a role

The American Journal of Human Genetics 99, 636-646, September 1, 2016 641



loco genotype

mm control 1 D06164/+ EY-P283/+
Isogenic, NaCl OM Isogenic, NaCl 0.2M Isogenic, NaCl 0.3M Isogenic, NaCl 0.4M Isogenic, NaCl 0.5M
1.004 | 1.00 = 1.00 - | 1.004 | 1.004 =i |
| \ e il
0.75 | o075+ ;i 0.75= 0.75+ 0.75
|
0.50+4 i 050" 0.50+ 0.50 0.50+4
0.25+ | 0.25+4 0.25+ a 0.25+ 0.25+
; p<1071®
| p<10"
_ 0.004 0.004 0.004 L 0004 0004 k=
© r T T T T T T T T T T T T T T N T T T T T T T T T
g 0 2 4 6 8 0 2 4 6 8 0 2 4 6 8 0 2 4 6 8 0 2 4 6 8
(g Heterogenic, NaCl OM Heterogenic, NaCl 0.2M Heterogenic, NaCl 0.3M Heterogenic, NaCl 0.4M Heterogenic, NaCl 0.5M
1.00 ~ 1.00-? =4 1.00+ == 1.00= —1 1.00+ B :
. ! | | |
0.75+4 | 0.754 p=6.9x10"° 0.754 6.5x10710 0.75+ - 0.75+4 7‘ ‘
‘ | p=0.00078 p2.0x10%2 | ‘ |
0.504 ‘ 0.50 4 0.50+ 0.50 ‘ 0.504 ‘ ‘
\ b |
0.25+4 | OZS-; 0.25+= 0.25 0.25+ ‘
‘ ‘ \ L p=3.6x10"0| | ‘
0.00 4 | 0004 0.004 0.004 0.004 p=0.84 — |
T T T L T T T T T T T L T T T L T T T L
0 5 10 15 0 5 10 15 0 5 10 15 0 5 10 15 0 5 10 15

Day

Figure 2. Drosophila RGS14 Heterozygous Mutants Are Resistant to Salt Stress

Survival of flies carrying heterozygous loss-of-function mutations in the Drosophila melanogaster RGS14 homolog, loco, was compared to
that of controls of the same genetic background. In the isogenic experiment, all genotypes were backcrossed to the control strain. In the
heterogenic experiment, controls and loco mutants were crossed with the A.R.R. lab’s wBerlin strain to obtain highly heterozygous prog-

eny. Kaplan-Meier plots demonstrated that flies heterozygous for two independently derived loco mutations, loco

EY-P283 d06164
’

and loco

were resistant to salt stress across a range of NaCl concentrations when compared to controls. Cox-proportional hazards p values for each
mutant, compared to those of controls, are presented and are calculated for each genetic background (isogenic or heterogenic) and NaCl
concentration separately. Results are based on 170-200 flies per genotype for each NaCl concentration.

for this gene in resistance to salt stress. To exclude the ef-
fects of inbreeding depression on our findings, we also
repeated our experiments with the same strains on a het-
erogenic background. As expected, the hybrid heterogenic
strains were less salt susceptible than the isogenic strains,
but the loco mutants remained salt-resistant when
compared to controls of a similar genetic background
(Figure 2, Table S14).

To further investigate the role of NFATC1 and RGS14 in
kidney function, we used the 12956 mouse strain that is
salt-sensitive®’ and susceptible to glomerulosclerosis.*’
We compared the renal mRNA expression of Nfatcl and
Rgs14 at baseline versus (1) after a 2-week exposure to
high-salt diet and (2) at 12 weeks after CKD induced by
sub-total nephrectomy. Compared to baseline condition,
Rgs14 was significantly decreased (~75%, p = 0.01) during
high-salt exposure (Figure 3). In the CKD model, Rgs14
expression was also reduced and approached statistical sig-
nificance (p = 0.06). The renal mRNA expression of Nfaicl
was also significantly decreased (~50%, p = 0.03) during
high-salt exposure and trended down in CKD (p = 0.31).
Although we cannot establish cause and effect, these
data illustrate that the expression of both genes is altered
during disease states.

Discussion

We have undertaken a trans-ethnic meta-analysis of GWASs
of eGFR, supplemented by imputation up to the phase 1in-
tegrated (March 2012 release) multi-ethnic reference panel
from the 1000 Genomes Project.” With these high-density
imputed data, we identified 20 loci at genome-wide signifi-
cance for eGFR through trans-ethnic meta-analysis. Despite
improved coverage of low-frequency variation offered by
high-density imputation, lead SNPs were common across
ancestry groups at all 20 of these kidney-function loci.
There was also minimal evidence of trans-ethnic heteroge-
neity in allelic effects on eGFR at lead SNPs at kidney-func-
tion loci, thereby arguing against the “synthetic associa-
tion” hypothesis.*’ It is highly unlikely that eGFR
association signals at these kidney-function loci reflect un-
observed lower frequency causal alleles with larger effects
because (1) rare variants are unlikely to have arisen before
human population migration out of Africa and thus are
not anticipated to be widely shared across diverse popula-
tions”** and (2) LD with these variants is expected to be
highly variable between ethnicities.

Our conditional analyses did not provide evidence for
multiple distinct eGFR association signals, which is
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Figure 3. Relative Renal mRNA Expression of Rgs14 and Nfatc1
Expression of Rgs14 is shown in (A) and Nfatcl in (B). n=5o0r6in
each group. The empty triangle represents the median. According
to the Mann-Whitney test, and compared to the baseline, Rgs14
expression after exposure to a high-salt diet was significantly lower
(p =0.01), and was also lower in CKD (p = 0.06). Nfatc1 expression
after exposure to a high-salt diet was also significantly lower
(p = 0.03) and trended in the same direction in CKD (p = 0.31).

consistent with a single causal variant at each of the 20
eGFR loci. However, we recognize that conditional ana-
lyses evaluate the evidence for residual association at the
locus that cannot be ascribed to the lead SNP and do not
provide a formal frameworKk to test for the presence of mul-
tiple causal variants, for example, that are in strong LD
with each other and reside on the same haplotype. Further-
more, larger sample sizes will be required to detect distinct
association signals defined by common variants of modest
effect or low-frequency variants that might be specific to
particular ethnic groups.

As with most previous GWASs of kidney function, our
study was limited to a single measure of eGFR for each
participant. We also did not adjust for diabetes or hyper-
tension in our analyses given that these conditions
are potential mediators or modifiers of the SNP-eGFR asso-
ciations. However, despite ethnic differences in the preva-
lence of these conditions, we observed no evidence of het-

erogeneity in allelic effects on eGFR between ancestry
groups. Exploration of context-dependent effects should
be considered in future studies, for example, by using
gene-environment interaction or mediation analyses.

Given our observation that eGFR association signals are
shared across ancestry groups, we next sought to take
advantage of the differential patterns of LD across diverse
populations to fine-map kidney-function loci. Credible-
set variants mapped predominantly to non-coding
sequence, suggesting that eGFR association signals are
most likely to be mediated by effects on gene regulation,
in agreement with previous reports for other complex hu-
man traits.**"**> Through integration of genetic fine-map-
ping data with information from regulatory annotation
resources, we have demonstrated significant enrichment
of variants driving eGFR association signals with DHSs in
multiple kidney cell types. Overlap with these enriched an-
notations could be used as a prior model for eGFR associa-
tion signals, genome-wide, to improve power for discovery
of additional kidney-function loci and further enhance
trans-ethnic fine-mapping efforts.*®

Lead SNPs at kidney-function loci overlapping enriched
annotations included eQTL for NFATCI and RGS14 (at
the SLC34A1 locus) in multiple tissues, pointing to likely
effector transcripts through which these eGFR association
signals are mediated. We have established that loss-of-
function mutations in ancestral orthologs of both genes
in Drosophila melanogaster are associated with response to
salt stress. Although salt sensitivity has not been directly
correlated with variation in eGFR in humans, it has been
associated with albuminuria,*”*® elevated creatinine,*®
and the subsequent development of hypertension,*’ sug-
gesting the relevance of this trait to kidney function.
Indeed, in animal models, salt sensitivity is tightly linked
with a blunted tubuloglomerular feedback (TGF) or
impaired increase in GFR after salt loading.”’~>* Consistent
with this, we demonstrated that renal mRNA expression of
Nfatcl and Rgs14 in a salt-sensitive mouse model was
reduced after exposure to a high-salt diet and induced
CKD. In parallel with the findings in Drosophila mela-
nogaster, these results are consistent with the hypothesis
that the capacity to reduce expression of Rgs14 and Nfaicl
determines the extent of the response to stress. Another
possible mechanism suggested by our results in Drosophila
is a role for oxidative stress, to which RGS14 ortholog
mutants are resistant,”’ and which has been implicated
in mammalian salt sensitivity.”* > Establishing the func-
tional role of these genes in salt sensitivity, TGF, GFR,
oxidative stress, and CKD will require targeted in vivo
studies using knockout and/or transgenic mouse models.

In conclusion, our study demonstrates the utility of
trans-ethnic fine mapping through integration of GWASs
of diverse populations with genomic annotation from
relevant tissues to define molecular mechanisms by which
association signals exert their effect, thereby offering an
exciting opportunity to elucidate the pathophysiology of
complex human diseases.
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Figure S1. Dendogram to summarise relatedness between studies. The dendogram was constructed
on the basis of genome-wide pair-wise allele frequency differences between studies. European
ancestry studies are grouped in the red cluster, and Hispanic ancestry studies are grouped in the blue
cluster.
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Figure S2. Genome-wide eGFR association summary from the trans-ethnic meta-analysis of 71,638 individuals. Each point corresponds to a SNP
passing quality control in the meta-analysis, plotted according to physical position (NCBI build 37) on the x-axis and -log,, p-value on the y-axis. The
locus names of loci attaining genome-wide significance (p<5x10°8, horizontal red line) are highlighted above the Manhattan plot. Association signals
mapping to previously established loci are highlighted in green.
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Figure S3. Comparison of allelic effects (beta) of lead SNPs on eGFR in the general
population (from our trans-ethnic meta-analysis of 71,638 individuals) and in diabetics
(from a meta-analysis of 13,158 individuals from the SUMMIT Consortium). Grey bars
represent 95% confidence intervals for allelic effect sizes. The lead SNP at the PDILT-UMOD
locus demonstrates greater allelic effect on eGFR in diabetics than in the general population
at nominal significance (p<0.05).
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Figure S4. Enrichment of genomic annotations of regulatory chromatin state for 93 cell
types, DHS for 145 cell types, and chromatin immuno-precipitation sequence binding sites
for 165 transcription factors for Bayes’ factors in favour of eGFR association. Each point
corresponds to an annotation, plotted according to the effect size (log-enrichment in Bayes’
factor) on the x-axis, and ranked according to the significance of the association on the y-
axis. Significant enrichments are highlighted in red.
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Figure S5. Overlap of credible set variants with enriched regulatory annotations at the SLC34A1 and
NFATC1 loci. Each point corresponds to a SNP, plotted according to their chromosomal position and
posterior probability of driving the eGFR association signal. The locations of enriched regulatory
annotations (DHS in multiple kidney cell-types and TFBS for HDACS) are highlighted for each locus.
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Table S1. Study sample characteristics.

Study (acronym) Ethnicity Sex Sample characteristics

(origin) Sample | Age (years) Serum Creatinine (mg/dL) eGFR CKD
size mean (SD) mean (SD) mean (SD) cases/controls

Prospective Investigation of the Vasculature in Uppsala European Males 471 70.1(0.1) 0.99 (0.22) 83.8(19.9) 136/808

Seniors (PIVUS) (Sweden) Females 473 70.2 (0.2) 0.82 (0.18) 77.9 (20.2)

Uppsala Longitudinal Study of Adult Men (ULSAM) European Males 1,080 71.0 (0.6) 1.06 (0.15) 75.2 (11.3) 88/992
(Sweden) Females 0 N/A N/A N/A

Australian Twin-Family Studies (AUSTWIN) European Males 4,662 48.7 (13.1) 1.13(0.20) 76.6 (15.8) NA/NA
(Australia) Females 7,096 46.9 (13.4) 0.90 (0.16) 75.1 (16.5)

Women’s Health Initiative Memory Study (WHI-MS) European Males 0 N/A N/A N/A 343/5,312
(USA) Females 5,655 68.1(5.9) 0.75 (0.15) 85.6 (17.8)

Women'’s Health Initiative Genome-wide Association European Males 0 N/A N/A N/A 240/3,876

Research Network into Effects of Treatment (WHI-GARNET) (USA) Females 4,116 65.6 (6.9) 0.74 (0.15) 88.1(19.3)

BioBank Japan Project (BBJ) East Asian Males 12,802 64.4 (9.8) 0.89 (0.29) 100.2 (28.5) 1,330/22,206
(Japan) Females 10,734 60.7 (13.1) 0.64 (0.20) 109.1 (31.0)

Hispanic Community Health Study and Study of Latinos Hispanic Males 5,242 45.3 (14.2) 0.98 (0.44) 95.5(22.3) 462/12,314

(HCHS/sOL) (USA) Females 7,534 46.7 (13.6) 0.73 (0.23) 96.6 (23.4)

Women’s Health Initiative SNP Health Association Resource Hispanic Males 0 N/A N/A N/A 174/3,375

(WHI-SHARe) (USA) Females 3,549 60.3 (6.7) 0.71 (0.19) 94.7 (21.9)
African American Males 0 N/A N/A N/A 1,203/7,021
(USA) Females 8,224 61.6 (7.0) 0.82 (0.22) 80.1 (19.4)

SD: standard deviation.




Table S2. Summary of study-specific genotyping, quality control, imputation and analysis.

Study acronym

Genotyping array

Sample quality control

Scaffold quality control

Pre-phasing and imputation

Association analysis

Call | Exclusions Callrate |HWE p | MAF | Software Quality Passed | Software Covariates Aac
rate filter SNPs

PIVUS Illumina OmniExpress & Metabochip 95% | Heterozygosity, gender check | 95% (99% if | 10® 1% SHAPEITV2 | info20.4 | 9,316,737 | SNPTESTv2 |Age, sex, 2 PCs 0.982
and relatedness MAF<5%) IMPUTEV2

ULSAM Illumina Omni2.5M & Metabochip 95% | Heterozygosity, gender check | 95% (99% if | 10 1% SHAPEITv2 | info20.4 | 9,388,420 | SNPTESTv2 |Age, 2 PCs 1.013
and relatedness MAF<5%) IMPUTEV2

AUSTWIN Illumina 317K, 370K, 610K, OmniExpress, 95% | Heterozygosity, gender check 95% 10 1% MaCH r’>0.3 8,584,822 | MERLIN Age, sex, sub-study, 10 | 1.120

Omni2.5 & HumanCoreExome and relatedness minimac PCs

WHI-MS Illumina OmniExpress-Exome None | Ethnic outliers, gender check, 97% 10* 1% Beagle r2>0.3 8,814,333 | ProbAbel/R | Age, centre, 10 PCs 1.025
relatedness and duplicates minimac

WHI-GARNET Illumina Human Omnil-Quad None | Ethnic outliers, gender check, 98% 10 None | Beagle r2>0.3 8,864,693 | ProbAbel/R |Age, centre, 10 PCs 1.018
relatedness and duplicates minimac

BBJ Iluumina HumanHap 610-Quad 98% | Ethnic outliers and 99% 107 1% MaCH r=>0.5 6,581,000 | mach2qtl None 1.058
relatedness minimac

HCHS/SOL Illumina Omni2.5M & custom 98% | Gender check and duplicates 98% 10° None | SHAPEITV2 | info20.4 |11,374,299 | LMM-OPS? | Age, sex, centre, 1.006

IMPUTEV2 sampling weights, 5PCs

WHI-SHARe Affymetrix 6.0 95% | Ethnic outliers, gender check, 95% 10® 1% MaCH r=>0.3 10,025,812 | ProbAbel Age, centre, 10 PCs 1.027

(Hispanic) relatedness and duplicates

WHI-SHARe Affymetrix 6.0 95% | Ethnic outliers, gender check, 95% 10° 1% MaCH r2>0.3 15,345,552 | ProbAbel Age, centre, 10 PCs 1.033

(African American) relatedness and duplicates

HWE: Hardy-Weinberg equilibrium. MAF: minor allele frequency. PC: principal component.
2In-house software, not yet publicly available; accounts for relatedness in linear mixed model.




Table S3. Real-time RT-PCR, oligonucleotide primers.

Gene Primer Sequence

Rgs14 Forward: 5’-TGAGCCCAGTGAACATCGAC -3’
Reverse: 5'- TGTGCTCGGAACATATCTGGC-3'

Nfatcl Forward: 5’-TGCCTTTTGCGAGCAGTATCT-3’

Reverse: 5'-CAGGCAAGGATGGGCTCATAT-3’




Table S4. Association summary statistics for eGFR at previously reported lead SNPs in established loci in trans-ethnic meta-analysis of

71,638 individuals.

Locus SNP Chr Position Alleles Association summary statistics Reference
(bp, b37) Effect? | Other Beta SE p-value N

CASP9 rs12124078 1 15,869,899 G A -0.437 0.115 0.00019 71,636 Pattaro et al. (2012)°
SYPL2 rs12136063 1 110,014,170 G A -0.172 0.148 0.25 61,867 Pattaro et al. (2016)8
LASS2 rs267734 1 150,951,477 T C -0.311 0.158 0.052 71,638 Kottgen et al. (2010)*
CACNA1S rs3850625 1 201,016,296 G A -0.795 0.207 0.00016 71,638 Pattaro et al. (2016)8
SDCCAGS8 rs2802729 1 243,501,763 A C -0.323 0.118 0.0068 71,638 Pattaro et al. (2016)8
DDX1 rs6431731 2 15,863,002 T C -0.456 0.322 0.16 48,102 Pattaro et al. (2012)°
GCKR rs1260326 2 27,730,940 C T -0.872 0.114 6.1x10% 71,638 Kottgen et al. (2010)*
ALMS1 rs13538 2 73,868,328 A G -0.920 0.140 9.2x101! 48,102 Kottgen et al. (2010)*
LRP2 rs4667594 2 170,008,506 A T -0.263 0.115 0.025 71,637 Pattaro et al. (2016)®
CPS1 rs7422339 2 211,540,507 A C -0.771 0.125 1.2x10° 71,638 Kottgen et al. (2010)*
IGFBP5 rs2712184 2 217,682,779 A C -0.573 0.114 7.6x107 65,983 Pattaro et al. (2016)®
WNT7A rs6795744 3 13,906,850 G A -0.159 0.156 0.32 71,638 Pattaro et al. (2016)®
TFDP2 rs347685 3 141,807,137 A C -0.637 0.123 3.0x107 71,638 Kottgen et al. (2010)*
SKIL rs9682041 3 170,091,902 T C -0.141 0.159 0.38 71,638 Pattaro et al. (2016)®
ETV5 rs10513801 3 185,822,353 G T -0.341 0.194 0.083 71,638 Pattaro et al. (2016)%
SHROOM3 rs17319721 4 77,368,847 A G -0.815 0.120 2.2x1011 71,638 Kottgen et al. (2010)*
NFKB1 rs228611 4 103,561,709 A G -0.351 0.124 0.0052 48,101 Pattaro et al. (2016)®
DAB2-C9 rs11959928 5 39,397,132 A T -0.719 0.113 4.1x101° 71,638 Kottgen et al. (2010)*
SLC34A1 rs6420094 5 176,817,636 G A -0.804 0.123 1.1x10°1° 71,638 Kottgen et al. (2010)*
ZNF204 rs7759001 6 27,341,409 A G -0.233 0.138 0.099 61,867 Pattaro et al. (2016)®
MHC region rs3828890 6 31,440,669 C G -0.089 0.194 0.65 59,865 Okada et al. (2012)°
LOC100132354-VEGFA rs881858 6 43,806,609 A G -0.772 0.127 2.0x10° 71,638 Kottgen et al. (2010)*
SLC22A2 rs2279463 6 160,668,389 G A -0.905 0.169 1.4x107 71,638 Kottgen et al. (2010)*
UNCX rs10277115 7 1,285,195 T A -1.089 0.141 3.3x10% 59,865 Okada et al. (2012)°
KBTBD2 rs3750082 7 32,919,927 T A -0.441 0.118 0.00025 71,638 Pattaro et al. (2016)®
PHTF2 rs6465825 7 77,416,439 C T -0.590 0.125 3.4x10°® 61,867 Kottgen et al. (2010)*
PRKAG2 rs7805747 7 151,407,801 A G -0.813 0.136 4.4x10° 48,102 Kottgen et al. (2010)*
RNF32 rs6459680 7 156,258,568 T G -0.315 0.120 0.0097 71,638 Pattaro et al. (2016)8
STC1 rs10109414 8 23,751,151 T C -0.605 0.116 2.5x107 71,637 Kottgen et al. (2010)*
PIP5K1B rs4744712 9 71,434,707 A C -0.753 0.112 3.3x101t 71,638 Kottgen et al. (2010)*




WDR37 rs10794720 10 1,156,165 T C -0.664 0.182 0.00033 71,638 | Kottgen et al. (2010)*
AICF rs10994860 10 52,645,424 C T -0.322 0.177 0.072 61,866 | Pattaro et al. (2016)®
KkenQi rs163160 11 2,789,955 G A -0.557 0.148 0.00021 71,638 | Pattaro et al. (2016)3
DCDC5-MPPED2 rs3925584 11 30,760,335 T C -0.647 0.121 1.5x107 65,983 | Pattaro et al. (2012)°
AP5B1 rs4014195 11 65,506,822 G C -0.289 0.122 0.021 71,638 | Pattaro et al. (2016)3
SLC6A13 rs10774021 12 349,298 T C -0.477 0.112 2.9x10° 71,638 | Kottgen et al. (2010)*
TSPAN9 rs10491967 12 3,368,093 A G -0.398 0.148 0.0080 61,867 | Pattaro et al. (2016)®
PTPRO rs7956634 12 15,321,194 T C -0.426 0.125 0.00076 71,638 | Pattaro et al. (2016)®
INHBC rs1106766 12 57,809,456 C T -0.233 0.137 0.095 71,637 | Pattaro et al. (2016)®
DACH1 rs626277 13 72,347,696 A C -0.428 0.116 0.00027 71,638 | Kottgen et al. (2010)*
INO8O rs2928148 15 41,401,550 G A -0.278 0.113 0.016 71,638 | Pattaro et al. (2012)°
SPATA5L1-GATM rs2453533 15 45,641,225 A C -0.849 0.124 1.8x10°1! 71,638 | Kottgen et al. (2010)*
WDR72 rs491567 15 53,946,593 A C -0.639 0.120 1.4x107 71,638 | Kottgen et al. (2010)*
UBE2Q2 rs1394125 15 76,158,983 A G -0.442 0.126 0.00052 71,638 | Kottgen et al. (2010)*
PDILT-UMOD rs12917707 16 20,367,690 G T -1.050 0.169 8.8x1071° 48,102 | Kottgen et al. (2010)*
DPEP1 rs164748 16 89,708,292 G C -0.593 0.131 8.4x10°® 71,637 | Pattaro et al. (2016)2
SLC47A1 rs2453580 17 19,438,321 C T -0.314 0.126 0.014 71,638 | Pattaro et al. (2012)°
CDK12 rs11078903 17 37,631,924 A G -0.564 0.125 8.6x10°° 71,638 | Pattaro et al. (2012)°
BCAS3 rs9895661 17 59,456,589 C T -1.003 0.132 7.9x1014 71,638 | Kottgen et al. (2010)*
NFATC1 rs8091180 18 77,164,243 A G -0.415 0.131 0.0018 59,864 | Pattaro et al. (2016)3
SLC7A9 rs12460786 19 20,977,663 T C -0.030 0.117 0.80 71,638 | Kottgen et al. (2010)*
SIPA1L3 rs11666497 19 38,464,262 T C -0.119 0.157 0.46 71,638 | Pattaro et al. (2016)3
TP53INP2 rs6088580 20 33,285,053 C G -0.192 0.112 0.091 71,638 | Pattaro et al. (2016)3
BCAS1 rs17216707 20 52,732,362 T C -0.761 0.150 5.7x107 71,638 | Pattaro et al. (2016)3

Chr: chromosome. SE: standard error.
2effect allele is eGFR decreasing allele.




Table S5. Ancestry-specific association summary statistics for eGFR for lead SNPs from the
trans-ethnic meta-analysis of 71,638 individuals.

Locus Lead SNP Chr Position Alleles Ancestry| Ancestry-specific association statistics
(bp, b37) | Effect | Other | group EAF | Beta SE | p-value N

GCKR rs1260326 2 27,730,940 C T AFA 0.84 | -1.123| 0.422 | 0.0078 | 8,224
EAS 0.44 | -0.637| 0.262 | 0.015 | 23,536

EUR 0.60 | -0.830| 0.158 | 2.0x107| 23,553

HIS 0.66 | -1.098| 0.248 | 1.1x10>| 16,325

ALMS1 rs7587577 2 73,832,786 C T AFA 0.48 | -0.894| 0.301 | 0.0029 | 8,224
EAS N/A N/A N/A N/A N/A

EUR 0.76 | -1.037| 0.186 | 3.2x108 | 23,553

HIS 0.73 | -0.813| 0.262 | 0.0020 | 16,325

LRP2 rs57989581 2 170,194,459 C A AFA 0.96 | -2.458| 0.813 | 0.0025 | 8,224
EAS 0.92 | -1.065| 0.461 | 0.021 | 23,536

EUR 0.98 | -3.084| 0.667 | 4.4x106| 23,553

HIS 0.98 | -2.658| 0.784 | 0.00074 | 16,325

CPS1 rs715 2 211,543,055 C T AFA 0.22 | -1.180| 0.386 | 0.022 8,224
EAS 0.16 | -1.406| 0.373 | 0.00017 | 23,536

EUR 0.32 | -0.765| 0.175 | 1.4x105 | 23,553

HIS 0.28 | -0.729| 0.259 | 0.0051 | 16,325

TFDP2 rs1511299 3 |141,716,072 T C AFA 0.91 | -1.214| 0.523 | 0.022 8,224
EAS 0.72 | -0.584| 0.286 | 0.041 | 23,536

EUR 0.74 | -0.746| 0.177 | 3.0x10° | 23,553

HIS 0.83 | -0.668| 0.306 | 0.029 | 16,325

SHROOM3 rs52020545 4 77,414,988 T C AFA 0.26 | -0.410( 0.355 0.25 8,224
EAS 0.16 | -1.803| 0.391 | 4.0x10°% | 23,536

EUR 0.43 | -1.116| 0.161 | 6.4x1012| 23,553

HIS 0.36 | -0.579| 0.242 | 0.017 | 16,325

DAB2-C9 chr5:39404526:D| 5 | 39,404,526 D R |AFA 0.12 | -1.086| 0.375 | 0.0039 | 8,224
EAS N/A N/A N/A N/A N/A

EUR 0.42 | -0.721| 0.160 | 7.8x106 | 23,553

HIS 0.38 | -0.925| 0.241 | 0.00013 | 16,325

SLC43A1 rs35716097 5 |176,806,636 T C AFA 0.36 | -0.734| 0.393 | 0.062 8,224
EAS 0.33 | -1.905| 0.324 | 4.2x10° | 23,536

EUR 0.30 | -0.897| 0.178 | 5.8x107 | 23,553

HIS 0.29 | -1.169| 0.268 | 1.4x10 | 16,325

LOC100132354-| rs881858 6 | 43,806,609 A G |AFA 0.41 | -0.335| 0.318 | 0.29 8,224
VEGFA EAS 0.87 | -0.807| 0.434 | 0.063 | 23,536
EUR 0.68 | -0.632| 0.175 | 0.00034 | 23,553

HIS 0.71 | -1.375| 0.264 | 2.1x107 | 16,325

SLC22A2 rs316009 6 |160,675,764 C T AFA 0.91 | -1.648| 0.547 | 0.0026 | 8,224
EAS 0.95 | -1.777| 0.569 | 0.0018 | 23,536

EUR 0.90 | -1.000| 0.255 | 0.00010| 23,553

HIS 0.92 | -1.123| 0.437 | 0.010 | 16,325

UNCX rs62435145 7 1,286,567 T G AFA N/A N/A N/A N/A N/A
EAS 0.32 | -1.611| 0.282 | 1.1x108| 23,536

EUR 0.66 | -0.773| 0.197 | 0.00010| 23,553

HIS 0.49 | -1.208| 0.261 | 4.1x10°% | 12,776

PHTF2 rs848486 7 | 77,552,127 G A | AFA 0.53 | -0.665| 0.298 | 0.026 | 8,224
EAS 0.23 | -0.442| 0.309 | 0.15 | 23,536

EUR 0.41 | -0.600| 0.160 | 0.00020 | 23,553

HIS 0.37 | -0.844| 0.238 | 0.00041 | 16,325

PRKAG2 rs10265221 7 1151,414,329 C T AFA 0.16 | -1.512| 0.506 | 0.0028 | 8,224
EAS 0.07 | -0.680( 0.707 0.34 23,536

EUR 0.29 | -0.850| 0.183 | 4.2x10°6 | 23,553

HIS 0.20 | -1.117| 0.295 | 0.00016 | 16,325




PIP5K1B rs4744712 9 | 71,434,707 AFA 0.42 | -0.828| 0.303 | 0.0063 | 8,224
EAS 0.38 | -0.620| 0.264 | 0.019 | 23,536
EUR 0.40 | -0.669| 0.158 | 2.7x10"° | 23,553
HIS 0.28 | -1.055| 0.261 | 5.7x10°| 16,325
DCDC5- rs963837 11 | 30,749,090 AFA 0.85 | -0.365| 0.453 0.42 8,224
MPPED2 EAS 0.65 | -0.989| 0.268 | 0.00023 | 23,536
EUR 0.55 | -0.572| 0.158 | 0.00032 | 23,553
HIS 0.60 | 0.79 | 0.239 | 0.0010 | 16,325
SPATASL1- rs2486288 15 | 45,712,339 AFA 0.82 | -1.057| 0.405 | 0.0090 | 8,224
GATM EAS 0.94 | -0.497| 0.543 0.36 | 23,536
EUR 0.38 | -0.923| 0.162 | 1.5x108| 23,553
HIS 0.63 | -0.801| 0.255 | 0.0018 | 16,325
WDR72 rs1031755 15 | 53,951,435 AFA 0.82 | -0.966| 0.390 | 0.013 | 8,224
EAS 0.60 | -1.463| 0.263 | 2.8x10®| 23,536
EUR 0.79 | -0.963| 0.193 | 7.0x107 | 23,553
HIS 0.70 | -0.016| 0.263 0.95 | 16,325
PDILT-UMOD | rs77924615 16 | 20,392,332 AFA 0.92 | -0.446| 0.651 0.49 8,224
EAS 0.78 | -1.589| 0.314 | 4.2x107| 23,536
EUR 0.80 | -1.300| 0.213 | 1.5x10| 23,553
HIS 0.80 | -0.779| 0.289 | 0.0072 | 16,325
BCAS3 rs9895661 17 | 59,456,589 AFA 0.45 | -0.569| 0.301 | 0.059 | 8,224
EAS 0.53 | -1.491| 0.309 | 1.4x10%| 23,536
EUR 0.20 | -0.851| 0.231 | 0.00026 | 23,553
HIS 0.45 | -1.148| 0.243 | 2.5x10| 16,325
NFATC1 rs8096658 18 | 77,156,537 AFA N/A | N/A N/A N/A N/A
EAS 0.29 | -0.856| 0.308 | 0.0054 | 23,536
EUR 0.47 | -0.632| 0.196 | 0.0014 | 23,553
HIS 0.43 | -1.124| 0.270 | 3.4x10°>| 12,776

Chr: chromosome. EAF: effect allele frequency. SE: standard error. AFA: African American. EAS: East Asian.

EUR: European. HIS: Hispanic.




Table S6. Residual association signals for eGFR from the trans-ethnic meta-analysis of 71,638 individuals at each locus after adjusting for

the lead SNP.
Locus Index SNP? Chr Pos Alleles Unconditional meta-analysis Conditional meta-analysis
(bp, b37) Effect® Other Beta SE p-value Beta SE p-value
GCKR rs113778329 2 27,896,643 G A -0.608 0.383 0.12 -1.332 0.447 0.0029
ALMS1 rs12998058 2 73,511,468 G A -0.125 0.172 0.47 -0.717 0.173 3.3x10°
LRP2 rs74648148 2 169,774,784 G C -0.742 0.336 0.029 -1.114 0.382 0.0035
CPS1 rs9917188 2 211,904,894 T A -0.552 0.249 0.029 -0.910 0.251 0.00028
TFDP2 rs58623354 3 141,550,696 T G -0.313 0.144 0.032 -0.548 0.145 0.00017
SHROOM3 rs62300863 4 77,399,651 C T -0.697 0.152 6.4x10°® -0.543 0.161 0.00075
DAB2-C9 rs117574694 5 39,762,051 G T 1.183 0.337 0.00053 -1.113 0.330 0.00074
SLC34A1 rs72813176 5 176,709,333 A G 0.145 0.248 0.57 -0.585 0.253 0.021
LOC100132354-VEGFA rs111451988 6 43,566,036 G A -0.638 0.305 0.040 -1.060 0.308 0.00058
SLC22A2 rs2665355 6 160,837,368 G C 0.120 0.109 0.28 -0.401 0.110 0.00026
UNCX rs10282027 7 1,005,018 A G -0.747 0.316 0.020 -1.047 0.317 0.00095
PHTF2 rs151202634 7 77,811,782 G A -1.495 0.525 0.0050 -1.585 0.513 0.0020
PRKAG2 rs6464171 7 151,505,876 C G -0.099 0.127 0.44 -0.388 0.127 0.0023
PIP5K1B rs75852340 9 71,164,514 C G -1.916 0.564 0.00081 -1.877 0.661 0.0046
DCDC5-MPPED2 rs1813133 11 31,243,672 C T -0.523 0.340 0.13 -1.191 0.344 0.00054
SPATA5L1-GATM rs140661904 15 46,041,594 A T -1.567 0.441 0.00047 -1.551 0.536 0.0038
WDR72 rs1878189 15 53,786,594 C G -1.015 0.282 0.00040 -1.108 0.302 0.00025
PDILT-UMOD rs9928757 16 20,352,863 G C -1.012 0.165 1.5x10° -0.677 0.180 0.00018
BCAS3 rs79068244 17 59,217,958 C T 1.542 0.389 9.3x10° -1.629 0.380 1.8x10°
NFATC1 rs526317 18 77,546,641 A G -0.676 0.198 0.00077 -0.549 0.186 0.0032

Chr: chromosome. SE: standard error.
?Index SNP has strongest residual signal of association across the locus in trans-ethnic meta-analysis after adjusting for lead SNP.

PEffect allele is eGFR decreasing allele in conditional meta-analysis.




Table S7. Association summary statistics for CKD at lead eGFR SNPs from the trans-ethnic meta-analysis of up to 3,976 cases and 55,904

controls.
Locus Lead eGFR SNP Chr Position Alleles CKD association summary statistics Sample size:
(bp, b37) Effect® Other OR (95% ClI) p-value Cochran’s Q | cases/controls
p-value
GCKR rs1260326 2 27,730,940 C T 1.04 (0.99-1.09) 0.16 0.0047 3,976/55,904
ALMS1 rs7587577 2 73,832,786 C T 1.17 (1.09-1.24) 3.1x10°® 0.29 2,646/33,698
LRP2 rs57989581 2 170,194,459 C A 1.10(0.98-1.24) 0.11 0.29 3,976/55,904
CPS1 rs715 2 211,543,055 C T 1.06 (1.00-1.12) 0.069 0.38 3,976/55,904
TFDP2 rs1511299 3 141,716,072 T C 1.06 (1.00-1.12) 0.068 0.39 3,976/55,904
SHROOM3 rs5020545 4 77,414,988 T C 1.05 (1.00-1.12) 0.064 0.22 3,976/55,904
DAB2-C9 chr5:39404526:D 5 39,404,526 D R 1.09 (1.02-1.16) 0.0084 0.63 2,646/33,698
SLC34A1 rs35716097 5 176,806,636 T C 1.10 (1.04-1.16) 0.0011 0.84 3,976/55,904
LOC100132354-VEGFA rs881858 6 43,806,609 A G 1.06 (1.00-1.12) 0.057 0.010 3,976/55,904
SLC22A2 rs316009 6 160,675,764 C T 1.13 (1.03-1.24) 0.0089 0.52 3,976/55,904
UNCX rs62435145 7 1,286,567 T G 1.18(1.11-1.25) 2.2x107 0.27 2,599/45,508
PHTF2 rs848486 7 77,552,127 G A 1.03 (0.98-1.08) 0.31 0.29 3,976/55,904
PRKAG2 rs10265221 7 151,414,329 C T 1.09 (1.02-1.16) 0.023 0.43 3,976/55,904
PIP5K1B rs4744712 9 71,434,707 A C 1.06 (1.01-1.11) 0.016 0.78 3,976/55,904
DCDC5-MPPED2 rs963837 11 30,749,090 T C 1.04 (0.99-1.10) 0.15 0.49 3,976/55,904
SPATAS5L1-GATM rs2486288 15 45,712,339 C T 1.09 (1.03-1.16) 0.0049 0.098 3,976/55,904
WDR72 rs1031755 15 53,951,435 A C 1.09 (1.03-1.15) 0.0033 0.99 3,976/55,904
PDILT-UMOD rs77924615 16 20,392,332 G A 1.18 (1.10-1.26) 4.0x10° 0.11 3,976/55,904
BCAS3 rs9895661 17 59,456,589 C T 1.06 (1.01-1.12) 0.020 0.70 3,976/55,904
NFATC1 rs8096658 18 77,156,537 G C 1.07 (1.00-1.14) 0.040 0.13 2,599/45,508

Chr: chromosome. OR: odds ratio. Cl: confidence interval.

aeffect allele is eGFR decreasing allele.




Table S8. Association summary statistics for eGFR for lead SNPs in 3,961/9,197 type 1/2 diabetes cases, all of European ancestry, from the

SUMMIT Consortium.
Locus Lead SNP Chr Position Alleles Type 1 diabetes cases Type 2 diabetes cases All diabetes cases combined
(bp, b37) Effect? | Other Beta (SE) p-value N Beta (SE) p-value N Beta (SE) p-value | Cochran’s N
Q p-value

GCKR rs1260326 2 27,730,940 C T -0.768 (0.618) 0.21 3,961 -0.204 (0.543) 0.71 9,197 | -0.450 (0.408) 0.27 0.49 13,158
ALMS1 rs7587577 2 73,832,786 C T -0.977 (0.746) 0.19 3,961 | -1.472(0.611) 0.016 9,197 | -1.273(0.473) | 0.0071 0.61 13,158
LRP2 rs57989581 2 170,194,459 C A -8.085 (4.266) 0.058 1,313 | -3.417(2.127) 0.11 9,197 | -4.346 (1.904) 0.022 0.33 10,510
CPS1 rs715 2 211,543,055 C T -0.292 (0.662) 0.66 3,961 0.517 (0.571) 0.37 9,197 0.172 (0.432) 0.69 0.35 13,158
TFDP2 rs1511299 3 141,716,072 T C 0.019 (0.701) 0.98 3,961 | -0.228 (0.585) 0.70 9,197 | -0.126 (0.449) 0.78 0.79 13,158
SHROOM3 rs5020545 4 77,414,988 T C -1.051 (0.616) 0.088 3,961 | -0.777 (0.522) 0.14 9,197 | -0.892(0.398) 0.025 0.73 13,158
DAB2-C9 chr5:39404526:D 5 39,404,526 D R -1.165 (0.615) 0.058 3,961 | 0.363(0.532) 0.49 9,197 | -0.291 (0.402) 0.47 0.060 13,158
SLC34A1 rs35716097 5 176,806,636 T C -0.876 (0.658) 0.18 3,961 | -0.507 (0.584) 0.39 9,197 | -0.669 (0.437) 0.13 0.68 13,158
LOC100132354-VEGFA |rs881858 6 43,806,609 A G -0.356 (0.656) 0.59 3,961 | -0.809 (0.557) 0.15 9,197 | -0.619 (0.424) 0.14 0.60 13,158
SLC22A2 rs316009 6 160,675,764 C T 0.268 (1.075) 0.80 3,961 | -1.241(0.827) 0.13 9,197 | -0.680 (0.655) 0.30 0.27 13,158
UNCX rs62435145 7 1,286,567 T G -0.884 (0.645) 0.17 3,961 | -0.341 (0.600) 0.57 9,197 | -0.593 (0.440) 0.18 0.54 13,158
PHTF2 rs848486 7 77,552,127 G A 0.076 (0.616) 0.90 3,961 | -0.260 (0.531) 0.62 9,197 | -0.117 (0.402) 0.77 0.68 13,158
PRKAG2 rs10265221 7 151,414,329 C T -1.273 (0.731) 0.082 3,961 -2.129 (0.604) | 0.00043 | 9,197 | -1.782(0.466) | 0.00013 0.37 13,158
PIP5K1B rs4744712 9 71,434,707 A C -0.640 (1.003) 0.52 1,313 | 0.475(0.536) 0.38 9,197 | -0.227 (0.473) 0.63 0.33 10,510
DCDC5-MPPED2 rs963837 11 30,749,090 T C -0.336 (0.614) 0.58 3,961 | -0.872(0.543) 0.11 9,197 | -0.637 (0.407) 0.12 0.51 13,158
SPATA5L1-GATM rs2486288 15 45,712,339 C T -0.711 (0.617) 0.25 3,961 | -1.159 (0.544) 0.033 9,197 | -0.963 (0.408) 0.018 0.59 13,158
WDR72 rs1031755 15 53,951,435 A C 1.758 (0.702) 0.012 3,961 | -1.018 (0.627) 0.10 9,197 | 0.212(0.468) 0.65 0.0032 13,158
PDILT-UMOD rs77924615 16 20,392,332 G A -1.405 (0.760) 0.064 3,961 | -2.915(0.668) | 1.3x10° | 9,197 | -2.256 (0.502) | 6.9x10® 0.14 13,158
BCAS3 rs9895661 17 59,456,589 C T -0.943 (0.771) 0.22 3,961 | -0.471(0.723) 0.51 9,197 | -0.692 (0.527) 0.19 0.66 13,158
NFATC1 rs8096658 18 77,156,537 G C -0.617 (0.630) 0.33 3,961 | -2.235(0.578) | 0.00011 | 9,197 | -1.495(0.426) | 0.00045 0.058 13,158

Chr: chromosome. SE: standard error.

aeffect allele is eGFR decreasing allele from trans-ethnic meta-analysis.




Table S9. Properties of 99% credible sets of variants at eGFR loci on the basis of trans-ethnic meta-analysis of 71,638 individuals.

Locus Lead SNP Chr Position 99% credible set

(bp, b37) SNPs Distance (bp) Interval (bp, b37)
GCKR rs1260326 2 27,730,940 3 11,664 27,730,940-27,742,603
ALMS1 rs7587577 2 73,832,786 159 278,238 73,622,663-73,900,900
LRP2 rs57989581 2 170,194,459 6 10,315 170,194,459-170,204,773
CPS1 rs715 2 211,543,055 9 40,636 211,540,507-211,581,142
TFDP2 rs1511299 3 141,716,072 123 221,865 141,637,438-141,859,302
SHROOM3 rs5020545 4 77,414,988 6 20,971 77,394,018-77,414,988
DAB2-C9 chr5:39404526:D 5 39,404,526 31 68,620 39,359,773-39,428,392
SLC34A1 rs35716097 5 176,806,636 2 562 176,806,636-176,807,197
LOC100132354-VEGFA rs881858 6 43,806,609 16 14,135 43,804,808-43,818,942
SLC22A2 rs316009 6 160,675,764 99 126,912 160,631,670-160,758,581
UNCX rs62435145 7 1,286,567 7 11,947 1,281,064-1,293,010
PHTF2 rs848486 7 77,552,127 180 478,315 77,112,367-77,590,681
PRKAG2 rs10265221 7 151,414,329 13 9,719 151,405,818-151,415,536
PIP5K1B rs4744712 9 71,434,707 5 3,534 71,431,174-71,434,707
DCDC5-MPPED2 rs963837 11 30,749,090 4 27,925 30,749,090-30,777,014
SPATA5L1-GATM rs2486288 15 45,712,339 49 114,098 45,614,502-45,728,599
WDR72 rs1031755 15 53,951,435 20 49,581 53,915,766-53,965,346
PDILT-UMOD rs77924615 16 20,392,332 1 1 20,392,332-20,393,332
BCAS3 rs9895661 17 59,456,589 6 22,488 59,449,636-59,472,123
NFATC1 rs8096658 18 77,156,537 2 435 77,156,103-77,156,537

Chr: chromosome.




Table S10. Membership of 99% credible sets containing no more than five variants on the basis of MANTRA trans-ethnic fine-mapping
analysis of 71,638 individuals.

Locus Lead SNP 99% credible set
Variant Chr Position Effect Other Beta SE p-value N log10BF Posterior
(bp, b37) allele? allele probability rtc
GCKR rs1260326 rs1260326 2 27,730,940 C T -0.872 0.114 6.1x1014 71,638 12.23 0.938
rs780094 2 27,741,237 C T -0.810 0.113 2.0x1012 71,638 10.59 0.021
rs780093 2 27,742,603 C T -0.821 0.114 1.3x1012 71,638 10.84 0.038
SLC34A1 rs35716097 rs35716097 5 176,806,636 T C -1.097 0.127 2.2x10°Y 71,638 15.92 0.946
rs12659266 5 176,807,197 T C -1.109 0.134 4.3x1016 71,638 14.60 0.045
PIP5K1B rs4744712 rs7042786 9 71,431,174 A T -0.727 0.113 2.1x1010 71,637 8.36 0.117
rs2039424 9 71,432,174 G A -0.689 0.113 2.0x10° 71,638 7.57 0.019
rs1556751 9 71,433,212 G A -0.666 0.113 7.0x10° 71,638 6.78 0.003
rs10746942 9 71,434,465 G A -0.688 0.114 2.5x10° 71,637 7.54 0.018
rs4744712 9 71,434,707 A C -0.753 0.112 3.3x101! 71,638 9.21 0.835
DCDC5-MPPED2 rs963837 rs963837 11 30,749,090 T C -0.685 0.114 3.7x10° 71,638 7.37 0.920
rs3925584 11 30,760,335 T C -0.647 0.121 1.5x107 65,983 5.84 0.027
rs10767873 11 30,768,678 C T -0.628 0.115 8.2x108 71,638 6.04 0.043
chr11:30777014:1 11 30,777,014 R | -0.656 0.130 6.4x107 48,102 5.24 0.007
PDILT-UMOD rs77924615 rs77924615 16 20,392,332 G A -1.185 0.147 1.7x1015 71,638 14.23 1.000
NFATC1 rs8096658 rs71359461 18 77,156,103 C G -0.786 0.146 1.2x107 59,864 5.95 0.113
rs8096658 18 77,156,537 G C -0.814 0.141 1.3x108 59,864 6.84 0.876
rs138901831 18 77,160,067 G C -0.827 0.169 1.5x10® 59,864 4.78 0.008

Chr: chromosome. SE: standard error.
aeffect allele is eGFR decreasing allele.




Table S11. Posterior probability of driving eGFR association signals across for each single nucleotide variant annotation.

Annotation®

Number of single

Posterior probability of driving association signals

nucleotide variants Total Percentage
Missense 317 1.04 5.39
5'UTR 249 0.14 0.73
3'UTR 709 1.02 5.29
Downstream 2099 0.3 1.56
Upstream 2473 0.12 0.62
Intronic 32384 12.12 62.83
Intergenic 13354 2.83 14.67
Non-coding transcript 1135 0.97 5.03
Others 1661 0.75 3.89

2Annotations were prioritised by considering the most severe consequence of all those reported for each variant.




Table S12. Genomic annotations of regulatory chromatin state from 93 cell types, Dnase | hypersensitivity sites from 145 cell types (DHS),
and chromatin immuno-precipitation binding sites for 165 proteins (TF ChIP-seq) that were predictive of posterior probability of driving

eGFR association signals (p<0.00012, Bonferroni correction for 403 annotations).

Annotation Description Logistic regression model fGWAS
Effect SE p-value Effect (95% Cl)
HDAC8 TF ChIP-seq 4.695 0.614 1.1x10%4 6.45 (4.21-8.40)
NFE2 TF ChIP-seq 4.676 0.618 1.9x10°%4 4.72 (1.68-6.50)
FOSL1 TF ChIP-seq 3.866 0.558 2.1x10%? 4.40 (2.40-5.80)
RPTEC Renal epithelial DHS 2.194 0.407 3.4x108 3.37 (2.25-4.42)
HRCE Renal epithelial DHS 2.135 0.436 4.7x107 3.11 (1.96-4.17)
ATF3 TF ChiIP-seq 3.010 0.648 1.7x10°® 3.66 (1.64-5.01)
fKidney_renal_cortex_L Fetal kidney DHS 1.847 0.430 8.8x10° 2.76 (1.62-3.82)
fkidney_L Fetal kidney DHS 1.881 0.446 1.2x10°° 3.22 (2.05-4.36)
fkidney_R Fetal kidney DHS 1.986 0.475 1.4x10°° 3.41 (2.25-4.60)
IRF4 TF ChIP-seq 3.069 0.749 2.1x10°° 3.84 (0.95-5.40)
fintestine_Lg Fetal intestine DHS 2.088 0.512 2.3x10° 2.96 (1.70-4.03)
fKidney_renal_pelvis Fetal kidney DHS 1.884 0.465 2.5x10° 3.30(2.15-4.22)
fKidney_renal_pelvis_L Fetal kidney DHS 1.932 0.489 3.9x10° 3.50 (2.35-4.64)
MAFK TF ChIP-seq 2.375 0.603 4.1x10° 3.03 (1.06-4.29)
HRE Renal epithelial DHS 1.903 0.501 7.4x10°° 2.87 (1.56-3.97)
fSkin Fetal skin DHS 1.956 0.523 9.2x10°° 3.40 (2.22-4.45)

SE: standard error. Cl: confidence interval.




Table S13. Variants with more than 80% posterior probability of driving eGFR association signals that overlap with enriched regulatory

annotations and their impact on expression of most correlated gene in GTEx database.

Locus Lead SNP Posterior Overlap with enriched regulatory annotations Expression quantitative trait loci reported in GTEx database
probability rc Tissue Gene p-value
PDILT-UMOD rs77924615 1.000 fKidney_R, RPTEC, fKidney_L,
fKidney_renal_pelvis_L, fKidney_renal_pelvis,
fKidney_renal_pelvis_R, HRCE
SLC34A1 rs35716097 0.946 RPTEC, HRCE, HDACS8 Adipose_Subcutaneous RGS14 4.1x10%
Adrenal_Gland RGS14 1.1x101!
Artery_Aorta RGS14 6.4x10%!
Artery_Coronary RGS14 2.8x10°®
Artery_Tibial RGS14 2.5x10728
Brain_Cerebellum RGS14 1.9x10°°
Breast_Mammary_Tissue RGS14 1.1x10°8
Cells_Transformed_fibroblasts RGS14 1.9x10%°
Colon_Sigmoid RGS14 9.3x10”
Colon_Transverse RGS14 1.1x10%
Esophagus_Mucosa RGS14 5.2x10%8
Esophagus_Muscularis RGS14 5.6x10°13
Heart_Atrial_Appendage RGS14 3.9x10°13
Heart_Left_Ventricle RGS14 1.4x10718
Lung RGS14 3.9x10%!
Muscle_Skeletal RGS14 1.3x1012
Nerve_Tibial RGS14 6.1x10°%°
Pancreas RGS14 1.4x10°®
Pituitary RGS14 3.0x10°%3
Skin_Not_Sun_Exposed_Suprapubic RGS14 2.1x108
Skin_Sun_Exposed_Lower_leg RGS14 5.9x10718
Stomach RGS14 1.0x10°1
Testis RGS14 1.5x10%
Thyroid RGS14 7.8x10°1
DCDC5- MPPED?2 rs963837 0.920 fKidney_R, fKidney_renal_pelvis_L
NFATC1 rs8096658 0.877 fKidney_R, fKidney_L, fKidney_renal_pelvis, Heart_Left_Ventricle NFATC1 2.4x10°
fKidney_renal_pelvis_R, fKidney_renal_pelvis_L | Muscle_Skeletal NFATC1 2.8x10%




PIP5K1B

rs4744712

0.835

fKidney_renal_pelvis

Artery_Aorta PIP5K1B 3.6x10°®
Artery_Tibial PIP5K1B 3.6x10
Testis PIP5K1B 1.9x10°®




Table S14. Estimated effects from the Cox proportional hazards model with robust standard errors, applied on the experimental Drosophila

melanogaster survival data under isogenic and heterogenic conditions.

(a) Isogenic background

Mutation NaCl concentration Log-hazard ratio Robust SE p-value

do6164 0.2 -1.4 0.32 2.2x107
0.3 -2.4 0.20 <106
0.4 -2.7 0.16 <106
0.5 -2.2 0.17 <106

EY-P283 0.2 -0.29 0.75 0.21
0.3 -1.9 0.22 <1016
0.4 -2.3 0.17 <1016
0.5 -1.7 0.18 <1016

(b) Heterogenic background

Mutation NaCl concentration Log-hazard ratio Robust SE p-value

do6164 0.2 -2.1 0.46 6.9x10°
0.3 -1.9 0.31 6.5x1010
0.4 -1.8 0.22 1.1x10°16
0.5 -1.4 0.23 3.6x1010

EY-P283 0.2 -1.6 0.48 0.00078
0.3 -2.3 0.32 2.0x101?
0.4 -0.18 0.17 0.30
0.5 -0.042 0.21 0.84

SE: standard error
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