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Abstract

Background Due to the asymptomatic nature of the early stages, chronic kidney disease (CKD) is usually diagnosed
at late stages and lacks targeted therapy, highlighting the need for new biomarkers to better understand its patho-
physiology and to be used for early diagnosis and therapeutic targets. Given the close relationship between CKD and
cardiovascular disease (CVD), we investigated the associations of 233 CVD- and inflammation-related plasma proteins
with kidney function decline and aimed to assess whether the observed associations are causal.

Methods We included 1140 participants, aged 55-74 years at baseline, from the Cooperative Health Research in the
Region of Augsburg (KORA) cohort study, with a median follow-up time of 13.4 years and 2 follow-up visits. We meas-
ured 233 plasma proteins using a proximity extension assay at baseline. In the discovery analysis, linear regression
models were used to estimate the associations of 233 proteins with the annual rate of change in creatinine-based
estimated glomerular filtration rate (eGFRcr). We further investigated the association of eGFRcr-associated proteins
with the annual rate of change in cystatin C-based eGFR (eGFRcys) and eGFRcr-based incident CKD. Two-sample Men-
delian randomization was used to infer causality.

Results In the fully adjusted model, 66 out of 233 proteins were inversely associated with the annual rate of change
in eGFRcr, indicating that higher baseline protein levels were associated with faster eGFRcr decline. Among these 66
proteins, 21 proteins were associated with both the annual rate of change in eGFRcys and incident CKD. Mendelian
randomization analyses on these 21 proteins suggest a potential causal association of higher tumor necrosis factor
receptor superfamily member 11A (TNFRSF11A) level with eGFR decline.

Conclusions We reported 21 proteins associated with kidney function decline and incident CKD and provided pre-
liminary evidence suggesting a potential causal association between TNFRSF11A and kidney function decline. Further
Mendelian randomization studies are needed to establish a conclusive causal association.
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Background

Chronic kidney disease (CKD), which is characterized
by a progressive loss in kidney function over months
or years [1], affected approximately 9.1% of the general
population globally in 2017 [2]. Estimated glomeru-
lar filtration rate (eGFR), together with albuminuria
and blood urea nitrogen, are the most commonly used
indicators to evaluate kidney function and diagnose
CKD in clinical practice. Kidney function declines with
aging, while early stages of CKD remain asymptomatic,
resulting in CKD usually being diagnosed in late stages.
Besides, there is no targeted therapy for CKD beyond
the management of its risk factors, such as diabetes and
hypertension. The pathophysiology leading to CKD is
not completely understood, and thus, there is a press-
ing need to identify new biomarkers that may provide
new insight into the underlying pathophysiology of
CKD, help in early diagnosis, and potentially be used as
therapeutic targets.

It has been well documented that CKD is strongly
related to cardiovascular diseases (CVD), and they
share common mechanisms such as oxidative stress
and inflammation [3, 4]. Thus, targeting CVD- and
inflammation-related biomarkers may provide a valu-
able opportunity to identify biomarkers likely to be
involved in the pathophysiology of CKD. Advances in
proteomics technology, such as proximity extension
assay technology using the Olink platform [5], make
it possible to measure a large number of targeted bio-
markers simultaneously.

An increasingly large number of studies investigating
the associations of urinary and circulating proteomic
biomarkers with kidney function and the progression of
kidney disease have been published in the past decade
[6-16]. We have previously identified and replicated 42
proteins associated with kidney function from a panel of
inflammatory proteins, and revealed several pathophysi-
ological pathways related to kidney disease using path-
way analysis, highlighting the importance of investigating
proteomics profiling in the general population [15]. A
longitudinal study applying a large proteomics approach
also identified novel biomarkers of progression to kidney
failure in diabetic patients [16].

The present study aimed to investigate the associa-
tions of 233 CVD- and inflammation-related plasma
proteins with longitudinal changes in kidney function in
a community-based prospective cohort of middle-aged
and older adults to uncover biomarkers and pathways
involved in longitudinal kidney function decline and
CKD development. Furthermore, we aimed to investi-
gate whether the observed associations were potentially
causal by using a two-sample Mendelian randomization
(MR) design.

Page 2 of 15

Methods

Study population

This study was based on the Cooperative Health Research
in the Region of Augsburg (KORA) S4/F4/FF4 cohort
study [17, 18]. A total of 4261 adults, aged 25-74 years,
were included at baseline between 1999 and 2001 (S4)
in Germany. Follow-up examinations were conducted
after 7 years (F4) and after 14 years (FF4). The present
analysis was restricted to participants aged 55-74 years
at S4 (N=1653). The flow chart of study participants is
presented in Fig. 1. Participants without data on creati-
nine-based estimated glomerular filtration rate (eGFRcr,
n=19) or complete proteomics measurements (n=68)
at KORA S4 were excluded, leaving a total of 1566 par-
ticipants at baseline. For the longitudinal analysis, par-
ticipants without follow-up information on eGFRcr at
both F4 and FF4 (n=426) were further excluded. Finally,
a total of 1140 participants were included, with a median
follow-up time of 13.4 (25" percentile: 7.1, 75% percen-
tile: 13.5) years (Fig. 1A). Among these 1140 participants,
638 participants were both followed up at F4 and FF4,
482 participants were only followed up at F4, and 20 par-
ticipants were only followed up at FF4 (Fig. 1B). Partici-
pants with eGFRcr-based CKD at baseline (n=>54) were
further excluded when investigating the associations of
proteomic biomarkers with incident CKD. The KORA
S4, F4, and FF4 studies were approved by the local ethi-
cal committee (Number: 99186) and all participants gave
written informed consent.

Measurement of proteomic biomarkers

Plasma samples of baseline participants aged 55-74 years
were used to measure proteomic biomarkers. Three Olink
panels, including the Proseek Multiplex CVD II, CVD
III, and Inflammation panels (Olink, Upsala, Sweden),
each covering 92 proteins, were measured using proxim-
ity extension assay technology [5]. The assay allows the
relative quantification of analyte concentrations and was
given as normalized protein expression values on a log2
scale, with higher expression values corresponding to
higher protein levels. Details of the measurement process
and exclusion of the proteins (e.g., proteins with more
than 25% of all data below the limit of detection were
excluded) have been reported elsewhere [19, 20]. A total
of 233 proteins were included in this study (Additional
file 1: Table S1). The Z-score transformation was con-
ducted for all values of proteins in 1566 participants with
complete proteomics measurements at baseline, which
allows comparing the magnitude of the effect sizes across
proteins and Z-score transformation was appropriate for
most of our proteins after evaluating the distribution of
each protein.
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KORA S4 (1999-2001)
n=1653 aged 55-74 years

Excluded: 19 without measurement of eGFRer
and 68 without complete measurement of
biomarkers at KORA S4

KORA S4 (1999-2001)
n=1566
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Follow-up wave Lost to follow-up No. of participants

1653

19 without measurement
of eGFRer and 68 without
complete measurement of
biomarkers at KORA S4

1999-2001, S4

Excluded: 426 without follow-up information
at KORA F4/FF4 (due to death, other reasons,
or no data on kidney outcomes)

Continuous outcomes: Change in kidney function
n=1140

Excluded: 54 with eGFRcr-based chronic
kidney disease at KORA S4

Binary outcomes: Incident chronic kidney disease
n=1086, with 262 incident cases

'
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Fig. 1 Flowchart of study participants. Abbreviations: eGFRcr, creatinine-based estimated glomerular filtration rate; KORA S4/F4/FF4, the
Cooperative Health Research in the Region of Augsburg (KORA) cohort study at baseline ( S4), first follow-up (F4) and second follow-up (FF4)

Measurement of kidney function and CKD

The primary outcomes in the present study were the
annual rate of change in eGFRcr and incident eGFRcr-
based CKD, given their availability at KORA S4, F4,
and FF4. Creatinine was assessed in fresh serum using
an enzymatic method at S4 (CREA plus, Boehringer,
Mannheim, Germany), a modified kinetic rate Jaffe
method at F4 and the first part of FF4 (CREA Flex,
Dade Behring / Siemens Healthcare Diagnostics Prod-
ucts GmbH), and a Jaffe method for the second part of
FF4 (Cobas 8000 instrument, Roche Diagnostics, Man-
nheim, Germany). Serum creatinine at KORA F4 and
FF4 (part 1) were Isotope-Dilution Mass Spectrometry
standardized. Kidney function was primarily assessed
by eGFRcr calculated using the Chronic Kidney Dis-
ease Epidemiology Collaboration (CKD-EPI) Eq. 2009
[21]. A CKD case was defined as eGFRcr <60 ml/min
per 1.73m? [1]. Participants free of CKD at S4 who
had CKD at F4 or FF4 were defined as incident cases.
In addition, the new race-free CKD-EPI Eq. 2021 [22]
was used to calculate eGFRcr for supplementary analy-
ses. Cystatin C-based eGFR (eGFRcys) was calculated
using CKD-EPI cystatin C Eq. 2012 [23] and used for
confirmation of significant associations. In comparison
to eGFRcr, there were 278, 5, and 17 missing values on
eGFRcys at S4, F4, and FF4, respectively, and imputa-
tion of missing values of eGFRcys was conducted by
using a linear mixed-effects model. Additionally, urine
albumin to creatinine ratio (UACR) was also available

at F4. Details on measurements of UACR and cystatin
C and imputation of missing values of eGFRcys are pre-
sented in Additional file 2: Text S1.

Covariates

In all surveys, standardized face-to-face interviews
were conducted by trained staff [17], gathering the fol-
lowing information: age, sex, physical activity (active/
inactive), smoking status (never/former/current
smoker), alcohol consumption (0/0-20.0/> =20 g/d),
use of antihypertensive medication (yes/no), use of
lipid-lowering medication (yes/no), prevalent diabetes
(yes/no), prevalent cardiovascular diseases (yes/no),
and fasting status (fasting for 8 h or more before blood
was taken, yes/no) [24, 25]. Participants who were non-
fasting before blood was taken were predominantly
participants with diabetes. Anthropometric indices
and blood pressure were measured based on standard
protocols. High-density lipoprotein-cholesterol and tri-
glycerides were measured in serum on Hitachi 717/917
(Boehringer, Mannheim, Germany), respectively.

Statistical analysis

Continuous variables were reported as mean (stand-
ard deviation, SD) for normally distributed data and
median (interquartile range) for skewed data. Categori-
cal variables were presented as total numbers with the
corresponding percentage.
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Identification and confirmation of change
in eGFR-associated proteins
For participants with eGFR measured at more than one
visit (n=1140), the annual rate of change in eGFR was
calculated as P coefficients from linear regression of
eGEFR regressed against age at the time of eGFR meas-
urement for each participant, and thus, each partici-
pant had 1 annual rate of change in eGFR (Additional
file 2: Figure S1). Additional file 2: Figure S2 shows the
flowchart of statistical analyses. In the discovery analy-
sis, linear regression models were used to estimate the
associations of the 233 proteins with the annual rate
of change in eGFRcr. Two models were constructed:
model 1 adjusted for age, sex, and eGFRcr at baseline;
model 2 further adjusted for body mass index, physical
activity, smoking status, alcohol consumption, systolic
blood pressure, use of antihypertensive medication,
triglycerides (naturally log-transformed), high-density
lipoprotein cholesterol, use of lipid-lowering medica-
tion, prevalent diabetes, prevalent cardiovascular dis-
eases, and fasting status at baseline. The 66 biomarkers
significantly associated with the annual rate of change
in eGFRcr were taken to investigate their associations
with the annual rate of change in eGFRcys. Given the
high proportion of missing values at FF4, we did not
use linear mixed-effect models. Benjamini—Hochberg
false-discovery rate (FDR) was performed for multi-
ple testing correction, and FDR<0.05 was considered
statistically significant [26]. FDR seemed to be more
appropriate to correct for multiple testing in our large-
scale proteomics exploratory study, because it controls
the rate of false positives while still allowing for the
identification of a number of potential biomarkers.
Several sensitivity analyses of associations between the
66 significant biomarkers and the annual rate of change
in eGFRcr were conducted based on model 2 described
above. The analyses were repeated after exclusion of par-
ticipants who were non-fasting at the time of blood sam-
pling (n=113), exclusion of participants who had CKD
at baseline (n=54), exclusion of participants who had an
increase in eGFRcr during follow-up (n=151), or further
adjusted for UACR at F4 to control for the confounding
effect of albuminuria (UACR values were unavailable at
S4). To partially address bias caused by loss to follow-
up (due to death or other reasons, Fig. 1B), the inverse
probability weighting method [27] was used to calculate
a weight for each participant. Each participant’s prob-
ability of loss to follow-up (P1) was estimated by logistic
regression with loss to follow-up (yes/no) as outcomes,
including baseline covariates in the above model 2 as pre-
dictors. Inverse probability weighting-weight was calcu-
lated as 1/(1-P1) and these weights were applied in model
2 (details are presented in Additional file 2: Text S2).
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To further assess the robustness of our results on the
annual rate of change in eGFRcr, rapid decline in eGFRcr
(yes/no), which was defined as the annual rate of change
in eGFRecr<-3 ml/min/1.73 m?%/year [28], was used to
investigate associations with the 66 eGFRcr-associated
biomarkers in logistic regressions, adjusting for the same
covariates as in the above model 2.

Identification of incident CKD-associated proteins

The 66 proteins significantly associated with the annual
rate of change in eGFRcr were taken to investigate their
associations with eGFRcr-based incident CKD, using
interval-censored Cox regression models (500 bootstrap
samples were used to construct 95% confidence inter-
vals), adjusted for the same covariates in the above model
2, using R package “icenReg v.2.0.15” [29]. Cox propor-
tional hazards models were not appropriate, because we
did not know the exact time point of CKD occurrence.
In sensitivity analyses, incident eGFRcr-based CKD cases
were redefined as follows: Participants free of CKD at S4
or F4, respectively, had to have more than 25% decline in
eGFRcr together with eGFRcr <60 ml/min per 1.73m? at
the following follow-up (i.e., F4 or FF4), or participants
free of CKD at S4 had to have more than 50% decline in
eGFRcr together with eGFRcr <60 ml/min per 1.73m? at
FF4 [28]. The controls were defined as eGFRcr>60 ml/
min per 1.73m? at S4, F4, and FF4.

The proteins consistently associated with the annual
rate of change in eGFRcr, the annual rate of change in
eGFRcys, and incident CKD were further investigated
regarding their associations with UACR at F4 using lin-
ear regression. To annotate druggable targets of the iden-
tified proteins, related information (e.g., known drugs,
corresponding diseases or indications, and clinical tri-
als status) was gathered from Open Targets Platform
(https://platform.opentargets.org/) [30] based on their
UniProt_IDs. In order to examine the novelty of the
identified proteins, relevant publications were searched
to check whether the identified proteins had been pre-
viously reported to be associated with kidney function
and/or CKD.

Mendelian randomization analysis

We applied a two-sample MR design using the largest
genome-wide association studies (GWAS) results to
date. Additional file 2: Figure S3 shows the process of
MR analysis, and details of MR analysis are described
in Additional file 2: Text S3 [31-37]. Briefly, selection
of single nucleotide polymorphisms (SNPs) for proteins
[31] and extraction of SNPs-eGFR decline associations
[32] were from European ancestry population-based
GWAS. To test the assumption of MR that instru-
mental variables are not associated with confounders,
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associations between selected SNPs and other traits
were searched for in the PhenoScanner V2 [33]. One
SNP (rs198389) was excluded given its associations
with blood pressure (Additional file 1: Table S2), leav-
ing 17 proteins for MR analysis (Additional file 1:
Table S3). Wald ratio was calculated since only one SNP
was available for each protein. MR analyses were per-
formed using R package “TwoSampleMR v.0.5.6” [34].

Pathway enrichment analysis

To characterize biological pathways that are enriched
for the identified proteins, a Gene Ontology enrich-
ment analysis was performed, using R package “clus-
terProfiler v.4.0.5” [38]. To investigate the potential
biological pathways linking identified biomarkers and
kidney function, the analysis was limited to the biologi-
cal process subontology, using Fisher’s exact test.

Table 1 Baseline characteristics of participants
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All analyses were conducted by R version 4.1.0 (R
Development Core Team, Vienna, Austria) and RStudio
version 1.4.1717 (RStudio, Boston, MA, USA).

Results

Characteristics of the study population

Table 1 shows the baseline characteristics of participants.
The 1140 participants had a mean age of 63.3 (SD, 5.36)
years. The median annual rate of change in eGFRcr was
-1.04 ml/min/1.73 m?/year (Additional file 2: Figure
S4A). Characteristics and kidney function of all par-
ticipants over the study period are shown in Additional
file 1: Table S4. The mean eGFRcr was 82.9 (SD, 12.2)
ml/min/1.73 m? at S4 and declined to 67.6 (SD, 15.3)
ml/min/1.73 m?* at FF4. Figure 1B shows the number of
participants and reasons for loss to follow-up and Addi-
tional file 1: Table S5 shows baseline characteristics for
participants with and without follow-up information on
eGFRcr. Participants lost to follow-up tended to be older,

Total (N=1140)

Non-CKD cases Future CKD cases

(N=824)° (N=262)°
Mean (standard deviation) or number (%)

Age (years) 63.3 (5.36) 62.3(5.17) 65.5(5.01)
Sex, N(%) female 556 (48.8) 400 (48.5) 125 (47.7)
Body mass index (kg/mz) 284 (4.25) 282 (4.22) 28.7 (4.45)
Smoking status, N (%)

Never smoker 560 (49.1) 304 (36.9) 112 (42.7)

Former smoker 440 (38.6) 415 (504) 118 (45.1)

Current smoker 140 (12.3) 105 (12.7) 32(12.2)
Alcohol consumption

No alcohol consumption 291 (25.5) 194 (23.5) 76 (29.0)

>0and <20 g/day 462 (40.5) 343 (41.7) 98 (37.4)

> 20 g/day 387 (33.9) 287 (34.8) 88(33.6)
Physically active, N (%) 509 (44.6) 362 (43.9) 126 (48.1)
Systolic blood pressure (mmHg) 135.1(19.8) 133.8(19.3) 138.5(21.3)
Use of antihypertensive medication, N (%) 388 (34.0) 228 (27.7) 126 (48.1)
Hypertension, N (%) 615 (53.9) 405 (49.2) 175 (66.8)
Triglycerides (mmol/L) @ 1.35(0.93) 1.31(0.97) 1.35(0.90)
High-density lipoprotein cholesterol (mmol/L) 1.50 (043) 1.52(043) 145 (042)
Use of lipid-lowering medication, N (%) 127 (11.1) 84 (10.2) 31(11.8)
Type 2 diabetes, N (%) 94 (8.20) 53 (6.40) 32(12.2)
Cardiovascular diseases, N (%) 135(11.8) 84 (10.2) 37 (14.1)
Fasting status, N (%) 1027 (90.1) 760 (92.2) 221 (84.4)
eGFRer (ml/min/1.73 m?) 829(12.2) 86.6 (9.83) 77.1(9.87)
eGFRcys (ml/min/1.73 m?) 81.1(15.2) 84.9 (13.7) 73.6(13.2)
Annual rate of change in eGFRcr (ml/min/1.73 mz/year) @ -1.04 (1.35) -0.86 (1.06) -2.05(1.36)
Annual rate of change in eGFRcys (ml/min/1.73 m?/year) @ -1.13(1.47) -0.93 (1.44) -1.78 (1.40)

Abbreviations: CKD Chronic kidney disease, eGFRcr Creatinine-based estimated glomerular filtration rate; eGFRcys Cystatin C-based estimated glomerular filtration rate

2 Reported as median (interquartile range)

b Participants with eGFRcr-based CKD at baseline (n =54) were excluded
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were more frequently smokers, consumed less alcohol,
were less physically active, and had higher systolic blood
pressure and prevalence of diabetes.

Associations of proteomic biomarkers with kidney function
decline

After adjustment for age, sex, and baseline eGFRcr
in model 1, 95 out of 233 biomarkers were inversely
associated with the annual rate of change in eGFRcr
(FDR<0.05), which means that in comparison to par-
ticipants with lower levels of biomarkers at baseline,
participants with higher levels of biomarkers had a
faster decline in eGFRcr (Additional file 1: Table S6).
After adjustment for additional covariates in model 2,
66 biomarkers showed inverse associations with change
in eGFRcr (62 of these were also significant in model 1)
(Additional file 1: Table S6 & Fig. 2). The top 3 biomark-
ers with the lowest FDR were KIM1 (FDR=9.51E-09,
p=-0.292), NT-proBNP (FDR=1.62E-06,  =-0.249), and
EPHB4 (FDR=1.62E-06, p=-0.233). The B coefficients
for biomarkers significantly associated with eGFRcr
decline ranged from -0.292 to -0.098 ml/min/1.73 m?/
year. When calculating eGFRcr using the 2021 equa-
tion, the correlation coefficient between the annual rate
of change in eGFRcr-2009 and eGFRcr-2021 was 0.998
(Additional file 2: Figure S4D). Among the 233 biomark-
ers, 67 biomarkers were associated with eGFRcr-2021
decline (FDR<0.05, B ranged from -0.301 to -0.104,
Additional file 1: Table S7), and 65 out of these 67 were
associated with eGFRcr-2009 decline. In 3 sensitivity
analyses removing participants with non-fasting status,
CKD, or increase in eGFRcr, 60, 62, and 63 of the 66 bio-
markers remained significant, respectively (Additional
file 1: Table S8 & Additional file 2: Figure S5). In sensitiv-
ity analyses model 2d (further adjusted for UACR) and 2e
(inverse probability weighting-weight was applied), all 66
biomarkers remained significant, indicating that albumi-
nuria and bias caused by loss to follow-up may not affect
our associations (Additional file 1: Table S8). When inves-
tigating associations with rapid eGFRcr decline defined
as the annual rate of change in eGFRcr<-3 ml/min/1.73
m?/year, 61 out of 66 biomarkers were positively associ-
ated with rapid eGFRcr decline, with odds ratios ranging
from 1.29 to 2.09 (Additional file 1: Table S9).

When investigating their associations with the annual
rate of change in eGFRcys, 38 out of 66 biomarkers were
inversely associated with change in eGFRcys at levels
of FDR<0.05 (Additional file 1: Table S10 & Additional
file 2: Figure S6), and associations of the total 233 bio-
markers with the annual rate of change in eGFRcys are
presented in Additional file 1: Table S11. Associations
between baseline characteristics and the annual rate of
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change in eGFRcr and eGFRcys are presented in Addi-
tional file 1: Table S12.

Associations of proteomic biomarkers with eGFRcr-based
incident CKD

Among 1086 participants free of eGFRcr-based CKD at
baseline, 262 cases of incident CKD were identified dur-
ing 11,849 person-years of follow-up. Twenty-eight out
of the 66 eGFRcr change-associated biomarkers were
associated with incident CKD in model 2 (FDR<0.05,
Additional file 1: Table S10 & Additional file 2: Figure
S7). The hazard ratios (HRs) for biomarkers with sig-
nificant associations with incident CKD ranged from
1.16 to 1.52. The top 3 biomarkers with the highest HRs
and lowest FDR for the associations were TRAIL-R2
(HR, 1.52), TNFRSF9 (HR, 1.51), and TNFRSF11A (HR,
1.49). In sensitivity analyses using the alternative defini-
tion of incident cases, 166 cases were identified and 30
out of 66 biomarkers were associated with incident CKD
(FDR<0.05, HRs ranged from 1.21 to 1.67), with 27 bio-
markers overlapping with the initially identified 28 bio-
markers (Additional file 1: Table S9).

We found that 21 proteins were consistently associated
with faster decline in eGFRcr, faster decline in eGFRcys,
and higher risk of incident CKD (Table 2, Additional
file 1: Table S10 & Fig. 3). Among these 21 biomarkers,
17 were also positively associated with higher levels of
UACR at F4 (Additional file 1: Table S13). In the discov-
ery of their potential to serve as drug targets, we found
10 out of 21 have been used as drug targets for drugs to
treat a wide range of diseases or indications, and IL2-RA
has been used as drug target for kidney failure and CKD
treatment (Additional file 1: Table S14). All 21 identified
biomarkers have been reported in previous proteomic
studies (Additional file 1: Table S15). The pairwise cor-
relations of these 21 biomarkers are shown in Additional
file 2: Figure S8. After correction for multiple testing, 199
out of 210 pairs of correlations were significant, with a
mean correlation coefficient of 0.35 (range 0.14 to 0.88)
for significant correlations.

Mendelian randomization analysis

The MR analysis results show a potential causal asso-
ciation of a higher level of TNFRSF11A (f=0.024,
P-value=0.030) with faster eGFR decline (>0 means a
positive association with eGFR decline [32]). However,
no significant associations were observed for any of the
proteins after multiple corrections (FDR > 0.05, Table 3).

Pathway enrichment analysis

A total of 254 pathways that reached statistical signifi-
cance (FDR<0.05) were identified when using 21 bio-
markers (Table 2 & Fig. 3). The top 15 enriched pathways



Lin et al. BMC Medicine (2023) 21:245 Page 7 of 15

sl « KIM1 '
6
IL-18BP
TN
NT—-proBNP “EPHB4
. +CD93
5 TNFRSF9
« MMP-12
IGFBP-2 TNF-R2
«PLC "IL2-RA
TNF-R1
4 .. . TNFRSF11A
GDF—15.pGF
CX3CL1

L e_—IL-15RA
CHI3L1 SPON2

TRAIL-R2° * .—CTSLA1
VSIG2
« —RAGE
PRSS8 " py
TNFRSF13B , & —MMP-7
ILAORB . IL-4RA

FGF-23 Gal-4
LTBR /P,g

AMBP
CCL15-SL-2

FABP4 ,}15’
ADM CCL7 IGFBP—7

KLK6 CL1 co|_23
2 AGRP CT\Z\ hOSCAR

IL-12B— CH|T1
IGFBP- 1}@,:14 ——CCL3-|CAM-2
VEGF-A .Gal=9-Notch 3

SCGBs/%

—LOg10(FDR)

*PD-L1 FDR = 0.05
___________________________________ BABBES_Z_-:T\ES—_BCSKQ____________L______________________

CSF1 YPSP-D |

:

1 1
1

1

1

1

1

1

1

1

1

1

1

:

0 1
1

:

~0.30 —0.25 ~0.20 ~0.15 ~0.10 ~0.05 0.0 0.05 0.10

Beta coefficient
Fig. 2 Association of 233 proteomic biomarkers with the annual rate of change in eGFRcr. Detailed results of beta coefficients and FDR for the
association of 233 proteins with change in eGFRcr are presented in Additional file 1: Table S6 for model 2. Abbreviations: eGFRcr, creatinine-based
estimated glomerular filtration rate; FDR, Benjamini—-Hochberg false-discovery rate. Full names of the biomarkers can be found in Additional file 1:
Table S1

were characterized by processes relating to the response  Discussion

of a tumor necrosis factor (TNF) stimulus, T cell prolif-  In this prospective cohort study, we investigated the asso-
eration, monocyte chemotaxis, and regulation of lym-  ciations of 233 proteins with longitudinal change in kid-
phocyte and leukocyte chemotaxis (Table 4 & Additional  ney function and incident CKD among 1140 participants.
file 2: Figure S9). A total of 66 biomarkers were associated with the annual
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| faster eGFR decline (B <0)
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Fig. 3 Overlap of proteomic biomarkers associated with kidney function decline and incident CKD. Kidney function decline includes both
the annual rate of change in eGFRcr and the annual rate of change in eGFRcys. Detailed results are presented in Additional file 1: Table S10.
Abbreviations: CKD, chronic kidney disease; eGFRcr, creatinine-based estimated glomerular filtration rate; eGFRcys, cystatin C-based estimated
glomerular filtration rate; HR, hazard ratio. Full names of the biomarkers can be found in Additional file 1: Table S1

rate of change in eGFRcr in discovery analysis, and 21
biomarkers out of these, were found to be also associated
with both the annual rate of change in eGFRcys and inci-
dent CKD. Using a two-sample MR approach, we pro-
vided preliminary evidence suggesting a potential causal
association between TNFRSF11A and kidney function
decline (P-value=0.030, FDR=0.463).

All 21 biomarkers that we identified were associated
with greater kidney disease risk, probably because we
targeted 233 CVD- and inflammation-related bio-
markers. Our results were consistent with previous
studies investigating proteomic biomarkers measured
by the same Olink panels and kidney function [8, 12,
15]. Some of the proteins that we identified are well-
known biomarkers of kidney function, such as kidney
injury molecule (KIM1), TNF-R1, TNF-R2, and TNF-
related apoptosis-inducing ligand receptors 2 (TRAIL-
R2), supporting the feasibility of proteomic analysis
to identify biomarkers of kidney function decline. In

the present study, KIM1 was the biomarker with the
strongest association with kidney function decline.
KIM1 has been extensively studied and represents a
potential biomarker of tubular injury in both animals
and humans [39, 40]. Longitudinal studies have also
reported that urinary and blood KIM1 are positively
associated with kidney function decline, incident CKD,
and CKD progression in both diabetic patients and the
general population [8, 13, 14, 39, 41, 42]. When inves-
tigating the associations with incident CKD, TRAIL-
R2 was the biomarker with the strongest association in
our study. The best-understood function of TRAIL-R2
is the induction of apoptosis [43]. TRAIL-R2 has been
found to be associated with kidney function decline in
several proteomic studies [8, 10, 11, 13]. For example,
TRAIL-R2 was the biomarker with the strongest asso-
ciation with kidney function decline among 80 CVD-
related plasma proteins in a longitudinal study [10].
Several other TNF superfamily receptors (TNFRSF)
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Table 3 Results of the two-sample Mendelian randomization analysis between 17 proteins and eGFR decline

Biomarkers MR_Method No. IVs % variance explained B (95%Cl) SE P-value FDR

by SNP?

ADM Wald ratio 1 132 0.033 (-0.026, 0.092) 0.030 0.279 0.694
CCL7 Wald ratio 1 0.61 -0.022 (-0.105, 0.061) 0.042 0.610 0.845
EPHB4 Wald ratio 1 1.23 -0.015 (-0.070, 0.041) 0.028 0.609 0.845
IGFBP-2 Wald ratio 1 0.20 0.008 (-0.133,0.150) 0.072 0.908 0.965
IL-15RA Wald ratio 1 292 -0.028 (-0.065, 0.010) 0.019 0.147 0.626
IL2-RA Wald ratio 1 14.8 -0.004 (-0.022,0.013) 0.009 0.646 0.845
OPN Wald ratio 1 044 0.065 (-0.035, 0.165) 0.051 0.202 0.687
PD-L1 Wald ratio 1 461 0.010 (-0.018,0.038) 0.014 0.488 0.829
PLC Wald ratio 1 127 -0.054 (-0.110, 0.002) 0.029 0.058 0463
™ Wald ratio 1 1.21 -0.008 (-0.062, 0.046) 0.028 0.767 0.884
TNF-R1 Wald ratio 1 031 0.020 (-0.122,0.162) 0.072 0.780 0.884
TNF-R2 Wald ratio 1 1.24 0.022 (-0.029, 0.073) 0.026 0.394 0.744
TNFRSFT1A Wald ratio 1 11.2 0.024 (0.002, 0.046) 0.011 0.030 0.463
TNFRSF9 Wald ratio 1 1.21 0.048 (-0.006, 0.103) 0.028 0.082 0463
TRAIL-R2 Wald ratio 1 558 -0.001 (-0.028, 0.027) 0014 0.968 0.968
VEGF-A Wald ratio 1 24.2 0.006 (-0.006, 0.019) 0.006 0317 0.694
XCL1 Wald ratio 1 224 0.006 (-0.006, 0.019) 0.006 0327 0.694

Abbreviations: Cl Confidence interval, eGFR Glomerular filtration rate, /Vs Instrumental variables, FDR Benjamini-Hochberg false-discovery rate, MR Mendelian
randomization, SE Standard error, SNP Single nucleotide polymorphism. Full names of the biomarkers can be found in Additional file 1: Table S1

2The proportion of proteomic biomarkers’ variance explained by the SNP [31]

Table 4 Pathway enrichment analysis of the 21 identified biomarkers showing top biological processes related to kidney function ?

Gene Ontology Description Gene FDR

GO:0071356 Cellular response to tumor necrosis factor TNFRSF11A, XCL1, CCL3, CCL7, TNFRSF9, TNFRSF1A, TNFRSF1B 2.01E-05
GO:0034612 Response to tumor necrosis factor TNFRSF11A, XCL1, CCL3, CCL7, TNFRSF9, TNFRSFTA, TNFRSF1B 2.01E-05
GO:0035747 Natural killer cell chemotaxis XCL1, CCL3, CCL7 7.27E-05
GO:0002548 Monocyte chemotaxis TNFRSF11A, XCL1, CCL3, CCL7 1.87E-04
GO:0042129 Regulation of T cell proliferation XCL1, CD274, IGFBP2, IL2RA, TNFRSF1B 1.87E-04
GO:0032496 Response to lipopolysaccharide ADM, THBD, TNFRSF11A, CCL3, CD274, TNFRSF1B 1.87E-04
GO:0007565 Female pregnancy ADM, THBD, VEGFA, IGFBP2, SPP1 1.87E-04
GO:0140131 Positive regulation of lymphocyte chemotaxis XCL1, CCL3, CCL7 1.87E-04
GO:0002237 Response to molecule of bacterial origin ADM, THBD, TNFRSF11A, CCL3, CD274, TNFRSF1B 1.95E-04
GO:0042098 T cell proliferation XCL1, CD274, IGFBP2, IL2RA, TNFRSF1B 221E-04
GO:0050727 Regulation of inflammatory response TNFRSF11A, XCL1, CCL3, IL2RA, TNFRSF1A, TNFRSF1B 221E-04
GO:0044706 Multi-multicellular organism process ADM, THBD, VEGFA, IGFBP2, SPP1 2.29E-04
G0:0002690 Positive regulation of leukocyte chemotaxis XCL1, CCL3, CCL7, VEGFA 2.29E-04
GO:1,901,623 Regulation of lymphocyte chemotaxis XCL1, CCL3, CCL7 2.29E-04
GO:0097529 Myeloid leukocyte migration TNFRSF11A, XCL1, CCL3, CCL7, VEGFA 2.29E-04

Abbreviations: CKD Chronic kidney disease, eGFRcr Creatinine-based estimated glomerular filtration rate, eGFRcys Cystatin C-based estimated glomerular filtration rate,

FDR Benjamini-Hochberg false-discovery rate

2The 21 biomarkers significantly associated with the annual rate of change in eGFRcr, the annual rate of change in eGFRcys, and incident CKD (Table 2 & Fig. 3), were
included in the pathway enrichment analysis. The y-axis signifies the top 15 biological processes in kidney function. The x-axis is the -log10 of the FDR

were found to be related to kidney function decline in
our study, including TNF-R1, TNF-R2, TNFRSF9, and
TNEFRSF11A. In our pathway enrichment analysis, TNF
response- and inflammatory response-related pathways
were in the top 15 pathways related to kidney function

and CKD (Table 4 & Additional file 2: Figure S9). Thus,
our study provides additional evidence that TNF sign-
aling pathways and inflammation may play a role in
the pathophysiology of CKD. Similarly, a previous
study identified a panel of 17 proteins from 194 plasma
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inflammatory proteins to be associated with end-stage
kidney disease (ESKD) risk in diabetic patients, and
these 17 proteins were enriched for TNF superfamily
receptors [9]. The findings supported the involvement
of immune response mechanisms in the development
of CKD, which is also consistent with our pathway
analysis, implicating T cell proliferation-related mech-
anisms involved in kidney function pathophysiology.
Three chemokines, including C-C motif chemokine 3
(CCL3), C-C motif chemokine 7 (CCL7), and lympho-
tactin (XCL1), were involved in more than half of the
top 15 pathways, and have been reported to be inversely
associated with kidney function in previous studies
[8, 10, 12, 13, 15]. Chemokines may play a key role in
guiding inflammatory cells into the sites of inflamma-
tion in kidneys and recruiting immune cells such as T
cells and monocytes during the development of chronic
kidney injury [44]. Increasing evidence suggests that
chemokines and their receptors may be potential tar-
gets for anti-inflammatory therapy in CKD [45].
Another important biomarker we identified was
N-terminal prohormone brain natriuretic peptide (NT-
proBNP), which has been shown to be a reliable bio-
marker for diagnosis of heart failure and prognostic
evaluation among patients with heart failure [46]. In
the present study, NT-proBNP was the second strong-
est biomarker associated with kidney function decline,
which is in line with findings from other KORA cohort-
based studies [47, 48]. Similarly, a recent proteomic
study found that higher plasma NT-proBNP was asso-
ciated with worsening kidney function among 5131
patients with type 2 diabetes [8]. Community-based
longitudinal studies have also found that blood NT-
proBNP is positively associated with kidney function
decline and incident CKD [49, 50]. The exact mecha-
nisms explaining the link between NT-proBNP and
kidney function decline remain unclear. Several path-
ways have been proposed to explain the association.
The increase in blood NT-proBNP can result from car-
diac stretch, volume overload, and venous congestion,
which in turn, are potential risk factors of kidney func-
tion decline. For example, volume overload or venous
congestion can lead to an increase in central venous
pressure, which has been reported to be associated with
impaired kidney function [51, 52]. On the other hand,
NT-proBNP is partially dependent on kidney clearance
for elimination, so the concentration of NT-proBNP
accumulates with impaired kidney function [53, 54].
Thus, NT-proBNP could be only a marker for other kid-
ney-damaging risk factors rather than a causal risk fac-
tor itself. Further studies are warranted to explore the
underlying mechanisms. In addition to NT-proBNP, we
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also identified another heart failure-related biomarker,
adrenomedullin, which has previously been found to
play a pathophysiological role in kidney disease [55].

A similar previous study by Grams et al. [14] investi-
gated associations of 4877 proteins measured by the
SomaScan platform with a composite outcome of more
than 50% eGFR decline or ESKD among 3 American-
based cohorts, including 2 kidney disease-related cohorts
(1 of them was an African American cohort). However,
our study was based on a community-based cohort of a
relatively healthy European population. As differences in
dietary habits and genetic background between ethni-
cally diverse populations may affect both levels of protein
expression and kidney function, it is important to verify
observed associations in independent populations from
various regions. Furthermore, most of the CKD cases we
identified did not yet progress to ESKD (only 2 out of 262
incident cases had ESKD, i.e.,, eGFRcr<15 ml/min per
1.73m?). Thus, we mainly focused on the annual rate of
kidney function decline as an outcome rather than severe
eGFR decline (e.g.,>50% decline) or ESKD. Of note, our
sensitivity analyses on rapid kidney function decline and
redefinition of incident CKD cases show robust results
(Additional file 1: Table S9). In our study, we targeted
233 CVD- and inflammation-related proteins meas-
ured by the Olink platform based on prior knowledge
of close CKD-CVD relations, providing a more targeted
approach to uncover pathways and mechanisms under-
lying kidney disease compared to the more comprehen-
sive SomaScan platform used in the previous study [14].
However, it is worth noting that the smaller number of
proteins measured by the Olink platform may be seen
as a disadvantage compared to the SomaScan platform
[56]. In a study by Rooney et al. [57] comparing correla-
tions of 417 proteins that overlapped between the Olink
and SomaScan platforms in 427 participants, the median
Spearman correlation coefficient was 0.53 (range -0.21
to 0.97) and only 19% of the correlation coefficients were
higher than 0.8. When Rooney et al. [57] further investi-
gated associations of the overlapping proteins with eGFR,
Olink platform-based proteins demonstrated more asso-
ciations with eGFR, particularly in the group of proteins
with Spearman correlation coefficients less than 0.3. Katz
et al. [56] reported similar results and showed that the
median Spearman correlation coefficient of proteins that
overlapped between the two platforms was 0.45. These
results show that findings from proteomic studies can be
affected by the used platform, but the superiority of one
platform over the other has not been clearly established
yet. Thus, proteomic studies based on different platforms
are important and our study adds to the existing litera-
ture in the field.
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In MR analysis, our results show preliminary evidence
suggesting a potential causal association of TNFRSF11A
with eGFR decline (P-value=0.030). A previous GWAS
in 583 coronary patients observed an association of a
polymorphism located within the genomic region of
TNEFRSF11A with kidney function decline [58]. In line
with these associations, longitudinal studies that exam-
ined proteomics of kidney function also reported that
plasma TNFRSF11A was positively associated with
kidney function [8, 11]. MR is an effective approach to
provide a robust and less biased estimate of causal associ-
ations, but our MR analysis was limited by the availability
of GWAS, especially GWAS of proteins measured using
the Olink platform. As GWAS by Sun et al. [31] reported
only cis-SNPs with significance at the level p<3.4E-11,
each protein had only 1 cis-SNP as instrument, which
limited the possibility to test the robustness of our results
in sensitivity analyses and may have reduced our statis-
tical power [59]. Additionally, the presence of overlap-
ping participants in the 2 GWAS used in the present
MR analysis may have caused bias [35], although this
potential bias did not significantly change our MR results
when using a maximum likelihood method to address it
(details in Additional file 2: Text S3 & Additional file 1:
Table S16). Further MR analyses based on multiple
instruments GWAS summary statistics from larger pop-
ulations are warranted.

Study strengths include the assessment of a large num-
ber of proteomic biomarkers and the use of a large pro-
spective cohort study, with a median follow-up time of
13.4 years and two follow-up visits for most participants.
The Strengthening the Reporting of Observational Stud-
ies in Epidemiology checklists for cohort studies and MR
studies are presented in Additional file 1: Table S17 & 18,
respectively. However, several limitations should also be
considered. First, we used FDR to correct for multiple
testing, which is less conservative and may increase the
risk of false positives compared to Bonferroni correction.
Furthermore, we did not validate the identified biomark-
ers in external cohorts since all our 21 identified biomark-
ers have been reported in previous proteomic studies
(Additional file 1: Table S15). Second, there may be mis-
classification resulting from measurement errors due to
different measurement methods of serum creatinine and
cystatin C at S4/F4/FF4, and imputation of missing value
of eGFRcys. Additionally, we defined CKD cases based
on a single creatinine measurement, which does not ful-
fill the diagnosis of CKD in clinical practice that the pres-
ence of eGFRcr <60 ml/min per 1.73m? persists for more
than 3 months. Thus, because our data may not be ideally
suited for predictive analysis due to various limitations,
such as a suboptimal CKD diagnosis and lack of exter-
nal validation cohorts, we did not develop a prediction
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model for the development and progression of CKD. Our
primary aim was to identify potential biomarkers related
to kidney function decline, which may contribute to the
development of predictive models, diagnostic strategies,
and therapeutic targets in the future. Third, there may
be selection bias due to loss to follow-up, but the results
of sensitivity analysis with inverse probability weights
suggest that this may not affect our result remarkably.
Finally, although we adjusted for multiple confounders,
we were unable to adjust for albuminuria at baseline due
to lack of data.

Conclusions

In conclusion, we found 21 known proteins to be associ-
ated with kidney function decline and incident CKD in
a Caucasian community-based population and provided
further evidence regarding new diagnostic or prognostic
biomarkers and therapeutic targets for CKD. Although
the current underpowered MR analysis failed to find con-
vincing evidence for causal associations of the 21 proteins
with kidney function decline, our results provide prelimi-
nary evidence suggesting a potential causal association
between TNFRSF11A and kidney function decline and
a role of TNF signaling pathways in the pathophysiology
of CKD. Further MR studies are needed to establish and
validate a conclusive causal association.

Abbreviations

CKD Chronic kidney disease
cvD Cardiovascular disease
eGFR Estimated glomerular filtration rate

eGFRcr Creatinine-based estimated glomerular filtration rate
eGFRcys  Cystatin c-based estimated glomerular filtration rate
ESKD End-stage kidney disease

FDR Benjamini-Hochberg false-discovery rate

GWAS Genome-wide association study

HR Hazard ratio

KORA Cooperative Health Research in the Region of Augsburg
MR Mendelian randomization

SD Standard deviation

SNP Single nucleotide polymorphism

TNF Tumor necrosis factor

UACR Urine albumin-creatinine ratio
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