Original Article KIDNEY RESEARCH
SN 2o 013« 1Soh o ot Mo CLINICAL PRACTICE

https://doi.org/10.23876/j.krcp.23.079

Genome-wide association study and fine-mapping on
Korean biobank to discover renal trait-associated
variants

Dong-Jin Lee', Jong-Seok Moon?, Dae Kwon Song>*, Yong Seok Lee**, Dong-Sub Kim*, Nam-Jun Cho’,
Hyo-Wook Gil*, Eun Young Lee™®, Samel Park™?

‘Department of Internal Medicine, Soonchunhyang University Cheonan Hospital, Cheonan, Republic of Korea

’Department of Integrated Biomedical Science, Soonchunhyang Institute of Medi-bio Science (SIMS), Soonchunhyang University, Cheonan,
Republic of Korea

*Department of Biology, College of Natural Sciences, Soonchunhyang University, Asan, Republic of Korea

“Support Center (Core-Facility) for Bio-Bigdata Analysis and Utilization of Biological Resources, Soonchunhyang University, Asan, Republic of
Korea

*Institute of Tissue Regeneration, Soonchunhyang University College of Medicine, Cheonan, Republic of Korea

Background: Chronic kidney disease is a significant health burden worldwide, with increasing incidence. Although several ge-
nome-wide association studies (GWAS) have investigated single nucleotide polymorphisms (SNP) associated with kidney trait, most
studies were focused on European ancestry.

Methods: We utilized clinical and genetic information collected from the Korean Genome and Epidemiology Study (KoGES).

Results: More than five million SNPs from 58,406 participants were analyzed. After meta-GWAS, 1,360 loci associated with estimat-
ed glomerular filtration rate (eGFR) at a genome-wide significant level (p = 5 x 10°®) were identified. Among them, 399 loci were vali-
dated with at least one other biomarker (blood urea nitrogen [BUN] or eGFR ) and 149 loci were validated using both markers.
Among them, 18 SNPs (nine known ones and nine novel ones) with 20 putative genes were found. The aggregated effect of genes
estimated by MAGMA gene analysis showed that these significant genes were enriched in kidney-associated pathways, with the kid-
ney and liver being the most enriched tissues.

Conclusion: In this study, we conducted GWAS for more than 50,000 Korean individuals and identified several variants associated
with kidney traits, including eGFR, BUN, and eGFR .. We also investigated functions of relevant genes using computational methods
to define putative causal variants.

Keywords: Chronic kidney disease, Estimated glomerular filtration rate, Genetics, Genome-wide association study, Korean Genome
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Introduction with a globally increasing incidence, affecting over 850
million individuals with kidney diseases worldwide [1]. To
Chronic kidney disease (CKD) is a significant health issue  uncover the pathogenesis of CKD, global consensus initia-
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tives have conducted large-scale genome-wide association
studies (GWAS) and meta-analyses of GWAS (meta-GWAS).
During the earlier stage of the GWAS era, several loci asso-
ciated with renal function and kidney disease have been
identified [2,3]. These studies have demonstrated the vast
potential of GWAS in CKD research. Recently, several
fine-mapping studies have been conducted in conjunction
with GWAS to perform functional annotations of identified
variants, shedding light on the pathogenesis of CKD [4-8].
However, most GWAS were focused on European ancestry.
The Korean Genome and Epidemiology Study (KoGES)
is a nationwide cohort that has collected clinical and ge-
netic information since 2001 [9]. Using this cohort, GWAS
have been conducted on various traits, including alcoholic
liver disease [10], serum uric acid [11], and muscle mass
[12]. Estimated glomerular filtration rate (eGFR) is a widely
accepted kidney trait for GWAS. A few studies have been
conducted to identify single nuclear polymorphisms (SNP)
associated with eGFR in the Korean population [13,14].
However, these studies have reported associated SNPs
without functional fine-mapping or functional annota-
tions. Given that SNPs discovered by GWAS are regulato-
ry variants associated with complex traits and diseases,
uncovering functional annotation and fine-mapping are
important [15]. Therefore, we conducted a GWAS to iden-
tify loci associated with eGFR and a fine-mapping study to
reveal putative causal SNPs in the Korean populations.

Methods
Participants and genotyping

This study protocol was reviewed and approved by the In-
stitutional Review Board (IRB) of Soonchunhyang Univer-
sity Cheonan Hospital (Cheonan, Korea) and the need for
informed consent was waived by IRB (No. SCHCA 2021-11-
035). This study complied with the principles of the Decla-
ration of Helsinki.

All genotype data were obtained from the Korea Biobank
Array Project managed by the Korea National Institute of
Health. All samples and clinical data were collected as part
of the KoGES [9]. The cohort comprised three sub-cohorts,
namely the Korean Association Resource (KARE), Health
Examinee (HEXA), and Cardiovascular Disease Associ-
ation Study (CAVAS). The methodology for genotyping
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across all cohorts has been detailed elsewhere [16]. Shortly,
these cohorts comprised community-dwellers aged >40
years at baseline. The KARE cohort, also known as the An-
san and Anseong cohort, included participants from the
Ansan and Anseong regions representing urban and rural
areas, respectively. The HEXA study recruited participants
who attended regular health check-ups in urban areas. The
CAVAS cohort had participants from rural areas to investi-
gate cardiovascular diseases.

The three sub-cohorts consisted of 10,030, 177,357, and
28,338 participants, respectively. Among them, 8,840,
58,694, and 8,105 subjects were genotyped using Affymetrix
Genome-Wide Human SNP array version 5.0 (Affymetrix)
[17] for KARE and Korea Biobank Array [16] for HEXA and
CAVAS. Although the quality control process of genotyping
was initially conducted before distributing cohort data to
researchers, as previously reported [16-18], we additionally
performed rigorous quality control processes [19]. These
processes involved quality controls based on predeter-
mined criteria, such as SNPs including low genotype calls
(<0.01), individuals with high rates of genotype missing-
ness (<0.05), sex discrepancy-based X- chromosome ho-
mozygosity, low minor allele frequency (MAF, <0.05), Har-
dy-Weinberg equilibrium (p < 1 x 10°°), individuals with
heterozygosity rate deviated +3 standard deviation from
the mean, cryptic relatedness based on pi-hat threshold of
0.2, and population stratification. Population stratification
was analyzed using a multidimensional scaling (MDS) ap-
proach for KARE and CAVAS cohorts. However, principal
component analysis was used to calculate population strat-
ification in the HEXA cohort due to the large sample size
that made MDS analysis unfeasible.

Genotype imputation

After completing quality control, the imputation of all co-
horts was carried out using the 1000 Genome Project Phase
3 reference panel which comprised an Asian population
[20]. The imputation was performed using Beagle 5.4 and
involved haplotype phasing [21] and imputation [22]. Fol-
lowing the imputation process, additional quality control
was executed based on imputation information quality
score of >0.8 and MAF of >0.05.
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Phenotype and covariates

In the HEXA cohort, hemoglobin Alc (HbAlc) was avail-
able for a subset (only 54%) of participants at baseline.
Due to the limited availability of laboratories in the HEXA
cohort at baseline, we utilized data from the first follow-up
where almost all individuals had HbA1c results. Hence, the
first follow-up data from the HEXA cohort were utilized for
this analysis. For the KARE and CAVAS cohorts, baseline
data were used for analysis.

The primary phenotype in all cohorts was a quantitative
trait, which was defined by eGFR using the Chronic Kidney
Disease Epidemiology Collaboration equation [23]. Creat-
inine levels were measured using a Hitachi Analyzer 7600
(Hitachi) in KARE and an ADVIA 1650 (Siemens Health-
care) in the CAVAS cohort. Serum cystatin C was measured
using a Cobas c702 (Roche). All KARE and CAVAS cohort
samples were measured at Seoul Clinical Laboratories. It
should be noted that the HEXA cohort was based on data
from a nationwide health examination where each labora-
tory result was measured at the institution where the health
examination was performed. Thus, specific methods used
by each institution were unavailable.

To estimate an unbiased effect of genotype on renal
function (i.e., eGFR), subjects with diabetes mellitus (DM)
or albuminuria were excluded. As covariates, age, sex,
body mass index, systolic blood pressure (SBP), and past
medical history of hypertension were used. Past medical
history of hypertension was defined as SBP of 2140 mmHyg,
diastolic blood pressure of 290 mmHg, and self-report
by participants. History of DM was defined by HbAlc of
>6.5%, fasting glucose of 2126 mg/dL, and self-report by
participants. Albuminuria was defined by >1+ in the urine
dipstick test. Individuals with missing values in covariates
were excluded from further analysis. Population structure
was visually inspected and found to be homogenous, with
all participants having Korean ancestry (Supplementary
Fig. 1, available online). Nonetheless, to adjust for popu-
lation stratification, 10 principal components calculated
based on genotypes were included as covariates.

In addition to eGFR, blood urea nitrogen (BUN) and
eGFR calculated using serum cystatin C (eGFR_) [24]
were used for validation, although serum cystatin C was
available for the CAVAS cohort. All phenotypes were quan-
titative traits since the prevalence of CKD based on eGFR

criteria was too low to perform a case-control analysis.
When the histogram of each variable was normally distrib-
uted, original values were used as phenotype. Otherwise,
naturally transformed values were used.

Genome-wide association study and meta-analysis

Most GWAS were performed using plink version 1.9 [25].
Quantitative trait was analyzed using linear regression with
the plink command “--linear” and prespecified covariates
with the assumption of an additive genetic model. An as-
sociation study was performed for the three cohorts indi-
vidually, then a meta-GWAS analysis was performed using
METAL (Meta-Analysis Tool for Genome-wide Association
Scans) with genomic control correction [26]. Genome-wide
significant (GWS) level was defined as p of <5 x 10™®. Distri-
bution of observed p-values and estimated p-values of giv-
en SNPs were depicted using quantile-quantile (QQ) plots.
QQ plots and Manhattan plots were drawn using qgman R
packages of R software (R Foundation for Statistical Com-

puting).
Functional mapping and annotation

Following meta-GWAS, variants associated with eGFR with
GWS level were selected for validation analysis. To con-
firm associations of these variants with other biomarkers,
results from meta-GWAS of log-transformed BUN (log-
BUN) and eGFR, were utilized. Variants that had both a
directionally opposite, nominally significant association (p
< 0.05) with log-BUN and a directionally concordant, nom-
inally significant association with eGFR . were defined as
validated loci.

We used FUMA (Functional Mapping and Annotation
of Genome-Wide Association Studies) to perform func-
tional mapping and annotation with specific purposes:
(1) to specify genomic risk loci that were independently
significant with other SNPs (i.e., clumping); (2) to annotate
genes; and (3) to validate enrichment in tissue expression
data [27]. At first, FUMA selected independent significant
SNPs that exhibited a GWS association (p < 5 x 10™*) and
were independent (1’ < 0.6). Thus, independent signifi-
cant SNPs were equivalent to SNPs that remained after
clumping GWAS-tagged SNPs with the same p-value and r’
threshold. Based on these SNPs, lead SNPs were identified
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when they were independent of other SNPs with a level of
1’ < 0.1. If the linkage disequilibrium (LD) blocks of those
independent significant SNPs were closely positioned
(within +250 kb from the first and last of the LD block),
they were integrated into a genomic risk region. FUMA
defined the lead SNP of the genomic risk region as the ge-
nomic risk loci. FUMA used ANNOVAR to annotate and
map identified variants [28]. Additionally, we performed
MAGMA (Multi-marker Analysis of Genomic Annotation)
gene analysis [29] and conditional and interaction gene-
set analysis (i.e., gene-property analysis) [30] using FUMA.
The gene-property analysis was based on tissue expression
data from Genotype-Tissue Expression (GTEx) v8 [31]. Of
all 54 GTEx tissues, 49 tissues with a sample size of >70
were used.

Gene-set and tissue enrichment analysis

Additional gene-set enrichment analysis was performed
using the DOSE R package [32]. To investigate tissue
type-specific enrichment based on GWAS summary statis-
tics, stratified LD score regression applying to specifically
expressed genes (LDSC-SEG) was performed [33]. Two
gene expression datasets from the GTEx project [31] and
Franke lab [34], of which annotation data had previously
been curated specifically for East Asians by LDSC-SEG
builders, were used for LDSC-SEG [35].

When more than two independent significant SNPs
were identified and remained after validation with other
biomarkers (i.e., log-BUN and eGFR
risk region, conditional analysis was performed using a Ge-
nome-wide Complex Analysis (GCTA) tool [36]. Loci with p
of <5 x 10" were retained after conditional analysis for the

«sc) Within a genomic

most significant SNPs (lowest p-value) within a genomic
risk region. Genotype data from the HEXA cohort, which
had the majority of data, were used as the LD reference for
conditional analysis.

Results
Baseline characteristics and phenotypes
After genotype quality control, 8,384, 58,079, and 7,966 sub-

jects remained in the KARE, HEXA, and CAVAS cohorts, re-
spectively. Among the 58,079 subjects in the HEXA cohort,
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51,902 visited at the first follow-up schedule. Individuals
with missing values and those with DM or albuminuria
were then removed. Finally, 6,848, 44,787, and 6,771 indi-
viduals remained in the KARE, HEXA, and CAVAS cohorts,
respectively (Supplementary Fig. 2, available online).

Table 1 shows the baseline characteristics of the KoGES
cohort. Median serum creatinine levels in KARE, HEXA,
and CAVAS cohorts were 0.80 (interquartile range [IQR],
0.70-1.00), 0.75 (IQR, 0.66-0.89), and 0.91 (IQR, 0.83-1.03),
respectively. The median age of the KARE cohort was lower
than that of the HEXA cohort or the CAVAS cohort. As all
cohorts targeted the general population, the proportion of
CKD patients was low. The highest proportion of CKD, de-
fined by an eGFR of <60 mL/min/1.73 m?, was observed in
the CAVAS cohort.

Histograms indicated that eGFR and eGFR . of each co-
hort were normally distributed, while BUN was more likely
to be normally distributed when it was naturally log-trans-
formed (Supplementary Fig. 3, available online). Hence,
eGFR and natural log-BUN were used as quantitative traits.

Genotypes

After quality control and genotype imputation processes,
4,864,729, 5,741,581, and 5,746,961 variants remained in
the KARE, HEXA, and CAVAS cohorts, respectively. Fol-
lowing meta-GWAS analysis, 1,360 loci were found to be
associated with eGFR at the GWS level. Manhattan plots
of meta-GWAS for eGFR revealed several regions with
significant association (outer circle of Fig. 1). Results from
the meta-GWAS on log-BUN demonstrated that 2,454 loci
were associated at the GWS level (Supplementary Fig. 4,
available online). In addition, 143 SNPs were associated
with eGFR_ at the GWS level. Of 1,360 variants associated
with eGFR, 399 were validated by at least one biomarker
(i.e., log-BUN or eGFR,) and 149 were validated by both
biomarkers (Supplementary Table 1, available online).

Validated loci (yellow points in Fig. 1) showed a similar
pattern to that of a previously reported large GWAS study
(inner circle of Fig. 1) [37]. The inner plot in Fig. 1 illus-
trates 399 validated loci for at least one biomarker. It was
worth noting that the effect (beta) of validated variants was
more prominent in cases where the mean allele frequency
was lower.
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Table 1. Baseline characteristics of HEXA, KARE, and CAVAS cohorts

Characteristic KARE HEXA CAVAS
No. of patients 6,848 44,787 6,771
Age (yr) 49 (44-59) 58 (52-64) 59 (51-65)
40-65 6,281 (91.7) 35,414 (79.1) 5,137 (75.9)
>65 567 (8.3) 9,373 (20.9) 1,634 (24.1)
Male sex 3,163 (46.2) 14,796 (33.0) 2,518 (37.2)
Hypertension 1,949 (28.5) 8,252 (18.4) 2,039 (30.1)
SBP (mmHg) 118 (107-130) 121 (112-132) 122 (111-134)
DBP (mmHg) 71-87) 68-80) 70-85)
BMI (kg/m°) 24.3 (22.4-26.3) 23.5(21.8-25.4) 24.3 (22.4-26.3)

Waist circumference (cm)
Hemoglobin (g/dL)

82.0 (75.7-87.9)

0.80 (0.70-1.00

Albumin (g/dL) 4.3-4.7)
Glucose (mg/dL) 82-92)
HbA1c (%) 5.3-5.8)
AST (IU/L) 22.0(19.0-28.0)
ALT (IU/L) 19.0 (14.0-26.0)
BUN (mg/dL) 13.4 (11.2-16.0)
)

Creatinine (mg/dL)
eGFR (mL/min/1.73 m?)

(
(
(
(
(
9(
(
(
13.5 (12.5-14.7)
5(
87 (
5(
(
(
(
(
(

95.5 (81.8-105.4)

(
(
(
(
(
74 (
(
80.5 (74.8-86.2)
13.8 (13.0-14.8)
6 (4.5-4.8)
5 (89-101)
5(5.2-5.7)
23.0 (20.0-27.0)
19.0 (15.0-24.0)
14.5 (12.2-17.1)
0.75 (0.66-0.89)
92.7 (83.4-99.6)

84.0 (78.0-89.8)
13.7 (12.8-14.7)

87-99)
5.2-5.7)
24.0 (21.0-28.0)
20.0 (16.0-27.0)
15.2 (12.7-18.0)
0.91 (0.83-1.03)
76.1 (68.9-83.4)

€GFRy (ML/min/1.73 m?)
eGFR < 60 (mL/min/1.73 m?) 125 (1.8)

91.0 (78.0-102.2)

(
(
(
(
(
8(
(
(
(
5 (4.3-4.6)
2 (
5 (
(
(
(
(
(
(
865 (1.9) 491 (7.

3)

Data are expressed as number only, median (interquartile range ), or number (%).
There were some missing values: 1) 6 for waist circumference, 24 for glucose level, 1 for HbAlc, and 3 for ALT in KARE cohort; 2) 2 for DBP, 7 for waist
circumference, 5 for hemoglobin, 5 for HbAlc, 1 for AST, 29 for ALT in HEXA cohort; 3) 14 for waist circumference, 475 for HbA1c, 5 for ALT, and 80 for

cystatin C in CAVAS cohort.

ALT, alanine transferase; AST, aspartate transferase; BUN, blood urine nitrogen; BMI, body mass index; CAVAS, Cardiovascular Disease Association Study;
DBP, diastolic blood pressure; eGFR, estimated glomerular filtration rate calculated using serum creatinine by CKD-EPI equation; eGFR ., estimated glo-
merular filtration rate calculated using serum cystatin C by CKD-EPI equation; HbAlc, glycated hemoglobin; HEXA, Health Examinee; KARE, Korean Associ-

ation Resource; SBP, systolic blood pressure.

Functional mapping and annotation

FUMA identified 87 independent significant SNPs, consist-
ing of lead SNPs and 33 genomic risk regions. Of these, 31
loci were validated by at least one biomarker (log-BUN or
eGFR,,) (Fig. 2A). Fourteen loci were validated by both
eGFR_, and log-BUN. Ten loci were validated by log-BUN
and seven loci were validated by eGFR,. Scatterplots of
effect (beta) between eGFR and other biomarkers are also
depicted in Fig. 2 (red dots validated by both log-BUN and
eGFR_y, blue dots validated by log-BUN, and green dots
validated by eGFRc).

Among the 31 validated loci, 11 lead SNPs were iden-
tified within 15 genomic risk regions. When loci within a
single genomic risk region had >2, a conditional analysis
was performed (see Methods section). As a result, 18 loci

remained, and three loci (rs4665985, rs62141288, and
rs35578578) remained significant after conditional analysis
(Table 2).

The median eGFR showed significant differences accord-
ing to the dosage of loci, i.e., the number of effect alleles
(Supplementary Fig. 5, available online). In the HEXA co-
horts, all variants in Table 2 showed significant differences
between genotypes after Bonferroni correction. Only seven
variants (rs1260326, rs33921462, rs744103, rs35578578,
rs35449439, rs2240736, and rs549752) were validated as
significant in the CAVAS cohort. None was validated in the
KARE cohort, although this was likely due to the smaller
sample size of the KARE cohort.

We also investigated whether the effect (beta) of vari-
ants discovered in our study was concordant with that of
a previous large study [37]. Among the 399 loci validated
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Figure 1. Circos plot for GWAS meta-analysis. The outer circle depicts the loci associated with eGFR in KoGES, while the inner circle
represents those in a previously published GWAS by Stanzick et al. [37]. Yellow points indicate validated loci by at least one biomarker
(log-BUN or eGFR,c). The Y-axis denotes -log,(p) for association with eGFR. In the inner circle, the Y-axis was truncated at 40. Red
dotted lines indicate a genome-wide significant level (p =5 x 10®). The inner plot illustrates a correlation between beta and mean al-
lele frequency of validated loci (red points, lead SNPs; blue points, independent significant SNPs; gray points, validated by both log-BUN
and eGFR,).

BUN, blood urine nitrogen; eGFR, estimated glomerular filtration rate calculated using serum creatinine by CKD-EPI equation; eGFR,
eGFR calculated using serum cystatin C by CKD-EPI equation; GWAS, genome-wide association study; KoGES, the Korean Genome and
Epidemiology Study; SNP, single nucleotide polymorphism.

by log-BUN or eGFR

The degree and direction of the effect of loci seemed to be

concordant with the previous report (Fig. 3). Of 18 variants = MAGMA gene analysis was also performed using FUMA,

shown in Table 2, 12 loci were noted. resulting in 65 genes that remained statistically significant
after Bonferroni correction (p,,, < 0.05). Among these

s 333 variants were also observed.  Gene-set and tissue enrichment study
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Figure 2. Independent significant SNPs validated by at least one biomarker, log-BUN or eGFR,.. FUMA identified 87 independent
significant SNPs. (A) Among them, 14 SNPs were validated by both log-BUN and eGFR,,., whereas 56 were validated by none of them.
The concordance between eGFR and log-BUN (B) and that between eGFR and eGFR, (C) are represented. Red dots correspond to
independent significant SNPs validated by both log-BUN and eGFR ., while blue dots represent loci validated by log-BUN (B) and green
dots represent those validated by eGFR . (C).
BUN, blood urine nitrogen; eGFR, estimated glomerular filtration rate calculated using serum creatinine by CKD-EPI equation; eGFR,,
eGFR calculated using serum cystatin C by CKD-EPI equation; SNP, single nucleotide polymorphism.

genes, 33 were located within the genomic risk region (Fig.
4A). Gene-property analysis based on GTEx v8 revealed
that the kidney cortex was the most enriched tissue (Fig.
4B), out of the 49 GTEx tissues (nominal p = 0.002).

To further investigate the significance of these genes,

overrepresentation analysis was performed using the dis-
ease gene network (DieGeNet) [38] for genes that remained
significant after Bonferroni correction from the MAGMA
gene analysis (Fig. 4C, D). Overrepresented genes were
enriched in kidney-associated terms, such as glomerular

www.krcp-ksn.org 7
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Table 2. Validated SNPs within each genomic risk region and mapped gene list

CHR Genomic risk region rsiD Position (b37) EA/NEA (EAF) BETA p-value Cond P Mapped gene list®
1 1:10,702,266- rs3790638 10,707,812 A/G (0.05) 0.84 3.6x107° RP4-734G22.3
10,718,377
2 2:27,598,097- rs1260326° 27,730,940 C/T(0.45) 056 9.6x107" - GCKR
27,844,601
rs4665985° 27,753,878 A/C (0.47) -0.47 22x10" 24x10¥ GCKR, AC109829.1
62141288 27,783,198 A/G (0.33) -0.41 76x10° 76x10*° AC109829.1
2  2:170,165,283-  rs77366165 170,170,804 A/G (0.10) 090 39x10™" LRP2
170,206,062
4 4:77363,639- rs7T677847 77,364,126 A/G (0.35) -0.39 26x10°® SHROOM3
77,414,988
4  4:103,675,108-  rs223471° 103,698,786 C/G (0.36) 042 29x107° MANBA, UBE2D3
103,954,851
5  5:176,757,841-  rs33921462° 176,814,656 A/G (0.31) -0.70 8.0x10* SLC34A1
176,842 474
6  6:43,804,571- rs744103° 43,805,362 T/A(0.14) -0.63 23x10™" - VEGFA, RP11-344J7.2
43,829,941
rs35578578 43,810,526 G/GC (0.10) 0.65 45x10° 6.6x 107 VEGFA, RP11-344J7.2
7  7:1,243525- rs58063923° 1,270,738 T/C(0.33) 041 3.7x10° AC091729.9, UNCX
1,299,800
10  10:847,688- rs17159964 913,064 T/G (0.09) -0.88 32x10™ LARP4B
1,081,293
11 11:30,749,090-  rs56870952 30,750,092 T/TACAAAA- -058 29x107" RP5-1024€24.1, DCDC1
30,777,790 CAAA (0.33)
12 12:111,301,027- rs11066132° 112,468,206 T/C(0.16) -0.84 9.0x10* NAA25
113,117,897
15 15:53,882,419-  rs572528 53,972,484 A/G (0.38) 050 29x10™" WDR72
54,006,275
16 16:20,383,049-  rs35449439 20,385,182 C/G (0.18) 051 3.0x10° PDILT
20,407,196
17  17:59,239,149-  rs2240736° 59,485,393 T/C(0.45) 057 28x107" RP11-332H18.4
59,498,250
18 18:77,156,103-  rs549752" 77,158,225 A/G (0.32) -0.52 38x10" NFATC1
77,160,235

CHR, chromosome; EA, effect allele; EAF, effect allele frequency; NEA, non-effect allele; rsID, reference SNP cluster ID; SNP, single nucleotide polymor-

phism.

“The mapped gene was annotated by ANNOVAR when performing FUMA. ®These data denote an SNP previously linked to kidney trait (e.g., estimated
glomerular filtration rate, uric acid, blood pressure, or serum creatinine). ‘These data indicate an SNP that has been searched for in the genome-wide as-
sociation study catalog without exhibiting an association with kidney traits (rs4665985 for alcohol consumption, triglyceride, and liver fat; rs58063923 for

height).

filtration rate, creatinine measurement, uric acid measure-
ment, and BUN measurements (Fig. 4C). A network plot of
enriched terms revealed several genes shown in Table 2 as
well as known genes associated with renal traits, such as
TBX2.

To investigate tissue enrichment, heritability enrichment
using LDSC-SEG was performed (see Methods section).
The liver was the most significantly expressed tissue in
GTEx (false discovery rate [FDR], <0.05) (Fig. 5A), while the

8 www.krcp-ksn.org

kidney cortex showed nominal significance (nominal p =
0.037, FDR, 0.098). Tissue enrichment in kidneys was sig-
nificant when using the Franke lab dataset (Fig. 5B).

Discussion

In this study, we conducted a GWAS for the trait of eGFR
using a Korea Biobank Array on the Korean population.
There were some previous GWAS studies for Koreans.
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Figure 3. Scatter plot for concordance between studies. Of 399 loci validated by log-BUN or eGFR,,, 333 variants were also iden-
tified in results from a meta-GWAS by Stanzick et al. [37]. The x- and y-axis shows beta and 95% confidence interval from our study
(KoGES) and a previous large meta-GWAS (by Stanzick et al.), respectively. Gray dots represent validated only loci. Blue dots indicate
validated independent significant single nucleotide polymorphisms. Red dots represent validated genomic significant loci.

BUN, blood urine nitrogen; eGFR, estimated glomerular filtration rate calculated using serum creatinine by CKD-EPI equation; eGFR .,
eGFR calculated using serum cystatin C by CKD-EPI equation; GWAS, genome-wide association study; KoGES, the Korean Genome and

Epidemiology Study.

However, one study has only involved the KARE cohort
of KoGES [13]. Another study has reported GWAS results
only for selected patients [14]. In addition, previous Korean
GWAS studies did not perform fine-mapping analysis. We
attempted to define functional annotation and fine-map-
ping and validate discovered loci in this study by compar-
ing them with those found in other previous studies. We
identified 18 SNPs (nine novel ones and nine previously
reported ones) across 15 genomic risk regions spanning 20
genes (Table 2). Furthermore, our GWAS results demon-
strated statistically significant enrichment in kidney-relat-
ed diseases, as confirmed in the DieGeNet database. We

also observed enrichment in kidney and liver tissues, in
agreement with a previous study [37].

Among genes found in this study, some were concordant
with previous reports and their functional roles were also
demonstrated. For example, LRP2, also known as megalin,
has been reported to be a target molecule associated with
anti-brush border antibodies and renal failure (ABBA dis-
ease) [39]. SHROOM3 is well known as a GFR-associated
gene [2,37]. It is associated with the development of kid-
neys in an animal model [40]. A recent study has shown the
role of lysosomal beta-mannosidase (MANBA) expression
in kidney disease. Manba and Ubed2d were expressed in

www.krcp-ksn.org 9
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Figure 4. MAGMA gene analysis and pathway analysis based on significant genes. MAGMA gene analysis identified significant
genes based on GWAS summary statistics. (A) Manhattan plots showing 33 genes located within the genomic risk region that were
significant after Bonferroni correction (p,,, < 0.05). (B) To investigate enrichment in tissues, gene-property analysis was performed. The
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analysis based on disease gene network (DieGeNet).
GTEX, Genotype-Tissue Expression; GWAS, genome-wide association study.

10 www.krcp-ksn.org



Lee, et al. GWAS in Korean population

e Franke lab

4
34
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Tissue
. 3 +  Kidney
= Adipose
2] . ¢ Blood/Immune
. . = CNS
R ® ¢ Cardiovascular
2 1 . . * Digestive
'- = Endocrine
. . Liver
1 -.. § . ® e -~ Musculoskeletal/Connective
¢ Other
. o 17 . -
L] ‘
-. [ 1] - . L 3 LY \
. L P . .
° . . R o "% . - ° .
- ] [} -
0- o, "-..."". PR e, 0 \ - ° \
Tissue Tissue

Figure 5. Heritability enrichment in tissues from GTEx and Franke using LDSC-SEG. Tissue-specific enrichment was performed us-
ing gene expression dataset from GTEx (A) and from Franke lab (B). The red dashed line indicates significance after Bonferroni correc-
tion (p,.n < 0.05). The blue line represents nominal significance (p < 0.05).

LDSC-SEG, linkage disequilibrium score regression applied to specifically expressed genes; GTEX, Genotype-Tissue Expression.

kidney tubule cells and fibroblasts, respectively [41]. The
association of SLC34A1 with kidney disease has already
been reported [3]. Given that mutations in SLC34A1 are
associated with nephrolithiasis, the association between
genotype and phenotype might be due to renal stone-relat-
ed damage to the kidney [42]. PDILT is known to be located
near UMOD and to regulate uromodulin expression [6].
NFATCI is associated with tumor necrosis factor-associat-
ed podocyte injury by NFATC1/ABCA1-dependent mech-
anism [43]. The role of WDR72 remains unclear, although
it has been reported in previous a meta-GWAS study [4].
Recent work showed WDR72 might have a role associated
with uromodulin along with the UMOD-PDILT locus [44].
We searched whether 18 SNPs discovered in this study
were available in the GWAS catalog [45]. Only nine SNPs
(rs1260326, rs4665985, rs223471, rs33921462, rs744103,
rs58063923, rs11066132, rs2240736, and rs549752) could
be found in the GWAS catalog (searched in February 2023).
This was quite different from what was expected, while
previous GWAS discovered many loci associated with kid-
ney traits. This might be attributed to the fact that previous
studies were almost based on European ancestry. Indeed,
the population structure in the KoGES cohort was quite

different from those of other populations (Supplementary
Fig. 1, available online). Hence, we examined the possi-
bility of novel SNPs being in LD with previously reported
SNPs, excluding rs62141288 and rs35578578, which were
determined to be conditional on rs1260326 and rs744103,
respectively (both rs1260326 and rs744103 were previously
identified as kidney-associated SNPs). Of the remaining
SNPs (n = 7), all were found to be in nearly complete LD
with SNPs that were previously known to be associated
with kidneys (Supplementary Fig. 6, available online). In
addition, we conducted an investigation on the associa-
tions between nine SNPs that were not previously identi-
fied in the GWAS catalog and kidney-related traits using
the BioBank Japan database [46]. Among them, six SNPs
(rs3790638, rs62141288, rs77366165, rs7677847, rs572528,
and rs35449439) exhibited a significant association (p < 5
x 107*) with kidney-related traits (Supplementary Table 2,
available online). Given the similarity in ethnicity between
Koreans and Japanese, the novel SNPs discovered in this
study may be extrapolated as specific to the northeastern
Asian population.

Our study has a limitation. It only involved Koreans.
Thus, significant loci were different from previous studies
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and the GWAS catalog. Ethnic differences in population
structure and genetic architecture might have influenced
our results as described above. Most loci discovered by
GWAS were known to be non-coding variants that might
exert regulatory functions [47]. Gene expression varies
according to their ancestry [48]. Given that regulatory
variants might be different between ancestries, lead SNPs
associated with the trait (i.e., eGFR) were different from
other studies based on most of the European population.
However, enrichment analysis showed that tissue-specific
expression was not significantly different from the previous
report. Target genes were expressed in a kidney-specific
manner (Fig. 4, 5), although the concrete pattern of expres-
sion might differ slightly from results from European ances-
try. Therefore, Korean eQTL data for other diseases should
be curated in the future. In addition, the sample size in our
study was not sufficient to draw robust conclusions. Partic-
ularly, the SNPs we discovered did not demonstrate signif-
icance in the KARE or CAVAS cohorts, which increases the
risk of false positives. The number of participants needs to
be increased in future studies.

In conclusion, we discovered several SNPs associat-
ed with kidney traits in the Korean population based on
KoGES, the largest cohort in Korea. We also discovered
that variants were validated in other enrichment analyses.
Although a detailed causality and associated mechanisms
should be elucidated in the future, we found not only con-
cordant results with previous GWAS but also novel loci that
might be specific to the Korean population.
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