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Abstract

Background Polygenic scores (PGSs) combining genetic variants found to be associated with creatinine-based esti-
mated glomerular filtration rate (eGFR_.,) have been applied in various study populations with different age ranges.
This has shown that PGS explain less eGFR_,, variance in the elderly. Our aim was to understand how differences in
eGFR variance and the percentage explained by PGS varies between population of general adults and elderly.

Results We derived a PGS for cystatin-based eGFR (eGFRcyS) from published genome-wide association studies. We
used the 634 variants known for eGFR_, and the 204 variants identified for eGFR_; to calculate the PGS in two com-
parable studies capturing a general adult and an elderly population, KORA S4 (n=2,900; age 24-69 years) and AugUR
(n=2,272,age >70 years). To identify potential factors determining age-dependent differences on the PGS-explained
variance, we evaluated the PGS variance, the eGFR variance, and the beta estimates of PGS association on eGFR.
Specifically, we compared frequencies of eGFR-lowering alleles between general adult and elderly individuals and
analyzed the influence of comorbidities and medication intake. The PGS for eGFR_,., explained almost twice as much
(R?=9.6%) of age-/sex adjusted eGFR variance in the general adults compared to the elderly (4.6%). This difference
was less pronounced for the PGS for eGFR. (4.7% or 3.6%, respectively). The beta-estimate of the PGS on eGFR .,
was higher in the general adults compared to the elderly, but similar for the PGS on eGFR ;. The eGFR variance in the
elderly was reduced by accounting for comorbidities and medication intake, but this did not explain the difference in
R%-values. Allele frequencies between general adult and elderly individuals showed no significant differences except
for one variant near APOE (rs429358). We found no enrichment of eGFR-protective alleles in the elderly compared to
general adults.

Conclusions We concluded that the difference in explained variance by PGS was due to the higher age- and sex-
adjusted eGFR variance in the elderly and, for eGFR,, also by a lower PGS association beta-estimate. Our results
provide little evidence for survival or selection bias.
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Background

Polygenic scores (PGSs) have been widely applied as
parameters for the individual genetic predisposition
for complex traits and diseases [1]. A PGS is defined as
the sum of alleles associated with a certain disease or a
disease-related biomarker, weighted by the effect size
of each variant derived from genome-wide associa-
tion studies (GWAS) [2]. PGSs have shown promising
results to identify individuals at high genetic risk for
complex diseases at a comparable level as carriers of
monogenic mutations [3]. A typical complex disease is
chronic kidney disease (CKD), with multiple genetic as
well as non-genetic risk factors. Diabetes and hyperten-
sion are known risk factors for renal failure and kidney
disease progression [4, 5]. CKD is one of the most com-
mon diseases worldwide with a prevalence of>10% and
high morbidity and mortality [6]. Kidney function is typi-
cally assessed by glomerular filtration rate estimated by
serum creatinine (eGFR,,) or cystatin C (eGFR_,,) [7, 8].
A recent large GWAS in 1,201,909 individuals has identi-
fied 424 genetic loci including 634 independent genetic
variants associated with eGFR_,, (P<5x107%) [9].
GWAS summary statistics for eGFR_; based on 460,826
individuals has been made available, but an independent
set of genome-wide significant variants for eGFR,, to
build a PGS has not yet been generated. These GWAS on
eGFR,,, and eGFR included primarily individuals at
the general adults’ age: the largest contributing study was
UK Biobank (age range =40-69 years).

The PGS based on the 634 variants had been applied
to various studies of different age ranges: the propor-
tion of the eGFR variance adjusted for age and sex
that was explained by the PGS varied substantially:
9.3%, 5.8%, or 4.2%, in UK Biobank (n=436,581, age
range=40-69 vyears), the Norwegian HUNT study
(n=26,254, age range=20-99 vyears), or the German
AugUR study (n=1,105, age range=70-95 vyears),
respectively [9]. The reasons for the observed smaller
genetically explained variance in elderly individuals
remained elusive. The explained variance expressed
as R? is commonly used to assess the informative value
of a PGS. It depends on the phenotype variance of the
respective study, the size of the PGS association with the
phenotype, and the variance of the PGS. The phenotype
variance can vary across study populations due to differ-
ences in factors that are associated with eGFR like age,
comorbidities, and medication intake. The size of the
PGS association with eGFR may differ between general
adults and elderly, when the effect sizes of some genetic
variants in the PGS differ by age. The extent to what age
modifies genetic effects on eGFR is unknown.

The PGS variance might differ between elderly and
general adults when the elderly’s allele frequencies of the
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included genetic variants may be subject to a potential
survival or selection bias [10, 11]: morbidity- or mor-
tality-protective alleles might be enriched in the elderly.
Since cystatin C has been discussed in conjunction with
successful aging and longevity [12], comparing allele fre-
quencies between general adults and elderly might be
particularly relevant for a PGS for eGFR .

Hence, our aim was to investigate the amount of eGFR
variance that can be explained by PGS in elderly com-
pared to general adults. For this, we analyzed two kidney
function biomarkers, eGFR_,, and eGFR_,, which both
estimate glomerular filtration rate, in individuals from
two comparable studies capturing different age ranges:
AugUR (Altersbezogene Untersuchungen zur Gesund-
heit der Universitit Regensburg, age>70 years) [13] and
KORA S4 (Kooperative Gesundheitsforschung in der
Region Augsburg, age 24—69 years) [14]. Using GWAS
summary statistics from Stanzick et al. [9], we derived
independent genome-wide significant variants associated
with eGFR_,, or eGFR_ and the respective allelic effect
sizes. In the AugUR and KORA S4 individuals, which
were independent studies from the variant identifying
GWAS, we computed the PGS based on these variants
and compared the PGS association with eGFR between
the studies.

Results

Participant characteristics

When restricting the AugUR and KORA S4 study data to
individuals with available eGFR,, or eGFR_ assessment
and genetic information, the analyzed samples yielded
2,900 KORA S4 participants and 2,272 AugUR partici-
pants. We compared the participant characteristics and
found the prevalence of diseases and medication intake
to be higher in the study of elderly individuals and the
mean eGFR to be lower (Table 1).

PGS distribution in elderly and general adults

Based on published GWAS summary statistics for
eGFR,,, and eGFR_ adjusted for age and sex [9], we
selected the known 634 independent genome-wide sig-
nificant variants for eGFR_, and identified 205 inde-
pendent genome-wide significant variants for eGFR
(634/633 and 204/204 available in AugUR/KORA
S4, Supplementary Table 1). To compute the PGS
for eGFR,,, and for eGFR. (PGS_eGFRcrea, PGS_
eGFRcys) in each KORA S4 and AugUR participant,
we counted the eGFR-lowering alleles, weighted each
count by the allelic effect size determined in GWAS, and
divided this by the sum of the weights. By this, one unit
of the weighted PGS refers to one allele of average effect
on eGFR.
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Table 1 Participant characteristics in AugUR (n=2,272) and KORA S4 (n=2,900). Shown are the characteristics of the AugUR study
where all individuals are > 70 years old and the KORA S4 study restricted to participants < 70 years, in order to have a fully distinct age
range in the two otherwise comparable studies. Values are given as mean with standard deviation or as percentage and number;
range of phenotype trait is given for all continuous traits

AugUR KORA S4
Characteristic Mean +SD Min, Max Mean +SD Min, Max
Age [years] 784+50 70,95 462+126 24,69
Women 51.5% (n=1,170) - 52.8% (n=1,532) -
BMI [kg/mz]a 27.7+£45 15.66, 52.99 268+4.7 15.8,55.1
Education [years]® 123+34 6,23 11.79+2.64 8,17
Never smoking 55.5% (n=1,258) - 41.1% (n=1,193)
Former smoking 39.2% (n=888) - 31.7% (n=919)
Current smoking 53% (n=119) - 27.2% (n=788)
CAD" 15.5% (n=351) - 1.7% (n=49) -
Diabetes? 20.9% (n=474) - 3.1% (n=89) -
Antidiabetics 16.3% (n=371) - 2.6% (n=74)
Hypertension® 72.7% (n=1,651) - 32.0% (n=927) -
Antihypertensives 67.5% (n=1,534) - 13.6% (n=395) -
Heart failure’ 14.7% (n=335) - 22% (n=64) -
High-ceiling diuretics 12.8% (n=290) - 1.3% (n=38)
Creatinine (serum) [mg/dL] 09403 04,52 08+0.2 04,22
eGFR ,2[mL/min/1.73m?] 67.7+159 9.9,106.7 9534155 24.3,1339
Cystatin C (serum) [mg/L] 12+£03 0.7,52 08+0.2 0.14,3.3
eGFRCySh [ 609+16.8 85,1063 99.2+18.1 154, 2485
mL/min/1.73m?]
CKD' 29.6% (n=673) - 1.5% (n=43) -
PGS (eGFR,, Unweighted) 62784152 579.7,679.0 6264+148 571.9,681.1
PGS (eGFRCys, unweighted) 2046+88 175.8,229.1 2045487 173.2,2352
PGS (eGFR,., Weighted) 614.7+14.0 561.0,661.5 6132+133 565.9,665.9
PGS (eGFRCW weighted) 2122485 179.7,238.7 2122484 181.3,2455

2 BMI=body-mass-index

b Education was derived from school years plus the years with job or university training

¢ Coronary-artery disease (CAD) was defined as self-reported history of myocardial infarction or percutaneous coronary intervention or coronary bypass surgery

(AugUR) or as myocardial infarction treated as inpatient (KORA S4)

9 Definition for diabetes was based on self-reported diabetes or intake of antidiabetics

€ Hypertension was defined based on the measurements at the study center and/or intake of anti-hypertension medication (excluding high-ceiling diuretics)

fHeart failure (HF) was assessed by self-reported presence of the disease (AugUR) or self- reported treated heart failure (KORA S4)

9 eGFR,,., = estimated glomerular filtration rate using creatinine values (CKD EPI 2009)

P eGFR

i Chronic kidney disease (CKD) was determined as eGFR,, <60 mL/min/ 1.73 m?

s =estimated glomerular filtration rate using cystatin C (CKD EPI 2012)

J PGS (eGFR.,, unweighted/ weighted) = polygenic score including 634 independent, genome-wide significant variants associated with eGFR_,; for KORA-S4
genotypes only 633 variants were available for PGS calculation. rs34188292 (MAF =0.265, effect =-0.0019) was excluded

kPGS (eGFR
eGFR

cys

cys’

We compared the PGS_eGFRcrea and PGS_eGFRcys
distribution between the two studies (KORA S4 versus
AugUR, n=2,900 and 2,272). We found a similar dis-
tribution in the general adults compared to the elderly
(Fig. 1) and a similar variance of the PGS (PGS_eGFR-
crea: 14.0% versus 13.3%, PGS_eGFRcys: 8.5% versus 8.4% in
KORA S4 or AugUR, respectively, Table 1). The PGS was

unweighted/ weighted) = weighted/ unweighted polygenic score including 204 independent, genome-wide significant variants associated with

associated with eGFR by PGS categories in both studies,
as expected (Supplementary Fig. 1).

PGS-explained variance for eGFR adjusting for age and sex
We analyzed the PGS association with age- and sex-
adjusted residuals of eGFR,, and eGFR., by linear
regression in each study: in the general adults, 9.6% of the
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Fig. 1 The distribution of PGS for eGFR in general adults and elderly. In each of the general adults (KORA S4, n=2,900, magenta) and the elderly
(AugUR, n=2,272, blue), we show the distribution of the weighted PGS for eGFR_, (A) or eGFRCyS (B). Overlapping intervals are coloured in dark
purple. The y-axis shows the relative frequencies and the x-axis PGS_eGFRcrea or PGS_eGFRcys, respectively

age- and sex-adjusted eGFR,, variance was explained
by the PGS, and thus almost twice as high than the
explained variance in the elderly (4.6%). This was simi-
lar for eGFR,y,, but the difference was less pronounced
(R®=4.7% versus 3.6%). The beta-coefficient for the PGS
association was slightly higher in general adults com-
pared to elderly for eGFR_,, (-0.29 [-0.33, -0.26] and
-0.23 [-0.28, -0.19] mL/min/1.73m? per one unit increase
in PGS, respectively) and similar for eGFR (-0.35 [-0.41,
-0.29] versus -0.35 [-0.42, -0.27] mL/min/1.73m? respec-
tively). These and all further analyses were adjusted for
ten principal components to account for potential study-
specific sub-populations. Residual plots showed no evi-
dence of non-linearity (Supplementary Fig. 2). The age-/
sex-adjusted eGFR variance was smaller in general adults
than in elderly (eGFR.,: 157.65 versus 228.93; eGFR:
186.38 versus 234.68 respectively). In general adults,
the higher absolute genetic effect (beta of the PGS) on
eGFR,,., and the smaller age-/sex-adjusted eGFR_,,, vari-
ance could explain the larger R* of the PGS for eGFR,
compared to elderly. The larger R? for eGFR in gen-
eral adults could be explained by the smaller age-/sex-
adjusted eGFR_, variance in general adults compared to
elderly.

Influence of age, sex, comorbidities, and medication intake
on eGFR variance

We analyzed whether the observed differences in the
PGS-explained variance between elderly and general
adults were also due to differential frequencies of comor-
bidities or medication intake. We thus quantified the

impact of comorbidities and respective medication intake
on eGFR via univariable linear regression. Age showed
a particularly high explained variance for eGFR in gen-
eral adult (R*=34% for eGFR ,, 43% for eGFR ,, Fig. 2,
Supplementary Table 2a, b). In the elderly, age (R>=10%
for eGFR_,¢,, 17% for eGFR_,,) and high-ceiling diuretics
intake (R*=10% for eGFR,,,,, 14% for eGFR,,) showed
the highest explained variance. BMI explained more of
the variance in eGFR_, than eGFR,,, and more in the
general adults compared to the elderly. A higher percent-
age of eGFR variance was explained by diabetes in the
elderly compared to the general adults, in line with the
higher diabetes prevalence in the elderly (20.9% versus
3.1%). Of note, our definitions of diabetes and antidia-
betic intake are largely overlapping, as are the definitions
of hypertension and anti-hypertensive intake. In sum-
mary, we observed a differential pattern of the impact of
comorbidities and medication intake on eGFR between
general adults and elderly.

PGS-explained variance for eGFR after adjusting

for comorbidities

We were interested in the PGS-explained variance of
eGFR after adjusting for comorbidities. We compared
the results from the previous model on age-/sex-adjusted
eGFR (model 1) to the model further adjusting for BMI
(model 2), then further for hypertension and diabetes
(model 3) and then also adjusting for high-ceiling diu-
retics intake and CAD (model 4). The evaluated factors
capture comorbidities related to eGFR: diabetes, hyper-
tension, and CAD as well as increased BMI and heart
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Fig. 2 Influence of covariables on eGFR in the elderly and the general adults. Univariable linear regression was performed to estimate the

association of each covariable (rows) with eGFR ., and eGFR

in AugUR (A, n=2,272) and KORA S4 (B, n=2,900). Shown are beta-estimates and

95% Cls (left). Bar plots show the proportion of explained eGFR variance (R?) by each covariable (right)

failure, for which high-ceiling medication intake is a
reasonable proxy. We found the residual eGFR variance
decreasing by adjusting for these comorbidities, particu-
larly in the elderly (Table 2). However, we found no nota-
ble impact by these adjustments on the beta-estimates of
the PGS association with eGFR nor on the proportion of
the variance explained by the PGS (Table 2).

Further evaluation of the impact of educational level or
smoking revealed no impact on the PGS-explained eGFR
variance (Supplementary Table 3). Altogether, the PGS
explained more of the eGFR variance in the KORA S4
general adults than in the elderly AugUR individuals in
all models. This was also observable when visualizing the
residual eGFR_,, and eGFR, variance after adjusting for
age, sex, and comorbidities in a stepwise fashion (Fig. 3).

When querying the 634 variants in the PGS_eGFRcrea and
the 204 variants in the PGS_eGFRcys for their association in
GWAS on diabetes, hypertension, or BMI at p<5x107%, we
found up to 26 such variants (Supplementary Table 12). Some
of these variants might exert their association on eGFR indi-
rectly, mediated by a direct effect on diabetes, hypertension,
or BMIL The PGS-association analyses adjusting for these
comorbidities (model 2—4) showed similar beta-estimates for
eGFR as model 1 (Table 2); lower or vanished beta-estimates
would have indicated a mediating effect.

Comparing the PGS variance and allele frequencies
between general adults and elderly

We investigated whether differences in the PGS vari-
ance or differences in allele frequencies could explain
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Table 2 PGS association with eGFR in the elderly (AugUR) and general adults (KORA S4)
Model Residual variance Beta (PGS) [ml/min/1.73 m?%] p-value (PGS) R? (PGS) [%] [95% Cl]
[ml/min/1.73 m22 [95% Cl]
eGFR_., AUgUR
Model 1 22893 -0.23[-0.28,-0.19] 480%107%° 461[3.95,5.25]
Model 2 218.72 -0.22[-0.27,-0.18] 290%107% 4.43.80, 5.00]
Model 3 21333 -0.23[-0.27,-0.19] 107%x107%° 4.7 [4.02,5.37]
Model 4 198.70 -0.23[-0.27,-0.19] 504x107% 53[4.47,6.13]
eGFR_., KORA 54
Model 1 157.65 -0.29 [-0.33,-0.26] 544x107%° 961[7.62,11.58]
Model 2 157.18 -0.29[-0.32,-0.26] 194%x107% 961[7.62,11.58]
Model 3 157.14 -0.29 [-0.32,-0.26] 1.89%107%° 96 [7.62,11.58]
Model 4 156.37 -0.29 [-0.32,-0.26] 576x107% 96[7.62,11.58]
eGFR,,; AugUR
Model 1 23468 -0.35[-042,-0.27] 270%107%° 361[3.19,401]
Model 2 216.08 -0.31[-0.39,-0.24] 360x107' 3.21[2.87,3.53]
Model 3 211.93 -0.32 [-0.39,-0.25] 8.77x107" 3.3[2.95,3.65]
Model 4 191.64 -0.31[-0.37,-0.24] 234%107" 3.5[3.11,3.89]
eGFR,, KORA 54
Model 1 186.38 -0.35[-041,-0.29] 342x107% 4.714.10,5.30]
Model 2 177.57 -0.35 [0.40,-0.29] 124%x107 4714.10,530]
Model 3 177.29 -0.35 [-0.40, -0.29] 756 %107 481[4.18,5.42]
Model 4 175.89 -0.34 [-0.40, -0.29] 1.14%10732 4.7 [4.10,5.30]

In AugUR (70-95 years, n=2,272) and KORA 5S4 (20-69 years, n=2,900), we derived the PGS association with eGFR,,., and eGFR,

regressionY; = Bo+ By PGS; + €, i = 1,...,nwith& ™~ (0,52

cys Via linear

independent and identically distributed. Y; denotes the residuals of individual i adjusted

for i) age and sex (model 1), i) additionally for BMI (model 2), iii) additional for diabetes and hypertension (model 3), and iv) additionally for CAD and high-ceiling
diuretics intake (model 4). All models were further adjusted for 10 principal components. Shown are the residual eGFR variance, the regression coefficients (beta) per
one unit increase in the PGS with 95% confidence interval (Cl) and p-values, and the R? of the PGS. One unit in the PGS corresponds to one eGFR-lowering allele of

average eGFR-effect

the differential R* values between the two studies. For
the weighted PGS, we have shown above that PGS dis-
tributions were visually similar, PGS_eGFRcys variances
were equal, and the PGS_eGFRcrea variance was slightly
higher in the elderly. We observed the same pattern for
the”unweighted” PGS (i.e. counting the number of eGFR-
lowering alleles without weighting by GWAS-derived
genetic effect estimates): (i) similar distributions upon
visual inspection (Supplementary Fig. 3), (ii) equal PGS_
eGFRcys variance (8.75> versus 8.68% in elderly or general
adults, respectively) and slightly higher PGS_eGFRcrea
variance in the elderly (15.17% versus 14.82?); (iii) signifi-
cantly different PGS_eGFRcrea distributions between
elderly and general adults but no difference for PGS_
eGFRcys (Mann—Whitney test p=5.57x10"* or 0.71,
respectively). In summary, the PGS_eGFRcrea distribu-
tions — weighted or unweighted—were slightly different
between general adults and elderly, but the PGS_eGFR-
crea variance was smaller in the general adults and
thus into the “wrong” direction to explain the larger R?
in general adults: R*=beta * variance (PGS) / variance
(outcome).

Next, we compared the allele frequencies of each vari-
ant in the PGS for differences between general adults and
elderly focusing on variants with high imputation quality
(r*>>0.8; 534 variants for PGS_eGFRcrea, 186 for PGS_
eGFRcys) (Supplementary Tables 4 and 5). We found the
allele frequencies to be very similar upon visual inspec-
tion (Fig. 4).

However, 37 variants in PGS_eGFRcrea and 17 variants
in PGS_eGFRcys showed nominal significant difference
between the two studies. In addition, one variant in PGS_
eGFRcys showed Bonferroni corrected significant higher
allele frequency in the elderly (rs429358 in APOE gene).

Furthermore, we observed an excess of small
Pair-values compared to the expected pgyg (Supplemen-
tary Fig. 4). This was in line with an enrichment of vari-
ants with nominally significant allele frequency difference
between the two studies (37 of 534 PGS_eGFRcrea vari-
ants and 17 of 186 PGS_eGFRcys variants with pg;<0.05;
binomial enrichment for success probability > 0.05 under
the null: py;,=0.030 or 0.013, respectively). When look-
ing at the effect direction of the variants showing allele
frequency differences, we found no evidence for enrich-
ment towards lower or higher eGFR-lowering allele
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frequencies in the elderly: among the variants with nomi-
nally significant allele frequency difference, 17 out of 37
in PGS_eGFRcrea and 8 out of 17 in PGS_eGFRcys had
a lower frequency of the eGFR-lowering alleles in the
elderly (binomial enrichment with success probabil-
ity=0.50 under the null: p;, =0.46 or 0.72, respectively).

We further explored the association of the genetic vari-
ant dosages with study membership or age in joint data
pooling the two studies’ participants: we found an excess
of small p-values of association with study membership
or age, but not with age adjusting for study member-
ship (Supplementary Fig. 5). Altogether, we observed an
excess of genetic variants with subtle differences in allele
frequencies and dosages between the two studies, but we
did not find a systematic enrichment towards lower or
higher frequencies of eGFR-lowering alleles in the elderly.

None of the tested variants in the PGS_eGFRcrea or
PGS_eGFRcys, except one variant, showed a significant
difference in allele frequency between general adults
and elderly at a Bonferroni-corrected significance level
(=0.05/534=9.36x10" or 0.05/186=2.69x107%
respectively). Only the variant rs429358 in the PGS_
eGFR_,,, located in the APOE (apolipoprotein E) gene,
showed a significantly higher frequency of the eGFR-
lowering allele in the elderly compared to general adults
(0.89 versus 0.87, respectively; pyg=1.53x107%. This
variant was also part of the PGS_eGFRcrea, but without
Bonferroni-corrected significant difference due to the
higher multiple testing burden when testing the 534 vari-
ants. In sensitivity analyses to understand the potential
impact of the APOE variant on the PGS-explained age-/
sex-adjusted eGER variance, we generated a PGS without
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this variant. This yielded identical R*-values as observed
for the original PGS (PGS_eGFRcrea R>=9.6% and 4.6%,
PGS_eGFRcys R*=4.7% and 3.6% for general adults and
elderly, respectively, Supplementary Table 6).

Discussion
We built the PGS for eGFR_,, with 634 independent
associated variants located at 424 broader genetic loci
using the currently largest GWAS for eGFR ., [9]. For
the first time, we derived a PGS for eGFR_, using the 204
variants with genome-wide significance from previously
published GWAS summary statistics [9]. In our two stud-
ies, KORA representing the general adults aged 24 to 69
and AugUR with elderly participants above 70 years of
age, we found the PGS-explained proportion of the age-/
sex-adjusted eGFR ., variance to be twice as high in gen-
eral adults, 9.6%, compared to elderly, 4.6%. This differ-
ence was also observed for eGFR_,, — to a smaller extent.
Our data suggested (i) that the difference in R?-values for
eGFR,., was due to the smaller age-/sex-adjusted eGFR
variance and the higher beta-estimate of the PGS asso-
ciation on eGFR in the general adults compared to the
elderly, and (ii) that the differences for eGFR_, were due
to the smaller age-/sex-adjusted eGFR variance, but the
beta-estimates were the same (Fig. 5). Further adjustment
for comorbidities reduced the residual eGFR variance
particularly in the elderly, but exerted little impact on the
PGS-explained eGFR variance and thus did not explain
the difference in R%-values.

A limiting factor is the lack of elderly in GWAS gener-
ally [15]. This is also true for the GWAS for eGFR, which
included primarily general adults that are more similar to

PGS variance:
Var(PGS_eGFRcrea)=195.67/177.79 (AugUR/KORA)
Var(PGS_eGFRcys)= 71.69/ 71.13 (AugUR/KORA)

\

Age- and sex-adjusted eGFR variance:
Var(eGFR,,) = 228.93/ 157.65 (AugUR/KORA)

Var(eGFR,,,) = 234.68/ 186.38 (AugUR/KORA)

Polygenic score
PGS_eGFRcrea

Age- and sex-adjusted eGFR
eGFR .,

PGS_eGFRcys

\

betapgs carrerea = -0-23/ -0.29 (AugUR/KORA)
betapss ecrreys = -0-35/-0.35 (AugUR/KORA)

>

eGFR,,

/

Va
R? = beta? x ———
Varecrr

PGS

R2, ¢ racres = 4.6%/9.6% (AugUR/KORA)
R?.gtneys = 3:3%/4.7% (AugUR/KORA)

Fig.5 Scheme for calculation of explained eGFR variance by PGS. We computed the association of the PGS with eGFR residuals adjusted for age

and sex in KORA S4 (n=2,900, general adults) and AugUR (n=2,272, elderly) via linear regression. Shown are the PGS-explained variance of eGFR

crea

and eGFRCyS (R?) and the three components that drive the R*values (relative genetic effect): PGS variance, beta-coefficient of the PGS-association

with eGFR (absolute genetic effect), age-/sex adjusted eGFR variance
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the KORA than to AugUR participants. It is perceivable
that the genetic variant effects are different in the elderly
or that other genetic variants are responsible for kidney
function differences in the aging kidney. The knowledge
of the age-dependency of genetic effects on eGER is lim-
ited and GWAS with genetic-by-age interaction analyses
are warranted.

This might be particularly relevant for GFR assessed
by creatinine comparing elderly with general adults. The
creatinine metabolism is considered lower in elderly due
to the decline of muscle mass in old age [16]. Unlike cre-
atinine, cystatin C levels are known to be independent
from age, sex, muscle mass, and ancestry and, therefore,
considered as more eligible marker for GFR in elderly
[17, 18]. The variant-identifying GWAS included pre-
dominantly general adults. It is known that some of the
eGFR_,,-associated variants are implicated in regulat-
ing creatinine metabolism rather than kidney function
[19, 9]. These variants might have no or smaller effects on
eGFR_,, in elderly due to lower muscle mass. For variants
identified for eGFR_,,, we would not expect such a differ-
ence. This would be in line with our findings: we observed
a lower PGS beta-estimate for eGFR ., in the elderly com-
pared to general adults, beta=-0.23 or -0.29 mL/min/1.73
m? per one unit increase in PGS, respectively, and a lack
of such a difference for eGFR,, both -0.35 mL/min/1.73
m? per one unit increase in PGS. The difference in the PGS
beta-estimate for eGFR ., and the resulting difference in
R%-values between elderly and general adults might thus be
due to the underrepresentation of elderly in the identifying
GWAS and a lack of gene-by-age interaction analyses.

Our models for eGFR as outcome with different adjust-
ment revealed several interesting aspects: (i) Of all
covariables, age explained the most of the eGFR,, and
eGFR, variance in the general adults. In the elderly, age
and high ceiling diuretics intake had the strongest impact
on the eGFR_,., or eGFR_, . variance. (ii) BMI showed a

crea cys
higher R? for eGFR_,, than for eGFR,,. This might be

Cys crea’
explained by a the lairger number of nucleated cells pro-
ducing cystatin C resulting in increased cystatin C serum
concentrations in individuals with higher BMI [20]. (iii)
In the elderly, we found the residual eGFR_,, and eGFR
variance reduced by adjusting for diabetes, hypertension,
CAD, BMI, and high-ceiling diuretics as a proxy for heart
failure. However, these comorbidities did not explain
the observed lower PGS-explained eGFR variance in the
elderly compared to general adults.

An important aspect when performing PGS analyses
in older individuals is a possible survival or selection bias
leading to higher allele frequencies in the elderly for mor-
tality- or morbidity-protective alleles [10, 11]. We found
no enrichment of the eGFR-protective alleles in the
elderly. We found no Bonferroni-corrected differences in
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allele frequencies between the two studies, except a sig-
nificant difference for one variant located in the APOE
gene (rs429358): the eGFR-lowering allele was more
frequent in the elderly which argued against a survival
effect. However, the same allele has been shown to be
favorable for longevity [21] and protective for Alzheimer
disease [22]. This was thus in line with a small survival
bias and/or a selection towards the mentally healthy:
AugUR participants had to come to the study center and
answer all questions personally and were thus physically
and mentally relatively healthy elderly. Considering that
individuals with this allele tend to become older and
older individuals have a lower eGFR, this is in line with
this allele being associated with lower eGFR. The finding
of a higher frequency of this APOE allele in elderly might
be indicative of a survival or selection bias that is only
indirectly related to impaired kidney function. In any
case, this had no impact on the PGS-explained variance
as shown by sensitivity analyses excluding this variant.

Some aspects on the variants’ independence and
their directness or indirectness of effects on the pheno-
type should be noted: our PGS was generated based on
genome-wide significant genetic variants identified by
GWAS that was fully independent from our two studies
here. The genetic variants included into the PGS were
independent from each other based on conditional analy-
ses using the GWAS data. We did not apply LDpred or
related methods in our data to establish a PGS, since this
would have required larger sample sizes and further inde-
pendent data to test the PGS association [23, 24]. With
regard to the directness or indirectness of variant effects,
the APOE variant might depict an indirect genetic effect
on eGER via this variant’s association with longevity and
thus higher age consistent with lower eGFR. Some other
genetic variants in the PGS might capture further indi-
rect effects: several variants were genome-wide signifi-
cantly associated with diabetes [25], hypertension [26], or
BMI [27]. These variants might have pleiotropic effects or
exert an indirect effect on eGFR via these comorbidities
as mediators. The similar beta-estimates of the PGS asso-
ciation with eGFR with and without adjusting for these
comorbidities do not suggest such a mediating effect;
however, an indirect effect might not have been com-
pletely removed given the typical underlying uncertainty
in the diagnosis.

Some further limitations warrant mentioning: We
observed some excess of variants in the PGS with sub-
tle allele frequency differences between the two studies
that might be beyond the differential age range. These
differences might be random effects by separate genetic
variant imputation or small selection bias for unknown
reasons but are unlikely to explain the larger PGS-
explained eGFR variance in general adults compared to
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elderly. Additionally, our PGS analyses were restricted
to European individuals and may not be transferable to
other ancestries. Another limitation might be the usage
of eGFR equations that still include race-determining
coefficients [7, 28], despite political defeasibility [29]. The
reason to use these formulas here was the transferability
of effect sizes estimated in the GWAS, which was also
based on these CKD-Epi equations for eGFR [9]. Finally,
the presence of diabetes has previously been shown
to influence the effects of some SNPs on eGFR_,,, [30].
Future analyses accounting for gene-environment inter-
actions on eGFR will offer the opportunity to improve
genetic effect size estimation and the variance explained
by PGS in subgroups [2].

A major strength of our analyses is the high compara-
bility between AugUR and KORA, since the two studies
were designed jointly. The broad spectrum of drug classes
and co-morbidities assessed in these two studies enabled
the investigation of the influence of these covariables on
the eGER variance. To our knowledge, these analyses are
unique in the investigation of PGS contrasting a popula-
tion of general adults with an older population regarding
differences in explained variance of eGFR.

Conclusions

Our findings provide an idea for the reasons that lead to
the observed differences in PGS-explained variance of
eGFR between elderly and general adults. Our develop-
ment of a PGS for eGFR_,, enabled to show that this dif-
ference was still apparent, but less pronounced for eGFR
than eGFR,,,. We concluded that the difference was due
to the higher age- and sex-adjusted eGFR variance in the
elderly. This was independent of the utilized biomarker
for GFR. For eGFR,,, there was another aspect: the lower
R2-value was also explained by lower beta-estimates of the
PGS association on eGFR_,, in the elderly. This might be
due to limited representation of the elderly in the identi-
fying GWAS, which impacts eGFR based on creatinine,
but not cystatin. Our data provided little — if any — evi-
dence for a genetically manifested survival or selection
bias. Our analyses underscore the need of a critical view
on R*-values and the corresponding components—eGFR
variance, PGS variance, or PGS beta-estimates.

Methods

AugUR study sample

AugUR (Altersbezogene Untersuchungen zur Gesund-
heit der Universitit Regensburg) is a research platform
recruiting from the general mobile elderly population in
and around Regensburg, a middle-sized city in the South
of Germany with a study region capturing about 330,000
inhabitants of mostly Caucasian ethnicity [13]. The
two AugUR baseline surveys conducted in 2013-2015
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(AugUR1) and 2017-2019 (AugUR2) include 2,449 par-
ticipants aged 70 to 95 years based on a random sample
from the local registries of residence. Details on pro-
cedures and protocols of the AugUR study have been
recently described [13, 31, 32]. A study sample of 2,272
AugUR participants with available eGFR values and
genetic data was used for PGS analyses.

KORA S4 study sample

The German KORA study (Kooperative Gesundheits-
forschung in der Region Augsburg) is a population-based
adult cohort study in the Region of Augsburg, Southern
Germany, that was initiated in 1984 and comprises four
surveys (S1-S4) with follow-up investigations on regular
intervals [14]. In this study, we used data from the base-
line S4 study visit, which included 4261 general adults,
aged 25-74 years, recruited between 1999 and 2001 (S4).
To allow comparison with AugUR study, the final sample
was based on 2,900 participants (aged<70 years) with
available biomarker, covariables, and genotype data.

Assessment of participant characteristics

Study design of AugUR was largely based on KORA S4 and
thus assessment of characteristics was highly comparable.
A detailed description of data collection in both studies
is described elsewhere [13, 14, 33]. In brief, self-reported
information on common diseases, medication intake and
lifestyle factors were gathered via a standardized face-to-
face interview. Medical exams by trained staft and labo-
ratory measurements with standard procedures were
conducted. Body-mass index (BMI) was computed based
on measured weight divided by squared body height [kg/
m?]. Hypertension was defined as actually measured sys-
tolic blood pressure of >140 mmHg, diastolic blood pres-
sure of >90 mmHg according to general clinical standards
[34] or corresponding medication intake indicating hyper-
tensive blood pressure. Diabetes was assessed as self-
reported diabetes or reported antidiabetic therapy intake.
Variables for medication were gathered from medication
charts, self-report or brought pill boxes.

Assessment of kidney function in AugUR

Estimated glomerular filtration rate (eGFR [mL/
min/1.73m?]) was derived from serum creatinine
and cystatin C levels measured via enzymatic assay
using the 2009 Chronic Kidney Disease Epidemiol-
ogy Collaboration (CKD-EPI) creatinine Equation
[35] and the cystatin equation from 2012 [28], respec-
tively. Definition for chronic kidney disease (CKD) at
eGFR,,., <60 mL/min/1.73 m? corresponds to current
KDIGO (Kidney Disease: Improving Global Outcomes)
guidelines [36].
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Assessment of kidney function in KORA S4

Estimated glomerular filtration rate (eGFR, [mL/
min/1.73m?]) was derived from serum creatinine and cys-
tatin using the 2009 Chronic Kidney Disease Epidemiology
Collaboration (CKD-EPI) creatinine Equation [35] and the
cystatin equation from 2012 [28], respectively. Creatinine
concentrations were measured in milligram per deciliter
via enzymatic assay and standardized to IDMS (Informa-
tion Display Measurements Standard); cystatin C concen-
trations were measured in milligram per liter and based on
nephelometry and were IFCC (International Federation of
Clinical Chemistry) standardized. Validity of cystatin lev-
els was verified and measured serum concentrations were
categorized in four classes: within assay range (1), meas-
ured below detection limit (2), set below detection limit
(3), set above detection limit (4). Values in categories 2—4
were excluded from PGS analyses.

Genetic data in KORA S4 and AugUR

Genetic data from KORA S4 was described previously
[33]. A detailed description of generating and processing
genotype data in AugUR can be found in Supplementary
Methods (Additional file 1). In both studies, the data is
based on the imputation panel of the Haplotype refer-
ence consortium (HRC) and individuals in these analyses
were restricted to unrelated and European individuals.

PGS calculation

Based on published GWAS summary statistics on eGFR .,
adjusted for age and sex, we chose an established PGS based
on independent genome-wide significant variants associated
with eGFR,, (p-value<5x107%, [9]). In line with that, we
selected the set of independent genome-wide significant var-
iants associated with eGFR  adjusted for age and sex. The
independence of the genetic variants was obtained by select-
ing the wider, non-overlapping genetic loci, followed by con-
ditional analyses using GCTA [37]. The weighted PGSs were
generated by multiplying the allele dosage of each variant’s
eGFR-lowering allele by its respective weight, then summing
across all variants in the score, and dividing it by the sum of
the weights using R version 3.6.3 [38]. Weights were derived
by the genetic effect estimates from the GWAS for eGFR .,
and eGFR, [9]. For the unweighted PGSs, allele dosages
were summed without considering the variant-specific effect
sizes. An overview of the PGS analyses can be found in Sup-
plementary Fig. 6 and further methodological details can be
found in Supplementary Methods.

Statistical analyses

For statistical analyses and plotting, we used R version
3.5.2 extended by packages such as foreach [39], doPar-
allel [40], data.table [41], stringr [42], scales [43], dplyr
[44], Vcf Tools [45], gplots [46] and ggplot2 [47] as well as

Page 11 of 13

SPSS 28 (IBM SPSS Statistics for Windows, Version 28.0
Armonk, NY: IBM Corp.).

For the analysis of the association of the PGS on eGFR
adjusted for age and sex, we derived the residuals of eGFR
from linear regression on eGFR with age, sex, and ten
genetic principal components as covariables. We then
used these residuals as outcome in the following model:
Yi=PBo+ BiPGSi+eii=1,..., n with ¢~(0,02) being independ-
ent and identically distributed and Y; the residuals of eGFR
for an individual i. This yielded the residual eGFR variance,
the beta-estimate of the PGS on eGFR (per unit of the PGS)
and the R? that the PGS explains relative to the residual
eGFR variance. We also derived the eGFR-residuals adjust-
ing for further covariables and applied the same model as
stated above to derive the PGS-association on these eGFR-
residuals. The quality of models underlying linear regres-
sion is given by the R%-value, which results from variance
decomposition. Details on R? as parameter for explained
variance are described in Supplementary Methods.

We tested the PGS distributions for differences between
the two studies using the non-parameter Mann—Whitney
U test. The Pearson’s chi-squared test was applied to test
for differences in the frequencies of the eGFR-lowering
alleles between AugUR and KORA S4. This analysis was
based on best-guess genotypes derived from allele dosages.
To enable higher accuracy, variants with an imputation
quality < 0.8 were excluded for this analysis. We conducted
two types of binomial enrichment tests: (i) We conducted
a one-sided binomial test to infer whether the observed
number of variants with observed nominally significant
allele frequency differences was enriched compared to
what would be expected under the null of "no differences
in allele frequencies". Based on the observed number of
successes (i.e., the number of variants with nominally sig-
nificant allele frequency differences), the binomial test
compares the null of "probability of success p<=0.05"
with the alternative hypothesis of "probability of success
p>0.05" based on a Bernoulli experiment (in R: binom.
test (k,n.p=0.05,alternative ="greater")). (ii) We further
conducted a two-sided binomial test to infer whether the
number of variants with nominally significant allele fre-
quency differences were enriched for a specific direction
(i.e., whether the eGFR-lowering alleles were less or more
common frequent in AugUR compared to KORA). We
restricted this to the variants that showed a nominally sig-
nificant difference between the two studies. Based on the
observed number of successes (i.e., the number of variants
where the eGFR-lowering alleles that were less frequent
in AugUR), the binomial test compares the null hypoth-
esis of “probability of success p=0.5" with the alternative
hypothesis of “probability of success p< >0.5” based on a
Bernoulli experiment (in R: binom.test (k,n.p=0.5,alterna-
tive="two-sided ")).
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PGS_eGFR ¢y

Polygenic score(s)
Polygenic score based on 634 variants associated with
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GWAS Genome-wide association study
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