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Abstract

Diabetic kidney disease (DKD) is recognized as an important public health challenge. However, its genomic mechanisms are poorly
understood. To identify rare variants for DKD, we conducted a whole-exome sequencing (WES) study leveraging large cohorts
well-phenotyped for chronic kidney disease and diabetes. Our two-stage WES study included 4372 European and African ancestry
participants from the Chronic Renal Insufficiency Cohort and Atherosclerosis Risk in Communities studies (stage 1) and 11 487 multi-
ancestry Trans-Omics for Precision Medicine participants (stage 2). Generalized linear mixed models, which accounted for genetic
relatedness and adjusted for age, sex and ancestry, were used to test associations between single variants and DKD. Gene-based
aggregate rare variant analyses were conducted using an optimized sequence kernel association test implemented within our mixed
model framework. We identified four novel exome-wide significant DKD-related loci through initiating diabetes. In single-variant
analyses, participants carrying a rare, in-frame insertion in the DIS3L2 gene (rs141560952) exhibited a 193-fold increased odds [95%
confidence interval (CI): 33.6, 1105] of DKD compared with noncarriers (P = 3.59 × 10−9). Likewise, each copy of a low-frequency KRT6B
splice-site variant (rs425827) conferred a 5.31-fold higher odds (95% CI: 3.06, 9.21) of DKD (P = 2.72 × 10−9). Aggregate gene-based analyses
further identified ERAP2 (P = 4.03 × 10−8) and NPEPPS (P = 1.51 × 10−7), which are both expressed in the kidney and implicated in renin–
angiotensin–aldosterone system modulated immune response. In the largest WES study of DKD, we identified novel rare variant loci
attaining exome-wide significance. These findings provide new insights into the molecular mechanisms underlying DKD.

Introduction
Over one-third of patients with diabetes will develop chronic
kidney disease (CKD) (1,2), contributing substantially to the over-
all burden of CKD and its sequelae (3,4). As one of the most
common complications of diabetes, diabetic kidney disease (DKD)
is responsible for approximately 50% of end-stage kidney disease
(ESKD) in developed countries (5) and deemed as a major risk
factor for cardiovascular disease and premature mortality (4,6,7).
Despite this public health burden, strategies for the treatment and
prevention of DKD remain suboptimal (8). As a complex pheno-
type influenced by environmental as well as genetic factors (9–12),
the molecular characterization of DKD may provide novel insights
into biological pathways that could be targeted for therapeutic
development. Furthermore, such work could identify individuals
at high risk for disease who might benefit from early, targeted
prevention efforts.

Genome-wide association studies and candidate gene studies,
which focused primarily on common genetic variants, have dis-
covered multiple loci associated with DKD (13–15). However, iden-
tified variants tend to have modest effect sizes and cumulatively
explain only a limited portion of the estimated heritability of
this condition (13,16,17). Few studies have assessed rare variants
which may have large effects and play an important role in
susceptibility to DKD (18–20). The previous sequencing studies
include just one whole-genome sequencing (WGS) study, which
examined 76 Finnish twins with type 1 diabetes who were discor-
dant for kidney disease (18), and one whole-exome sequencing
(WES) study, which investigated diabetes-attributed ESKD among
456 cases and 936 controls (20). Although both of these works
identified promising signals for DKD, sample sizes were relatively
small and no findings achieved statistical significance after strin-
gent correction for multiple testing. Additional WGS and WES
studies leveraging larger samples sizes may further elucidate the
genetic architecture of this condition.

We conducted a WES study of DKD leveraging data from 4372
participants of the Chronic Renal Insufficiency Cohort (CRIC)
and Atherosclerosis Risk in Communities (ARIC) studies. Using
an extreme case control study design, we compared participants
with diabetes and the most rapidly progressing kidney disease
from the CRIC study to controls without DKD from the ARIC
study. In our primary analysis, DKD cases were compared with
healthy controls. Our rationale for this comparison was to identify
variants associated with the full spectrum of the DKD disease
course, from the development of diabetes to the progression to
kidney disease. To discern whether identified signals exerted their

influence through the development of diabetes and/or through
the initiation of kidney disease, which may not be mutually
exclusive, secondary analyses compared DKD cases with diabetes
patients without CKD (diabetes controls). Furthermore, to assess
whether identified variants may act as a more general risk factor
for CKD, regardless of diabetes status, secondary analysis addi-
tionally compared DKD cases with CKD patients without diabetes
(CKD controls). Suggestive signals identified in the stage-1 WES
study were confirmed among 11 487 Trans-Omics for Precision
Medicine (TOPMed) participants with existing WGS data (stage 2).
The overall study design is illustrated in Figure 1.

Results
Characteristics of study participants
Characteristics of the stage-1 and stage-2 study participants
are provided in Table 1 and Supplementary Material, Tables S1
and S2.

Results of stage-1 single-marker analyses
Stage-1 single-variant analyses of multi-ancestry and ancestry-
specific samples identified 196 novel exonic loci achieving sug-
gestive significance (P < 5.00 × 10−5) when comparing DKD cases
with healthy controls. An additional 84 suggestive signals were
identified in secondary analyses comparing DKD cases with dia-
betes controls or CKD controls. Genomic control lambda values
for the stage-1 single-variant analyses ranged from 0.92 to 1.01
(Supplementary Material, Figs S1–S3). Among the identified sig-
nals from stage-1 analysis, 101 achieved exome-wide significance
(maximum P ranging from 3.66 × 10−7 to 9.28 × 10−7; Fig. 2A–C
and Supplementary Material, Tables S4–S12). Reassuringly, there
were an additional 126 suggestive loci that were located in close
proximity (<500 kb) to previously reported kidney disease variants
(21). Among them, 47 reached exome-wide significance. Identified
signals were generally consistent across comparisons of cases
with the three sets of controls (Fig. 2A–C).

Results of stage-1 gene-based aggregate rare
variant analyses
Stage-1 gene-based aggregate rare variant analyses of predicted
loss-of-function (pLOF) variants, missense variants and protein-
altering insertion-deletions (indels) identified 12 suggestive
gene signals when comparing DKD cases with healthy controls
and an additional 3 signals when comparing DKD cases with

https://academic.oup.com/hmg/article-lookup/doi/10.1093/hmg/ddac290#supplementary-data
https://academic.oup.com/hmg/article-lookup/doi/10.1093/hmg/ddac290#supplementary-data
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https://academic.oup.com/hmg/article-lookup/doi/10.1093/hmg/ddac290#supplementary-data
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https://academic.oup.com/hmg/article-lookup/doi/10.1093/hmg/ddac290#supplementary-data
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Figure 1. Study design. In this two-stage whole-exome sequencing study of DKD, an extreme case–control study design was adopted by leveraging
4372 participants of the Chronic Renal Insufficiency Cohort (CRIC) and Atherosclerosis Risk in Communities (ARIC) studies in the stage-1 analysis.
Participants with DKD from the CRIC study were compared with one primary and two secondary control groups without DKD from the ARIC study.
Suggestive signals identified in the stage-1 WES study were confirmed among 11 487 Trans-Omics for Precision Medicine (TOPMed) participants with
existing WGS data (stage-2). Signals achieving an exome-wide significance based on Bonferroni correction in the meta-analysis were reported.

Table 1. Characteristics of study participants

Stage 1 Stage 2

DKD Cases
(N = 593)

Healthy
Controls
(N = 2066)

Diabetes
Controls
(N = 652)

CKD
Controls
(N = 1061)

DKD Cases
(N = 601)

Healthy
Controls
(N = 7502)

Diabetes
Controls
(N = 1572)

CKD Controls
(N = 1812)

Age, mean (SD), year 58.02 (10.08) 74.75 (4.8) 74.54 (4.67) 77.35 (5.34) 68.15 (8.83) 70.87 (4.57) 70.62 (4.33) 70.71 (9.83)
Male, no. (%) 363 (61.21) 775 (37.51) 295 (45.25) 440 (41.47) 236 (39.27) 2162 (28.82) 528 (33.59) 753 (41.56)
Non-European ancestry, no. (%) 297 (50.08) 406 (19.65) 210 (32.21) 210 (19.79) 419 (69.72) 2626 (35.0) 977 (62.15) 704 (38.85)
BMI, mean (SD) 34.41 (8.17) 27.78 (5.29) 30.92 (5.99) 27.91 (5.34) 31.5 (6.16) 27.78 (5.2) 30.69 (5.66) 27.8 (5.3)
SBP, mean (SD), mm Hg 137.04 (21.43) 129.06 (17.0) 127.9 (15.85) 132.08 (19.21) 141.72 (24.33) 133.66 (19.81) 138.18 (19.86) 135.97 (22.46)
DBP, mean (SD), mm Hg 71.18 (12.66) 67.27 (10.27) 65.75 (9.83) 66.55 (11.41) 73.12 (11.41) 72.99 (10.36) 72.19 (10.61) 72.27 (11.71)
Hypertension, no. (%) 587 (99.32) 1635 (79.22) 610 (93.7) 967 (91.14) 539 (89.83) 4517 (60.32) 1280 (81.68) 1355 (74.86)
FPG, mean (SD), mg/dL 149.9 (72.24) 102.44 (9.88) 139.35 (32.85) 102.96 (11.02) 158.14 (70.58) 98.78 (11.52) 157.3 (53.37) 97.57 (11.22)
eGFR, mean (SD),
ml/min/1.73 m2

39.47 (13.44) 77.66 (10.6) 79.52 (11.81) 55.53 (16.23) 45.88 (12.84) 81.51 (11.86) 83.81 (13.38) 49.53 (9.73)

Abbreviations: BMI, body mass index; CKD, chronic kidney disease; DBP, diastolic blood pressure (BP); DKD, diabetic kidney disease; eGFR, estimated glomerular
filtration rate; FPG, fasting plasma glucose; SBP, systolic BP; SD, standard deviation.
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Figure 2. Circos plots display stage-1 signals from analyses comparing DKD cases with healthy controls (inner orange ring), diabetes controls (middle
blue ring) and kidney disease controls (outer yellow ring) for the (A) multi-ancestry participants, (B) European ancestry participants and (C) African
ancestry participants. Inside each ring are peaks of representing the –log P-value of the smallest P-value within a 500 kb-region on genome. The vertical
axis of each ring shows –log P-value (ranging from 0 to 15), with suggestive multi-ancestry signals (P < 1.00 × 10−6) indicated by green coloring and
suggestive ancestry-specific signals indicated by red coloring. Suggestive gene loci are annotated on the outside of the circos plots, with loci shared by
two and all three case–control comparisons colored in light green and dark green, respectively. Loci identified by comparing DKD cases with healthy,
diabetes and kidney disease controls are indicated in orange, blue and yellow, respectively.
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diabetes and CKD controls. Among the identified signals,
five achieved exome-wide significance in stage-1 analyses
(Supplementary Material, Tables S13–S15). No gene signals were
identified in aggregate analyses limited to high-confidence
pLOF variants, likely owing to limited statistical power when
restricted to these variants. In Leave-one-out (LOO) analyses
of suggestive genes, removal of 20 rare variants attenuated the
optimized sequence kernel association test (SKAT-O) P-values
from identified aggregate units by at least one order of magnitude
(Supplementary Material, Tables S16–S18).

Stage-2 and meta-analysis of suggestive DKD
signals from stage-1 single-variant analyses
Two novel variants achieved exome-wide significance and
exhibited consistent effect directions in meta-analyses of stage-1
and stage-2 results comparing DKD cases with healthy controls
(Table 2). In meta-analysis of the multi-ancestry sample, 37
carriers of a rare DIS3L2 in-frame insertion (rs141560952 AGGG
allele) had significantly increased odds of DKD compared with
noncarriers [odds ratio (95% confidence interval [CI]) =193 (34,
1105), P = 3.59 × 10−9; Fig. 3A and Table 2]. This association was
also identified in the analysis of European ancestry participants
[odds ratio (95% CI) =100 (20, 510), P = 3.01 × 10=8; Fig. 3B
and Table 2]. Note that this rare variant was not found in
African ancestry participants in the stage-1 analysis, indi-
cating a European ancestry-specific association. Furthermore,
a low-frequency splice site variant, rs425827 (minor allele
frequency [MAF] = 0.038), at the novel KRT6B locus strongly
associated with DKD in European ancestry participants [odds
ratio (95% CI) = 5.31 (3.06, 9.21), P = 2.72 × 10−9; Fig. 3C and
Table 2]. A suggestive stage-1 signal, in IGHE, failed to achieve
exome-wide significance but demonstrated consistent effect
directions in the stage 2 and achieved a maximum P-value
< 5.00 × 10−5 in meta-analyses of the stage-1 and stage-2 findings
(Supplementary Material, Table S19). This promising variant was
identified in multi-ancestry analyses comparing DKD cases with
healthy controls.

Stage-2 and meta-analysis of suggestive genes
from stage-1 aggregate rare variant analyses
Two suggestive gene signals identified in stage-1 aggregate
rare variant analyses, ERAP2 and NPEPPS, were confirmed
in stage-2 analyses and attained exome-wide significance
(P = 4.03 × 10−8 and 1.51 × 10−7, respectively) in meta-analyses
of multi-ancestry results comparing those with DKD to healthy
controls and kidney disease controls, respectively (Table 3).
Apparent signal-driving variants for ERAP2 and NPEPPS were
identified by LOO analyses and included rs75364820 and
rs1809279, respectively (Fig. 4A and B). However, neither of these
variants were available for assessment in the stage-2 sample.
Furthermore, none of the variants identified by LOO analyses of
suggestive stage-1 gene-based signals were confirmed in stage-2
nor did they achieve exome-wide significance in meta-analyses
(Supplementary Material, Tables S16–S18).

Discussion
In the largest WES study of DKD conducted to date, we identified
four novel gene loci, DIS3L2, KRT6B, ERAP2 and NPEPPS, that
achieved exome-wide significance and may play an important
role in the DKD disease course. The rare and low-frequency
variants robustly identified by our single-variant analyses, DIS3L2
rs141560952 and KRT6B rs425827, respectively, demonstrated

https://academic.oup.com/hmg/article-lookup/doi/10.1093/hmg/ddac290#supplementary-data
https://academic.oup.com/hmg/article-lookup/doi/10.1093/hmg/ddac290#supplementary-data
https://academic.oup.com/hmg/article-lookup/doi/10.1093/hmg/ddac290#supplementary-data
https://academic.oup.com/hmg/article-lookup/doi/10.1093/hmg/ddac290#supplementary-data
https://academic.oup.com/hmg/article-lookup/doi/10.1093/hmg/ddac290#supplementary-data
https://academic.oup.com/hmg/article-lookup/doi/10.1093/hmg/ddac290#supplementary-data
https://academic.oup.com/hmg/article-lookup/doi/10.1093/hmg/ddac290#supplementary-data
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Figure 3. Regional association plots displaying significant signals at (A) DIS3L2 in multi-ancestry analyses comparing DKD cases with healthy controls,
(B) DIS3L2 in European ancestry analyses comparing DKD cases with healthy controls and (C) KRT6B in European ancestry analyses comparing DKD
cases with healthy controls.
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Figure 4. Gene structure plot illustrating the LOO analysis of aggregate signals at gene (A) ERAP2 and (B) NPEPPS.

large effect sizes and, as an in-frame insertion and splice site
variant, respectively, may have causal functional effects on
DKD. Furthermore, ERAP2 and NPEPPS were identified in gene-
based aggregate rare variant analyses. Interestingly, both genes
encode aminopeptidases that are thought to be involved in the
regulation of the renin–angiotensin–aldosterone–system (RAAS)
(22,23) and have been associated with various autoimmune
conditions (24,25). These results shed additional insights into
the molecular mechanisms and biological pathways involved
in the pathogenesis of DKD. Reassuringly, the stage-1 analysis
also identified 126 suggestive associations within known kidney
disease loci from previous GWAS studies. In total, our findings
provide some of the first empirical evidence for a role of rare and
low-frequency variants in the genetic architecture of DKD and
highlight the added value of aggregate rare variant analyses in
gene discovery.

Thirty-seven carriers of a 3 bp in-frame insertion in exon 14
(rs141560952) of the DIS3L2 gene exhibited a remarkable 193-
fold increased odds of DKD compared with noncarriers in meta-
analyses. While exome-wide significance was achieved only when
comparing DKD cases with healthy controls, effect sizes were
consistent in analyses of CKD controls. These findings suggest
that DIS3L2 may be a risk factor for DKD, but not other CKD
subphenotypes. Furthermore, the moderate but incomplete atten-
uation of the association signal when comparing DKD cases with
diabetes controls indicates that diabetes status may not com-
pletely mediate the observed association between DIS3L2 and
DKD. DIS3L2 might instead promote diabetes while also influenc-
ing the development of kidney disease among patients with dia-
betes. We note caution in this interpretation as the possible medi-
ation effect was based on separated case control analyses instead
of a formal mediation analysis, which is not suitable for this study
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population and for rare variants. DIS3L2 encodes a 3′-5′ endonu-
clease that helps to mediate the degradation of both messen-
ger RNA (mRNA) and microRNA (miRNA) and has been linked
to abnormal mitosis (26–28). Functional studies of DIS3L2 have
demonstrated that germline mutations to the DIS3L2 gene were
responsible for Perlman syndrome, (27) an autosomal recessive
disorder resulting in kidney enlargement and high risk of Wilms
tumor. A recent study further described the underlying molecular
mechanism of renal abnormalities of the Perlman syndrome. A
defective DIS3L2 function could cause dysregulations in endo-
plasmic reticulum-associated mRNA translation and intracellular
calcium homeostasis, both are critical for proper function of kid-
ney and other organs (26). In addition, the DIS3L2 locus has been
associated with body mass index (BMI) by previous GWAS studies
(21). However, in post-hoc analyses, adjustment for BMI did not
attenuate our findings (data not shown). Although experimental
studies are warranted to confirm the functional effects of the
rs171560952 variant, these results provide compelling evidence
for a role of DIS3L2 in DKD.

A low-frequency variant in a splicing region of the KRT6B
gene, rs425827, also achieved exome-wide significance in analyses
comparing DKD cases with healthy controls. In meta-analysis,
each copy of the minor A allele of this variant conferred 5.3-fold
higher odds of DKD. Although findings did not achieve exome-
wide significance in analyses comparing DKD cases with diabetes
and CKD controls, the effect sizes were consistent to those of
the main analysis of the larger sample of healthy controls. As
an isoform of keratin, KRT6B is expressed in the skin, esophagus
and minor salivary gland, as well as in female tissues, according
to gene expression data from Genotype-Tissue Expression project
(29). The rs425827 variant has also been identified as an expres-
sion quantitative trait locus for KRT76 (29), a nearby gene encoding
a keratin protein that is also expressed in the digestive tract. Given
the predicted functional relevance of this variant in both KRT6B
and KRT76, along with the high density of genes in this region of
chromosome 12, future studies will be needed to better localize
this promising signal.

Stage-1 gene-based analyses identified a suggestive signal at
ERAP2 which was successfully confirmed and achieved exome-
wide significance in meta-analysis of stage-1 and stage-2 results
comparing DKD cases with healthy controls. Of note, a high-
confidence pLOF variant in ERAP2 (rs75364820) appeared to drive
the gene-based signal in the stage-1 analysis. This same variant
was identified in stage-1 single-variant analysis, where it achieved
genome-wide significance. Unfortunately, its lack of availability
in the stage-2 sample prohibited confirmation of the relevance of
rs75364820 to DKD. Nonetheless, ERAP2, which encodes a zinc-
metallo aminopeptidase, is itself a promising DKD gene candi-
date. ERAP2 is expressed in the kidney and known to convert
angiotensin II to angiotensin III, helping to regulate the RAAS
(22,30). Furthermore, ERAP2 has been previously associated with
a number of autoimmune conditions (24,25,31,32). These findings
lend further credence to emerging evidence suggesting a role
for RAAS-related immune activation in promoting renal injury
and fibrosis (33). The ERAP2 locus was additionally reported to
associate with 2-h oral glucose tolerance in GWAS study (34).
This latter finding suggests that diabetes might mediate the
relationship between ERAP2 and DKD. Indeed, the stage-1 signal
was completely attenuated when comparing DKD cases with
diabetes controls; however, the association remained nominally
significant in corresponding analyses in the stage-2 study, limit-
ing our interpretation of this finding. Hence, further research to
elucidate whether ERAP2 influences DKD through the initiation of
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diabetes and/or the promotion of CKD among diabetes patients is
needed.

In gene-based aggregate rare variant analyses, NPEPPS achieved
exome-wide significance when comparing DKD cases to controls
with CKD but free from diabetes. Because the signal was com-
pletely attenuated in analyses comparing DKD cases with dia-
betes controls, our data suggest that the association may be medi-
ated by diabetes status. However, we note caution in this inter-
pretation given the small number of participants with rare vari-
ants in the NPEPPS gene. NPEPPS encodes a puromycin-sensitive
aminopeptidase which is ubiquitously expressed in 27 tissues,
including the kidney (25,35). Like ERAP2, NPEPPS is thought to be
involved in the RAAS (23) and has been linked to autoimmune
conditions (24,25,36) as well lipid and hematologic phenotypes
(37). However, we are the first to report an association with DKD.
Functional studies to validate NPEPPS in diabetes-related kidney
disease and identify relevant functional variants are warranted to
follow-up on these promising findings.

Our study has several important strengths. By using a powerful
extreme case–control design and limiting the study to a more
homogeneous DKD phenotype we were able to identify robust
signals for DKD in a relatively small sample (38,39). Furthermore,
our unique analysis strategy, which leveraged three sets of con-
trols, allowed us to better interpret whether identified genes and
variants were related to DKD specifically or CKD more gener-
ally, promoted DKD among diabetes patients, or associated with
DKD by increasing the risk of diabetes as an intermediate vari-
able. Other strengths include sophisticated statistical modeling
to handle the case–control imbalances in single and aggregate
rare variant analysis and the use of multi-ancestry samples to
identify genomic signals relevant to diverse populations. Several
limitations of this study also warrant mention. Although our work
represents one of the largest sequencing studies focused on DKD
to date, the sample size likely restricted our ability to detect
genetic associations, particularly in ancestry-stratified analysis
as well as the secondary analysis of DKD vs. diabetes controls. In
addition, kidney biopsy is the gold standard method for the identi-
fication of DKD (40–42), which was not feasible for defining cases
in this large-scale epidemiologic study. However, to minimize
misclassification, which could reduce statistical power, DKD cases
were stringently defined in the stage-1 sample as patients with
diabetes and CKD who not only had the most rapidly declining
estimated glomerular filtration rate (eGFR) but also a baseline 24-
hour urinary albumin excretion ≥30 mg/day, another important
indicator of DKD (40). In stage-2, this criterion was relaxed due to a
lack of availability of urinary albumin measurements in TOPMed
participants. Additional limitations of this study include an inabil-
ity to distinguish type 1 diabetes from type 2 diabetes and adjust
for diabetes duration in the analysis, which again was due to a lack
of available data for these variables. Furthermore, despite using
sophisticated analytic methods to improve estimation of P-values
for rare variants in the case–control analysis (43), the penalized
quasi-likelihood followed by the saddlepoint approximation (SPA)
in SAIGE could result in poorly estimated parameters for rare
variants. In addition, the estimated parameters for rare variants
might be influenced by adjustments of included covariates. While
we attempted to mitigate this phenomenon by performing stage-
2 analyses using GENESIS software, a careful and conservative
interpretation of the odds ratios derived from the meta-analysis
is recommended. In post-hoc evaluations, the odds ratios of the
two identified loci were largely consistent across software (SAIGE
and GENESIS) and covariable adjustments in the stage-1 analyses
(data not shown).

In summary, our study identified two potentially functional
variants, a rare DIS3L2 indel and low-frequency KRT6B single-
nucleotide variant (SNV), which were robustly associated with the
DKD disease course in a diverse sample of study participants.
DIS3L2 rs141560952 and KRT6B rs425827 demonstrated strikingly
large effects on DKD, providing compelling support for a role
of these loci in DKD, which may, in part, be explained by their
promotion of diabetes. In addition, aggregate gene-based anal-
yses of rare variants implicated ERAP2 and NPEPPS, which are
aminopeptidases believed to play a role in RAAS activation and
immune response. These data provide further support for the role
of RAAS-related immune activation not just in kidney damage
but in the development of diabetes that precedes DKD. In total,
our findings provide new insights into the molecular mechanisms
underlying DKD, which could potentially be leveraged to aid in the
prevention of DKD, from the development of diabetes to related
kidney damage.

Materials and Methods
Study population
The overall study design is illustrated in Figure 1. Our stage-1
study employed an extreme case–control design, which included
the selection of the 593 most rapidly progressing DKD cases
from the CRIC study. DKD was defined as: (1) a history of dia-
betes at baseline; (2) 24-h urinary albumin excretion ≥30 mg/-
day; and (3) eGFR < 60 mL/min/1.73m2 (40). Among CRIC par-
ticipants with DKD, we selected 297 African ancestry and 296
European ancestry participants with the most rapid decline in
kidney function based on eGFR measured annually in up to
12 years of follow-up. Post-hoc analyses demonstrated that the
selected DKD cases have a hazard ratio of 4.50 for DKD progres-
sion incident compared with other participants with diabetes in
CRIC (Supplementary Material, Table S20). Cases were compared
with three sets of controls selected from the ARIC study, including
2066 healthy controls in our primary analysis, as well as 652
diabetes controls and 1061 diabetes-free CKD controls in sec-
ondary analyses. ARIC study controls included ancestrally African
and European participants, who at the fifth study visit [means
(SD) age = 75.44 (5.09)] had (1) neither diabetes nor CKD (healthy
controls); (2) diabetes but no CKD (diabetes controls); and (3)
CKD but no diabetes (CKD controls). Diabetes was defined as a
fasting plasma glucose (FPG) ≥126 mg/dL, non-fasting glucose
(fasting time < 8 h) ≥200 mg/dL or the use of glucose lowering
medications. CKD was defined as an eGFR < 60 mL/min/1.73 m2

or spot urine albumin-to-creatinine ratio ≥ 30 μg/mg.
Stage-2 analyses leveraged WGS data from participants of 11

TOPMed program studies (44) (TOPMed sequencing methods,
freeze 8 [https://topmed.nhlbi.nih.gov/topmed-whole-genome-
sequencing-methods-freeze-8]), which included the Amish
Complex Disease Research program, Cardiovascular Health Study,
Framingham Heart Study, Genetic Studies of Atherosclerosis
Risk, Genetic Epidemiology Network of Arteriopathy, Genetic
Epidemiology Network of Salt Sensitivity, Hypertension Genetic
Epidemiology Network, Jackson Heart Study, Multi-ethnic Study
of Atherosclerosis, Hispanic Community Health Study-Study of
Latinos and Women’s Health Initiative. Among 32 733 multi-
ancestry participants with kidney function and diabetes pheno-
types, we selected 11 487 who met the criteria for categorization
into the DKD case or one of the three control groups. In the
stage-2 study, DKD cases were defined as participants with both
diabetes and CKD (N = 601). Controls included participants with:
(1) no evidence of diabetes and no evidence of CKD by 65 years

https://academic.oup.com/hmg/article-lookup/doi/10.1093/hmg/ddac290#supplementary-data
https://topmed.nhlbi.nih.gov/topmed-whole-genome-sequencing-methods-freeze-8
https://topmed.nhlbi.nih.gov/topmed-whole-genome-sequencing-methods-freeze-8
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of age (healthy controls; N = 7502); (2) diabetes but no evidence
of CKD by 65 years of age (diabetes controls; N = 1572); and (3)
participants with no evidence of diabetes but with CKD (CKD
controls; N = 1812). Diabetes was defined as FPG ≥126 mg/dL,
non-fasting glucose (fasting time < 8 h) ≥200 mg/dL or the use
of glucose lowering medications, and CKD was defined as an
eGFR < 60 mL/min/1.73 m2. TOPMed study cases and controls
included participants with African ancestry, European ancestry
and other ancestry groups. Descriptions of stage-1 and -2 studies
are detailed in Supplementary Methods.

This study was approved by the Tulane University Biomedical
Institutional Review Board.

Exome sequencing and variant calling
DNA samples were prepared and sequenced by Illumina HiSeq
platforms in pair-end mode, followed by sequencing data process-
ing using the Mercury pipeline with human reference genome
GRCh37 (Supplementary Methods). Variant discovery (SNVs and
indels) and genotype calling were conducted jointly across CRIC
and ARIC study samples.

Quality control
Each variant call (SNV and indel) was filtered to produce a
high-quality variant list using standard criteria (Supplementary
Methods). This was followed by variant-level and sample-
level quality controls, which filtered variants outside the exon
capture regions, multi-allelic sites, missing rate > 5%, differential
missingness case–control status, mapping score < 0.8, mean
depth of coverage > 500-fold, Hardy–Weinberg equilibrium
tests (P < 5 × 10−6) in ancestry-specific groups, sample-level
missingness > 5%, excessive heterozygosity, etc. (Supplementary
Methods).

Association analysis
Stage-1 multi-ancestry and ancestry-stratified single-variant
association tests comparing cases with each of the three control
groups were performed using SAIGE (V0.41) (43). SAIGE employs
a generalized mixed model association test that accounts for
sample relatedness and case–control imbalance. Variants with
minor allele count (MAC) ≥ 10 were individually tested for
association with DKD in all analyses. An empirical kinship
matrix was used in SAIGE to control for population structure
and relatedness within the sample. Covariates including baseline
age, sex and the top 11 ancestry principal components (PCs) were
included in the model (Supplementary Material, Fig. S4). BMI was
additionally adjusted in sensitivity analyses. Identified variants
achieving exome-wide suggestive significance (P < 5.00 × 10−5)
(20,45) were moved forward for stage-2 analysis. Novel loci were
defined as those with lead variants that were neither in close
proximity (>500 KB) nor correlated (r2 < 0.1) with previously
reported DKD or kidney function-related variant identified
through curation of the NHGRI-EBI GWAS Catalog (21).

For rare variants, gene-based aggregate association tests were
conducted. First, functional annotation was performed on all
variants using the WGS Annotator (WGSA) (46). Then, rare
variants with MAC ≥2 and MAF < 1% were aggregated into gene
units using two design motifs: (1) variants were annotated as
pLOF variants, missense variants and protein-altering indels
in Variant Effect Predictor (VEP) ensemble consequences and
have a FATHMM-XF score > 0.5 (47) and (2) high-confidence pLOF
variants. The pLOF variants were defined by the Ensembl VEP as
likely to have a loss of function consequence (48), which included
belonging to any of the following categories: ‘transcript_ablation’,

‘splice_acceptor_variant’, ‘splice_donor_variant’, ‘stop_gained’,
‘frameshift_variant’, ‘stop_lost’, ‘start_lost’ and ‘transcript_
amplification’. High-confidence pLOF variants are defined by
the VEP annotation of ‘HC’ LOF. Multi-ancestry and ancestry-
specific aggregate association analyses of rare variants were then
performed using SAIGE-GENE (49), a generalized mixed model
similar to SAIGE but designed for aggregate association tests. We
used the SKAT-O (50) implemented in SAIGE-GENE to evaluate
associations between aggregated rare variant gene units and DKD
employing the same analytical frameworks described for single-
variant analyses. LOO analyses were conducted to identify signal-
driving variants among aggregate units achieving suggestive
significance (P < 5.00 × 10−5). Any aggregate gene unit or variant
whose removal attenuated the SKAT-O P-value by one order of
magnitude or more was moved forward for stage-2 analysis.

Stage 2 and meta-analysis
Stage-2 analyses of multi-ancestry and ancestry-specific single
and aggregate rare variant signals were performed on the Analysis
Commons cloud-based platform following an analytical frame-
work similar to that of the stage-1 (51). The GENESIS package
(52) was used to perform association tests with the ‘SPA.score’
testing option enabled, which corresponds to the same statistical
method in SAIGE/SAIGE-GENE packages employed in the stage-
1 analysis pipeline. In rare instances of convergence failure, the
default ‘Score’ test was used. All analyses again adjusted for sex,
age, study and the top 11 ancestry PCs. For gene-based aggregate
association analysis, WGSA annotation was again used to form
gene-based units for stage-2 testing.

Results of single-variant analyses were meta-analyzed across
stage-1 and stage-2 using standard inverse-variance-weighted
methods (53). Exome-wide significance, which has a larger P-
value threshold than the GWAS analysis due to less multiple-
testing for exome-region variants, was determined based on a
Bonferroni correction for the number of single-variant tests in
each analysis, with maximum P-values for discerning exome-
wide significance ranging from 3.66 × 10−7 (0.05/136454 tests) to
9.28 × 10−7 (0.05/53904 tests). Robustly identified signals included
those that achieved exome-wide significance in meta-analysis,
demonstrated consistent effect sizes across the stage-1 and -2
analyses (based on effect directions and a conservative hetero-
geneity P > 1.00 × 10−3) and achieved a minimum P-value in the
pooled analysis of stage-1 and -2 results.

For meta-analyses of gene-based signals, Fisher’s method was
employed (using the stats function in SciPy), which does not
require the same variants to be tested across the stage-1 and
stage-2. A standard P < 2.00 × 10−6 was used for discerning exome-
wide significance, which assumes up to 25 000 gene-based tests.
Robust gene-based signals were identified as those achieving
nominal significance in the stage-2 analysis and exome-wide
significance in meta-analysis.

Data and resource availability
The data supporting the findings of this study are available in
the following repositories: the phenotype and genotype data
of the ARIC study are available through dbGaP (accession no.
phs000280). The phenotype data of the CRIC study are available
through dbGaP (accession no. phs000524). The variant calling
data and summary statistics of the CRIC WES data generated in
this study will be deposit to the CRIC study at phs000524. The
phenotype and genotype data of the TOPMed data used in this
manuscript are available through dbGaP. The dbGaP accession

https://academic.oup.com/hmg/article-lookup/doi/10.1093/hmg/ddac290#supplementary-data
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numbers for each TOPMed studies are referenced in the TOPMed
main paper. The TOPMed genotype data can be also accessed
through Analysis Commons platform upon approval.

Supplementary Material
Supplementary Material is available at HMGJ online.
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