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ABSTRACT

Genome-wide association studies (GWAS) have resteatemerous loci for kidney function
(estimated glomerular filtration rate, eGFR). Tl&ationship of polygenic predictors of eGFR,
risk of incident adverse kidney outcomes, and tasrmpa proteome is not known. We developed
a genome-wide polygenic risk score (PRS) using ghted average of 1.2 million SNPs for
eGFR using the LDpred algorithm, summary statisgieserated by a European-ancestry (EA)
meta-analysis of the CKDGen Consortium (N=558,428)l UK Biobank GWAS for eGFR
(90% of the cohort; N=289,432), followed by bestgmaeter selection using data from the
remaining 10% of the UK Biobank (N=32,159). We thested the association of the PRS
among 8,886 EA participants in the Atherosclerddisk in Communities (ARIC) study (mean
age: 5416 years, 53% female) with incident chrdadney disease (CKD), end stage kidney
disease (ESKD), kidney failure (KF), and acute kimjury (AKI). We also examined 4,877
plasma proteins measured at two time points (8i$it993-95) and visit 5 (2011-13)) in relation
to the PRS and compared associations between obeopre and eGFR itself. All models were
adjusted for age, sex, center, and the first 18cgral components of ancestry. The developed
PRS had an &for eGFR of 0.07 in ARIC. Over 30 years of follays, the number of incident
CKD, ESKD, KF, and AKI were 2,959, 137, 470, and2B, respectively. The PRS showed
significant associations with all outcomes: hazatws (95% CI) per 1 SD lower PRS were 1.33
(1.28, 1.39), 1.20 (1.00, 1.42), 1.17 (1.06, 1.28)) 1.07 (1.02, 1.12) for incident CKD, ESKD,
KF, and AKI respectively. The PRS was significargt§sociated (Bonferroni threshold P<1.02 x
10°) with 108 proteins at both time points. The stestgassociations were with cystatin-C (a
marker of kidney function used in clinical praclicecollagen alpha-1(XV) chain, and

desmocollin-2. All significant correlations withelPRS were negative, except those of testican-2
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and angiostatin. Correlations of proteins with eGF&e much stronger than those with the
PRS. Overall, we demonstrated that the PRS for eiSFRw sufficiently strong to capture risk

for a spectrum of incident kidney diseases as agebroadly influence the plasma proteome.
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INTRUDUCTION

Most kidney diseases are complex diseases withdethtic and environmental factors
contributing to their risks. The heritability estited by family studies are 30-75%Genome-
wide associations studies (GWAS) have grown rapidiye last decade and identified
numerous loci for kidney function, which gave rieencreasing attention to testing polygenic
risk scores (PRS) as risk factors for kidney dissaisks> ! However, previous PRS provided
limited risk stratification for adverse kidney oaiges such as end-stage kidney disease
(ESKD)>* Potential reasons include: small sample sizesud§ &WAS, which might lead to
imprecise estimation of the associations betweeéivitiual variants and disease risk; limiting the
PRS to genetic variants that reached genome-wiphéfisance (P < 5 x I8); and a lack of
deeply phenotyped data to identify ca&s With new data and methodologies, there is an

opportunity to mitigate these limitations.

New methodologies for large scale proteomic measent using aptamer technologies also
provide an opportunity to assess the impact of tiesasceptibility to low kidney function on
the plasma proteonté!® The plasma proteome consists of thousands oéteecproteins that
involve in numerous physiological and pathologjmalcesses, including transporting and
signaling, metabolism, vascular function, and degemechanisnt$:*® Therefore, the plasma
proteome is a reservoir of important potential kaokers capturing current physiology and
pathophysiology. Although previous studies have alestrated the heritability of plasma protein
levels!’ research into the plasma proteomic signals oftgesesceptibility including that for

kidney diseases, has been limit&d In kidney diseases, as reduced kidney function is
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correlated with elevations in many proteins butlibance of genetically predicted risk vs.

secondary influences on proteomic signals is unknow

Using large studies and new algorithms, we invastid the strength of associations of PRS for
kidney function with incident kidney diseases o8@ryears of follow-up in a deeply phenotyped
community-based cohort. We included diseases diroaated to kidney function with evidence
of a strong genetic basis, including chronic kiddesease (CKD), end-stage kidney disease
(ESKD), and kidney failur&? as well as acute kidney injury (AKij.We also examined 4,877
plasma proteins measured at two time points apprabely 20 years apart in relation to both
genetic susceptibility to low kidney function are tconcurrent kidney function itself, in order to
evaluate the strengths of proteomic associatiotis génetically predicted risk and physiological

changes and how those associations change over time

METHODS

Study Cohort

The Atherosclerosis Risk in Communities (ARIC) stud an ongoing longitudinal cohort of
15,792 45-60-year-old participants (55% female, 4®dicipants of European ancestry (EA))
recruited from four communities in the U.S.. FolsyCounty, North Carolina; Jackson,
Mississippi; suburbs of Minneapolis, Minnesota; aidshington County, Maryland at 1987-
1989 (visit 1). Follow-up examinations were conédicapproximately every three years: 1990-
1992 (visit 2), 1993-1995 (visit 3), 1996-1998 (vi¥), more recently, in 2011-2013 (visit 5), in
2016-2017 (visit 6), and in 2018-2019 (visit *7)Each study visit consisted of a clinical

examination, blood and urine specimens collecteomg filling out extensive questionnaires.
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Proteomic levels were measured at visit 3 and GsitOur primary study population was

restricted to 8,866 unrelated EA participar@spplemental Figure 1), since so far most of the

genomic studies with results available for use wawaducted among EA. In the proteomic
analysis of our study, 7,213 participants with daproteomic measurements remained. In
sensitivity analysis, we constructed another spmjyulation of 2,871 unrelated participants with
African ancestry (AA). Study protocols were appmb\®y the Institutional Review Boards and
all study participants provided informed consentliding agreement for industry studies for

Somalogic sponsored proteomic quantification).

Genotyping

Participants were genotyped with the Affymetrix ®NA microarray (Affymetrix, Santa Clara,
CA) with genotype calling performed using the Bedd algorithm. Genotyping was performed
on the Affymetrix 6.0 DNA microarray (Affymetrix, éita Clara, CA) and analyzed with the
Birdseed variant calling algorithm. Haplotype phasivas performed using Shapelt (v1.r532).
Genotypes were imputed on the Michigan Server ¢oTi@PMed reference parféf® A quality
control was carried out prior to imputation: SNPsrevincluded if they had call rate < 95%,
Hardy-Weinberg equilibrium p-values < 0.0001, omari allele frequencies (MAF) < 164.
Individuals with cryptic relatedness defined asnittg by state (IBS) distance generated from

PLINK > 0.8 were also excludéed.

Assessing Kidney Function
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Kidney function, measured as estimated glomerilteation rate (eGFR), was assessed by
measuring serum creatinine (at all visits excepiseitl 7) and serum cystatin C (at all visits
excepted visit 1 and 7) using the 2009 Chronic KyBisease Epidemiology Collaboration
(CKD-EPI) creatinine equation (eGFRcr) and 2012 cystatin C equation

(eGFRcysf * Cystatin C is an excellent marker for kidney fumctout is not as widely used as
creatinine, which limits its use in genetics stsd®erum creatinine level was measured by the
modified kinetic Jaffé method, standardized toNla¢ional Institute of Standards and
Technology (NIST) standard, and calibrated to atofse dilution mass spectrometry (IDMS)-
traceable reference methddf Serum cystatin C level was measured by the turtgttic

method, and standardized and calibrated to theniatienal Federation of Clinical Chemistry
and Laboratory Medicine (IFCC) refereriédn the polygenic risk scores development, we used
eGFRcr as the kidney function measurement sinsehts been the main trait with the largest

samples size in GWAS meta-analysis.

Polygenic Risk Scorefor Kidney Function

Polygenic risk scores aggregate genome-wide gevetiation into a single score that reflects
individual's inherited disease risk. They are nmsnmonly calculated by summing across SNPs

associated with a given trait, weighted by thefe@fsizes from GWAS results of that trait.

For the PRS construction, we first conducted a GVi#&Sog(eGFRcr) using PLINK among 90%
of unrelated EA participants in the UK Biobank (N82432; application ID 17712) using an

additive genetic model adjusted for age and®&8®etails of the UK Biobank cohort has been
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described elsewheré Then we conducted a fixed-effects inverse variangighted meta-
analysis on the summary statistics from the UK BidbGWAS and a meta-analysis by the
CKDGen Consortium of the GWAS of eGFRcr includinpta 567,460 EA individual¥® As

the CKDGen consortium included the ARIC study (ND37,), we adjusted the effect sizes of
SNPs by removing the ARIC participarifdiVe also used a sample of 489 unrelated EA
individuals from phase 3 1000 Genomes as a linkiaggggjuilibrium (LD) reference panel for the
score construction stép Approximately 1.2 million common (MAE1%) variants in HapMap3
were kept for score construction, as suggestedlij@imsson et af®*°We computed PRS in
three ways: LDpred, pruning and threshold (P+Tgl asimple weighted combination of SNPs
that reached genome-wide significance in our metdyais combining UK Biobank and

CKDGen, a special case of P+T.

The primary PRS was calculated using the LDpredritlgm*® For this method, we created 5
candidate LDpred PRSs under different assumptionghie fraction of causal variants. This
Bayesian approach utilizes GWAS summary statistiampute the posterior mean effect sizes
for the genetic variants by assuming a prior of jthiet effect sizes and incorporating the LD
structure of the reference population. Two pararsaiéthe LDpred need to be set by the users.
One is the LD radius, which is the number of vasadreing adjusted for at each side of a variant.
We set it to 400 (which corresponds tox 20%3,000) based on Vilhjalmsson et al. The other
parameter is the fraction of causal variaptsyhich can be selected via parameter tuning on a
separate dataset. Our testpdvalues were 1, 0.3, 0.1, 0.03, and 0.01, as stmtes

Vilhjalmsson et af°
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We also implemented a second approach named pramdgthresholding. P+T scores were
constructed with applying two filtering steps basedLD andP value?* The variants are first
pruned to only keep variants that have absoluteviss correlation weaker than a threshofd,
within certain genetic distance. The remaining a/ats are then filtered by removing the ones
that have @value larger than a pre-defined threshold of sigaifce. We created 30 candidate
P+T PRSs based on fotfrlevels (0.1, 0.2, 0.4, 0.6, and 0.8) and Bixvalues (5 x 110°%,
50x010° 500107 0.05, 0.5, and 1). Finally, we created a “simpRS” in a similar
manner, using the most commonly usédevel, 0.1, andP[value threshold, 5x[110°®

(genome-wide significance).

For the PRS tuning, the 5 candidate LDpred PRSsaB@idate P+T PRSs, and one simple PRS
were calculated in a tuning dataset of the remgidid% unrelated EA participants in the UK
Biobank (N=32,159). The best PRS of each approashdetermined based on the proportion of
the variance explained fRof eGFRcr that can be explained by the PRS. 8palty, we fitted a
linear regression model with eGFRcr being the auceach candidate PRS being the exposure,
and age at baseline and sex as the covariatebehé Dpred PRS and P+T PRS, as well as the

simple PRS were carried forward into subsequenysesiin an independent validation dataset.

PRS validation was conducted in the 8,866 unrel&@adparticipants in ARIC. The Rfor
eGFRcr by the best LDpred PRS, best P+T PRS, amulesiPRS were calculated using the same
approach with adjustment for the same covariates #s tuning step. We compared the three

PRSs with respect to number of SNPs included, gigpimovariance explained, and correlations
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with each otherin sensitivity analysis, we also directly implemeshtthe PRS constructed and

tuned on EA participants to the 2,871 unrelatedp&#icipants in ARIC.

Assessing Incident Kidney Diseases

Four incident kidney diseases were included instwdy as outcomes: chronic kidney disease
(CKD), end-stage kidney disease (ESKD), kidneyfail and acute kidney injury (AKI). CKD
was defined based on the following criteria: eGFR sL/min/1.73 r plus>30% eGFR

decline during a follow-up visit comparing to base] ESKD cases identified through the direct
linkage to the US Renal Data System (USRDS) registrinternational Classification of
Diseases (ICD)-9/10-Clinical Modification (CM) cad&upplemental Table 1A) representing
CKD in any position of hospitalization or deathaets*? ESKD was defined as having kidney
transplant or dialysis in the USRDS registry. Kigfailure was defined by hospitalization codes
(Supplemental Table 1B). AKI was defined by hospitalization or death co@cD-9-CM code:

584.X or ICD-10-CM code: N17.%Y.

Protein Measur ements

Plasma proteins were measured in ARIC participantssit 3 and visit 5 using the SOMAscan
v.4 assay by Somalogic. This platform uses Slowr&ie Modified Aptamers (SOMAmers) to
bind to targeted proteins and then uses DNA micayato quantify them. SOMAscan v.4
includes 4,931 unique human proteins or proteinperes, with 95% of the proteins tagged by
one modified aptamer and a total 5,211 modifiecagts. Protein measurements were reported

as relative fluorescence units (RFYs)There were no missing values in the proteomic.data
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Details of the quality control of the proteins wetescribed elsewhef®.Previous studies of
SOMAscan v.3 consisting of 4,001 aptamers have shbigh precision of this assay in
quantifying proteins with median coefficient of izrce (CV) of 4%-8%**° In the current

study, all proteins were log2 transformed.

Assessing Covariates

Information on age, sex, center, and educationl lexexe assessed at baseline and current
smoking status was assessed at all visits usingtarnviewer-administered questionnaifés.
Body mass index (BMI) was calculated as weighk{lograms) divided by the square of height
(in meters), both of which were measured at allts/isClinical factors included history of
hypertension, diabetes, and coronary heart dig€43B). Hypertension was defined at all visits
as systolic blood pressure 140 mm Hg, diastolic blood pressuxe90 mm Hg, or use of
antihypertensive medication in the past 2 weekabBlies was defined at all visits as fasting
blood glucose> 126 mg/dL, non-fasting glucose200 mg/dL, self-reported doctor-diagnosed
diabetes, or use of diabetes medication in thedaseks. CHD was defined at all visits as prior
myocardial infarction (MI) observed on ECG, selpoeted doctor-diagnosed heart attack, or
self-reported cardiovascular surgery or coronagialasty. Albumin to creatinine ratio (ACR)
was calculated as urinary albumin divided by ugnereatinine, with albumin being measured
by an immunoturbidimetric method and creatininenbaineasured by a modified kinetic Jaffé

method.

Statistical Analysis
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Baseline characteristics of the primary study pafoih were examined. The’Ror eGFRcr at
all visits except for visit 7 by the LDpred PRS,TPPRS, and simple PRS were calculated as

Var(PRS) xCoef ficientgg
Var(eGFRcr)

in a linear regression model of eGFRcr adjustiog &ge at the

corresponded visit, sex, center, and first 10 dgengtincipal components (PCs). We also
calculated the Rat all visits with data for eGFRcys (visit 2 teiti6) and ACR (visit 4 to visit
6). For comparison, we calculated thef& eGFRcr, eGFRcys, and ACR by the PRS using the

same methods among the 2,871 AA participants assitwity analysis.

We evaluated the association between PRS and mdiainey diseases. Using Cox proportional
hazard models, we estimated hazard ratios (HRpasdciated 95% confidence intervals (Cl) of
PRSs (per 1 SD lower PRS) for incident kidney dissautcomes. We considered time at risk to
start at visit 1 (1987-1989) and continue untilélrent of interest, death, loss to follow-up , or
the end of follow-up (December 31, 2018). We eatdd three models: Model 1, which

included age, sex, center, and first 10 genetic Rodel 2, which additionally included
education, baseline BMI, baseline smoking stataseline history of hypertension, diabetes, and
CHD. In sensitivity analysis, we evaluated addiiloadjustments for eGFRcr and for both
eGFRcr and ACR. As ACR was first measured at ¥isihe time to event for this sensitivity
analysis started at visit 4 and the baseline catesiwere also assessed at this time. We also
examined the associations between PRS and all-camgality as well as comorbidities

including incident hypertension, diabetes, CHD, hadrt failure. Time to incident kidney
diseases was assessed among quartiles of PRSpuspagtional hazard models and displayed

using Kaplan-Meier survival curves.
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To evaluate the association between PRS for kiflnsgtion and proteomic measurements, we
conducted linear regression of LDpred PRS on 48@#ins measured at visit 3 and visit 5
adjusting for age, sex, center, and first 10 gerfe@is. These estimates reflect the difference in
each log(2) transformed protein per normalized 82-higher in PRS for kidney function.

Given that multiple statistical tests were perfodmee utilized a Bonferroni adjusted P-value
threshold of 0.05/4,87% 1.2 x 10’ to indicate evidence for significant associatioNe

identified proteins significantly associated witBfred PRS at both visit 3 and visit 5. We then
examined their correlations and associations wkRcr and eGFRcys at each visit through
Pearson correlation matrix and linear regressiddR® on eGFRcr or eGFRcys with adjustment
for age, sex, center, and first 10 genetic PCsnTemade scatter plots of correlations between
those proteins and eGFR at each visit against Begirson correlations with PRS. Analyses used
R version 3.6.2 software (The R Foundation), twiedaP-values, as well as statistical
significance level of P < 0.05 except for the idfecdtion of proteomic signals, which was P <

1.02 x 10

RESULTS

Characteristics of Study Cohort

Our primary study population included 8,886 papEcits (mean age 54.3 years; 53% female).
Around 40% of them received college or above edoicaht baseline, 25% were smokers; mean
BMI was 27.0 kg/rft and the percentage of participants with prevaigpertension, diabetes,
and CHD were 26.7%, 8.6%, and 5.1% respectiveler@0 years of follow up, the number of
incident chronic kidney disease (CKD), end stagméy disease (ESKD), kidney failure, and

acute kidney injury (AKI) were 2,959, 137, 470, dnd23, respectivelyl@ble 1).
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Characteristics of the Polygenic Risk Scores

LDpred PRS, P+T PRS, and simple PRS were all stdrzeéa to zero-mean and unit-variance
and were approximately normally distributed in plogulation with. The technical details of the
three PRSs are summarizedSimpplemental Table 2 and described in detail elsewhéfe.
LDpred PRS was highly correlated with P+T PRS aifRearson correlation coefficient (r) of
0.843, but moderately correlated with the simpl&SRR-0.580 Supplemental Figure 2). The
adjusted eGFRcr variance explained by the LDpre8 feiRkidney function was relatively
consistent across the first four visits and slightcreased at the last two visits, ranging fros%b.
to 8.7%. P+T PRS and simple PRS explained lowerséelj eGFRcr variance (P+T PRS: 4.5%
to 7.2%; simple PRS: 3.4% to 5.6%). The adjusteBRys variance was lower and its ranges
for LDpred PRS, P+T PRS and simple PRS were 2.136%, 1.7% to 2.9%, and 1.2% to
2.3%, respectively. Variance explained for eGFRedam creatinine and cystatin (eGFRcr-cys)
was intermediate and that for ACR was mininj@8lipplemental Table 3). As a comparison,
directly applying the PRS trained and tuned on BAipipants to AA participants led to
substantially poorer score performance, with thEREG variances explained by the LDpred
PRS, P+T PRS, and simple PRS ranging from 1.4%28420.5% to 1.4%, and 0.5% to 1.2%

respectively Supplemental Table 4).

Associations between PRSsfor Kidney Function and Incident Kidney Diseases
Categorizing the PRSs into deciles showed an inenéahassociation with risk in Kaplan-Meier
survival curvegFigure 2). In continuous analysis, we observed that the LDHRS for kidney

function was strongly associated with all four demt kidney diseases: HRs (95% CI) per 1 SD-
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unit lower in LDpred PRS, indicating worse kidnem€tion, were 1.33 (1.28, 1.39), 1.20 (1.00,
1.42), 1.17 (1.06, 1.28), and 1.07 (1.02, 1.12)rfordent CKD, ESKD, kidney failure, and AKI
respectively, after adjusting for age at baselses, center, first 10 genetic PCs. Using P+T PRS
and simple PRS, HRs for all incident kidney diseasere of smaller magnitude than using

LDpred PRS and only statistically significant faKQ and kidney failurgTable 2).

After adjustment for lifestyle and clinical riskctars (education, baseline BMI, baseline
smoking status, and hypertension, diabetes, and Kistbry at baseline) in Cox models, we
observed limited changes in the risk estimates@PRSs for all incident kidney diseases.
However, risk estimates were substantially attezthatter additionally adjusting for the
mediator eGFRcfSupplemental Table5). Sensitivity analyses showed that additional
adjustment for ACR made little differenB8upplemental Table 6) and the PRS did not

associate with all-cause mortality as well as cdmadlities (data not shown).

Plasma Proteome as An Intermediate Trait

Using linear regression models adjusted for age,canter, and first 10 genetic PCs, we
observed that 183 proteins were associated wittréPRS for kidney function at P = 1.2510
level among 7,213 participants with valid proteomieasurements at visit 3, and 138 proteins
among 3,666 participants at visit 5. Among thosegins, 108 were significant at both visits,
which are 20 years apart. The strongest assocsatvenre with cystatin-C, collagen alpha-1(XV)
chain, and desmocaollin-Zollagen alpha-1 (XV) chain exhibited strong andsistent
associations with both eGFRcr and eGFRcys with gnmade similar to that of cystatin with

eGFRcr For the 108 proteins consistently associated widpred PRS for kidney function, all
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but two of the associations were negative, indicghiigher protein levels at lower kidney
function. Testican 2 and angiostatin were the onty proteins with significant positive
correlation to kidney function. Theorrelations with eGFRcr and eGFRcys measuredeat th
corresponding visits were much stronger than totethe LDpred PRS, especially at visit 5
(Figure 3, Supplemental Table 7, median negative protein correlations at visit 5000855, -
0.4668, and -0.4697 with LDpred PRS, eGFRcr andRxg§ with corresponding values at visit
3 0f -0.0679, -0.2639 and -0.2820). This was aige tor the significant positive correlations;

the Pearson correlation coefficients with PRS, eGF&d eGFRcys at visit3 were 0.100, 0.195,
0.197 for testican 2 and 0.067, 0.167, 0.258 fgiastatin respectively, and 0.103, 0.398, 0.433

for testican 2 and 0.095, 0.273, 0.344 for angiostaspectively at visit 5.

DISCUSSION

In this community-based deeply phenotyped coho&, &6 middle-aged adults, we leveraged
large studies to construct a range of polygenicstores for kidney function. A genome-wide
score that included a weighted average of 1.2amilsNPs (LDpred PRS) showed the strongest
association with kidney function while narroweikrscores (P+T PRS and simple PRS) showed
weaker associations. The kidney function LDpred RRS also associated with a range of
plasma protein levels in mid-life and older agewdwer, these associations were weaker than
the protein associations with eGFR itself. Genstisceptibility to lower kidney function was
associated with higher level of all significant f@ias except testican 2 and angiostatin, which
had lower levels at lower kidney function. Examioatof future kidney disease progression
showed genetic susceptibility to lower kidney fuoiectwas associated with higher risk of CKD,

ESKD, kidney failure, and AKI. LDpred PRS showed #trongest association, which was
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mediated by eGFR and independent of all other nmedstlinical and lifestyle risk factors

including albuminuria.

An advantage of PRS for kidney function is thaiaih be assessed at any time, well before the
emergence of lifestyle and clinical risk factonscts as elevated BMI, hypertension, and diabetes.
Our results demonstrate that, for a spectrum ofdgdliseases, not only diseases with
established high heritability, but also entitiéeliAKI whose genetic basis is less pronountced,
422pRS can now identify individuals with higher geaeisk for over 30 years of follow up,

suggesting a potential role in further researchdimical medicine.

During the last decade, GWAS studies demonstratmasainds of genetic loci associated with
hundreds of phenotyp&$However, for most traits, the heritability explaéhby those SNPs
(hzgwas) only explains a small portion of the estimatedpgartion of phenotypic variance due to
additive genetic effects, i.e., narrow-sense heititg (h%).*° One of the proposed reasons for that
was the existence of common causal variants ofeghogly low effect size which requires
extremely large sample sizes to detect via GWWASUsing large studies for discovery and
algorithms that incorporate variants across th@gen our results showed a significant
improvement in the performance of PRS compared prighious efforts for score development
(7% vs. 1.7 to 2.8% of variance explainéd)The phenotypic variance explained by the PRS
was larger and in line with GWAS meta-analysismeates. We also observed a statistically
significant link between the genetic basis of e@fld a spectrum of incident kidney disease

outcomes.
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In addition to the improved algorithm for constingtPRS, two other factors were important for
improving the prediction performance of PRS. Irerdgyears, mega cohorts and global genetics
consortia provided sufficient power for detectingilthat confer only small changes in disease
risk, which was a key factor in improving accuratyPRS for disease prediction. Another factor
is accurate identification of disease. In our sfwdy benefited from linkage to the USRDS
registry and long term active follow-up for idegtifg cases of incident kidney diseases, which
also improved the power of our analysis. As thédiaiat kidney diseases were identified through
different methods, the magnitude of the hazar@satay also reflect outcome misclassification,

which is lower for ESKD and higher for AKI.

Differences in plasma protein levels can provideslfor intermediate pathways between
genetic susceptibility and disease. These alteraitan happen as a result of the genetic
susceptibility itself or secondary to other physgt changes, including reduced eGFR. Our
finding that many proteins were negatively assedatith kidney function suggests that low
renal clearance may result in relative protein aadation. Increased protein levels in the setting
of kidney disease may also reflect ongoing patholdgrocesses, such as inflammation.
Specific proteins are of interest. Collagen alphaI) chain showed strong and consistent
associations with PRS and both eGFRcr and eGFRitysaywmagnitude similar to that of
cystatin, the best marker for kidney function ineleghent of demographics at current practice,
suggesting its potential role as a marker for geaky predicted kidney function. It forms the
alpha chain of type XV collagen, a structural comgrd widely expressed across tissues,
including kidney, with a predominant localizatienthe basement membrane zorres.

Experimental studies conducted on fetal kidneysateinated the existence of both its mRNAs
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and proteins at glomeruli and collecting ductsyaB as elevated levels in samples collected
from patients with glomerular diseasés® Testican 2, one of two proteins that was lower at
lower kidney function, forms a structural componefithe extracellular matrix through
covalently binding with glycosaminoglycarisit is expressed in multiple tissues including the
kidney and genetic variants in its geBBOCK2, have been strongly associated with
bronchopulmonary dysplasia but the connectiondody disease is largely unknown. This gene
is not at or near any eGFR loci reported by previBMVAS results.Angiostatin, the other
protein that was lower with lower kidney functios a potent angiogenesis inhibitor generated
through the proteolysis of plasminogen. Evidense aliggests its anti-inflammatory roles
through hindering the recruitment of leuko&tand the movement of neutrophil and
macrophagé™®® Alterations in angiogenesis and inflammation hiawgortant roles in kidney
disease pathophysiolo§y®* Previous animal experiments demonstrated thabatagin
overexpression slowed the progression of renabdesafter chronic kidney injury and its
decrease expression accelerated the pathogenesésgiof diabetic nephropathi§?
Observational studies have suggested elevatedryiangiostatin as potentiblomarker of the

disease severity and progression for IgA nephrgpaitidlupus nephritis”°®

An interesting finding regarding the genetic andiemmental influences on protein levels was
that proteinstcorrelations with kidney function were much strantpan those with PRS and that
the difference was especially pronounced at vigihgn the participants were in their 70s or 80s.
It may suggest a decrease in genetic influenceuamah body with aging, which was also in line
with our other observations that the phenotypicavare of kidney function explained by PRS

were smaller at the last two visits comparing vei#lier visits.
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Our study had limitations. The PRS developed instudy were constructed, tuned, and
validated in EA participants only, mirroring mostrgetic studies done so far. Since LD patterns,
minor allele frequencies, effect sizes of commanaves, and phenotypic features vary by
ancestry, our PRS constructed based on GWAS resudt$ D structure of EA individuals will
have poor disease prediction for individuals withep ancestrie¥:"°When directly applying

our PRS trained and tuned on EA participants topaA&icipants, the phenotypic variance
explained was several-fold lower. It is therefoeeessary and important for future efforts to
include more multi-ethnic participants in genontiedses and develop novel methods that
appropriately tailor genetic risk score to eacmetigroup. The PRS presented in this study were
for eGFRcr which means they may include geneticiémices of creatinine metabolism as well
as kidney function. However, we included eGFRcyarasutcome to assess the extent to which
associations were robust to the kidney functionkeransed. Finally, we focused on common
genetic variants in calculating the PRS recognifirigre work may include additional variants,

including rare variants with larger effects.

In conclusion, our results show polygenic risk ssdor kidney function are associated with
future risk of incident kidney diseases, includ@igD progression, end-stage kidney disease,
kidney failure, and acute kidney injury, over 3@sgeof follow up in a community-based cohort.
This association was independent of most risk faciocluding albuminuria, but was largely
mediated through kidney function itself. A largewher of plasma protein levels were elevated
among individuals with high genetic risk for londkiey function while two proteins (testican-2

and angiostatin) had lower levels at lower kidnayction. The protein associations were much
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stronger with concurrent kidney function than WiRS and were stronger at older age. Thus,
progressive kidney disease may be a dominant mfieien the proteome beyond eGFR genetic

susceptibility.
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Construct PRS through pruning and
thresholding: 1. 30 candidate scores
varying by the specified levels of
independence and significance; 2. 1
score with the most commonly used

significance

levels of independence and

Determine best LDPred PRS among
the 5 candidates that explains the
largest proportion of the variance
explained (R?) in 10% of unrelated UK
Biobank EA participants (N=32,159)

Determine best P+T PRS among the
30 candidates that explains the
largest R? in 10% of unrelated UK
Biobank EA participants (N=32,159)

Keep the PRS with the most
commonly used levels of
independence and
significance (simple PRS)

Examine the associations of best
LDPred PRS, best P+T PRS, and
simple PRS with proteome and
incident kidney diseases in
unrelated ARIC EA participants
(N=8,886) over 30 years of follow up

Figure 1. Study design and workflow.

Three polygenic risk scores (PRS) for kidney function measured as estimated glomerular

filtration rate based on creatinine level (eGFRcr) were constructed by a European-ancestry (EA)

meta-analysis of UK Biobank GWAS for eGFRcr (90% of the cohort) and a meta-analysis of

GWAS for eGFRcr conducted by the CKDGen Consortium using LDpred algorithm, pruning

and threshold (P+T), and a simple weighted combination of SNPs that reached genome-wide

significance, followed by parameters tuned using data from the remaining 10% of UK Biobank

EA participants, then tested for their associations with proteome and incident kidney diseases in

the Atherosclerosis Risk in Communities (ARIC) study.
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Table 1. Characteristics of the study population in the Atherosclerosis Risk in

Communities (ARIC) study (N=8,886).

Characteristic Value®
Age, years? 54.3 (5.7)
Female 4,708 (53.0)
Advanced education 3,513 (39.6)
Current smokers" 2,192 (24.7)

Body mass index, kg/m?®  27.0 (4.8)
History of hypertension® 2,363 (26.7)

History of diabetes® 764 (8.6)
History of CHDP 445 (5.1)
eGFRcr, mL/min/1.73 m?®  99.6 (12.5)
Incident CKD 2959 (33.6)
Incident ESKD 137 (1.5)
Incident kidney failure 470 (5.3)
Incident AKI 1723 (19.4)

#Mean (standard deviation) for continuous variables and % (n) for categorical variables.

b Indicate baseline values

AKI, acute kidney injury; ARIC, Atherosclerosis Risk in Communities; CHD, coronary heart
disease; CKD, Chronic kidney disease; eGFRcr, estimated glomerular filtration rate based on

creatinine; ESKD, end stage kidney disease; PRS, polygenic risk score.
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Table 2. Risk for incident kidney diseases according to polygenic risk scores of kidney function (N=8,886).

Risk for incident kidney diseases per 1 SD lower in PRS

Ldpred PRS* P+T PRS? Simple PRS*
Hazard ratios P value Hazard ratios P value Hazard ratios P value
95% CI) (95% CI) 95% CI)

Chronic kidney disease Model 1° 1.33(1.28,1.39) 5.46E-50 1.28 (1.23,1.32) 1.83E-37 1.23(1.18,1.27) 8.22E-28
Model 2° 1.33(1.28,1.38) 8.91E-47 1.27 (1.23,1.32) 5.60E-36 1.23(1.19,1.28) 8.83E-28

End stage Kidney disease Model 1° 1.20 (1.00, 1.42) 0.04 1.18 (0.99, 1.40) 0.06 1.05 (0.89, 1.25) 0.55

Model 2P 1.21 (1.01, 1.45) 0.04 1.21 (1.01, 1.45) 0.04 1.09 (0.91, 1.29) 0.36

Kidney failure Model 1° 1.17 (1.06, 1.28)  1.32E-03  1.14 (1.04,1.25) 5.65E-03 1.12(1.03, 1.23) 0.01
Model 2P 1.16 (1.06, 1.28)  2.24E-03 1.15 (1.05,1.27) 4.29E-03 1.13 (1.03,1.24) 8.31E-03

Acute Kidney injury Model 1° 1.07 (1.02, 1.12)  9.77E-03  1.03 (0.98, 1.08) 0.24 1.00 (0.96, 1.05) 0.86

Model 2° 1.06 (1.01, 1.12) 0.02 1.03 (0.98, 1.08) 0.28 1.01 (0.96, 1.06) 0.82

? LDPred PRS was constructed using LDPred algorithm, a Bayesian approach utilizes GWAS summary statistics to compute the posterior mean
effect sizes for the genetic variants by assuming a prior of the joint effect sizes and incorporating the LD structure of the reference population. P+T
PRS was constructed using ‘pruning and thresholding (P+T)’, which first prunes variants to only keep those who have absolute pairwise correlation
weaker than a threshold within certain genetic distance and then filtered variants that have a P value larger than a pre-defined threshold of
significance. Simple score was constructed using the most commonly used level of absolute pairwise correlation for pruning and genome-wide
significance level for thresholding.

®Model 1 adjusted for age at baseline, sex, center, and first 10 genetic principal components; Model 2 adjusted for all covariates in model 1 and
education, baseline body mass index, baseline smoking status, baseline history of hypertension, diabetes, and coronary heart disease.

PRS: polygenic risk score.


https://doi.org/10.1101/2020.09.05.284265
http://creativecommons.org/licenses/by-nc-nd/4.0/

Chronic kidney disease End stage kidney disease

1.0 1.00-
© ©
> = 0.99-
& 0.8 e
3 7
Yy— w 0.984
(@) (@]
206 >
= -+ Lowest quartile =097 o | owest quartile
g | I facend querte g | Seoond querio
Ir
© 0.4; -+ Highest quartile © 0.96- ~+ Highest quartile
o o
0.954
0 10 20 30

0 10 20 30

Time in years Time in years

Kidney failure Acute kidney injury

1.00- 1.07  -wwwecmmmm
g J<
; ; 0.9
7 0-95- =
© ©
> 2°
= -+ Lowest quartile = -+ Lowest quartile
£0.90 Second quartile 2 Second quartile
o Third quartile L£07 Third quartile
o -+ Highest quartile o -+ Highest quartile
o o

0.85- 0.6

0 10 20 30 0 10 20 30

Time in years Time in years

Figure 2. Association of quartiles of LDPred polygenic risk score of kidney function with incident kidney diseases (N=8,886). The LDPred

polygenic risk score (PRS) for kidney function was categorized into quartiles, and was examined for their unadjusted associations with incident

kidney diseases over 30-year of follow-up.
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Figure 3. Scatter plots of Pearson’s correlations between protein and LDPred polygenic risk score for kidney function and correlation
between protein and estimated glomerular filtration rate. Both protein measures and eGFR are visit specific (panel A — visit 3; panel B —
visit 5).

A total of 108 proteins were identified as significantly (Bonferroni threshold p < 1.02 x 107) associated with LDPred PRS at both visit 3 and visit 5
through linear regression of LDPred PRS on 4,877 proteins adjusting for age at the corresponded visits, sex, center, and first 10 genetic principal
components. Visit 3 (N=7,213) was conducted during 1993-1995 when the mean age of study population was 60.4 years and visit 5 (N=3,666) was
conducted during 2011-2013 when the mean age of study population was 75.9 years. The dashed line in grey is the identity line.

COL15A1: collagen alpha-1(XV) chain; CST3: cystatin-C; PLG: angiostatin; RNASEI: ribonuclease pancreatic; SPOCK2: testican-2.
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