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Abstract

Background Chronic kidney disease (CKD) is a progressive disease for which there is no effective cure. We aimed
to identify potential drug targets for CKD and kidney function by integrating plasma proteome and transcriptome.

Methods We designed a comprehensive analysis pipeline involving two-sample Mendelian randomization (MR) (for
proteins), summary-based MR (SMR) (for mRNA), and colocalization (for coding genes) to identify potential multi-
omics biomarkers for CKD and combined the protein—protein interaction, Gene Ontology (GO), and single-cell anno-
tation to explore the potential biological roles. The outcomes included CKD, extensive kidney function phenotypes,
and different CKD clinical types (IgA nephropathy, chronic glomerulonephritis, chronic tubulointerstitial nephritis,
membranous nephropathy, nephrotic syndrome, and diabetic nephropathy).

Results Leveraging pQTLs of 3032 proteins from 3 large-scale GWASs and corresponding blood- and tissue-specific
eQTLs, we identified 32 proteins associated with CKD, which were validated across diverse CKD datasets, kidney
function indicators, and clinical types. Notably, 12 proteins with prior MR support, including fibroblast growth factor
5 (FGF5), isopentenyl-diphosphate delta-isomerase 2 (IDI2), inhibin beta C chain (INHBC), butyrophilin subfamily

3 member A2 (BTN3A2), BTN3A3, uromodulin (UMOD), complement component 4A (C4a), C4b, centrosomal pro-
tein of 170 kDa (CEP170), serologically defined colon cancer antigen 8 (SDCCAGS), MHC class | polypeptide-related
sequence B (MICB), and liver-expressed antimicrobial peptide 2 (LEAP2), were confirmed. To our knowledge, 20 novel
causal proteins have not been previously reported. Five novel proteins, namely, GCKR (OR 1.17,95% Cl 1.10-1.24),
IGFBP-5 (OR 0.43, 95% (I 0.29-0.62), sSRAGE (OR 1.14, 95% CI 1.07-1.22), GNPTG (OR 0.90, 95% Cl 0.86-0.95), and YOD1
(OR 1.39,95% CI 1.18-1.64,) passed the MR, SMR, and colocalization analysis. The other 15 proteins were also candi-
date targets (GATM, AIF1L, DQA2, PFKFB2, NFATCT, activin AC, Apo A-IV, MFAP4, DJC10, C2CD2L, TCEA2, HLA-E, PLD3,
AlIF1, and GMPRT). These proteins interact with each other, and their coding genes were mainly enrichment in immu-
nity-related pathways or presented specificity across tissues, kidney-related tissue cells, and kidney single cells.

Conclusions Our integrated analysis of plasma proteome and transcriptome data identifies 32 potential therapeu-
tic targets for CKD, kidney function, and specific CKD clinical types, offering potential targets for the development
of novel immunotherapies, combination therapies, or targeted interventions.
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Background

Chronic kidney disease (CKD) is a progressive dis-
ease characterized by structural and functional dam-
age which affects approximately 10% of the world’s
population [1, 2]. People with CKD face high risks of
many adverse outcomes, including the need for kidney
replacement therapy, cardiovascular events, and death
[1]. However, such a serious and widespread disease has
no effective cure in clinical practice, and novel strate-
gies were required to prolong kidney and patient sur-
vival without dialysis and kidney transplantation [3]. A
deeper identification and understanding of the biomark-
ers involved in the CKD biological pathways is essential
for identifying potential treatment targets.

In biological mechanisms, the fundamental flow of
information in biological systems is from DNA (genome)
to RNA (transcriptome) to proteins (proteome) [4].
Large-scale genome-wide association studies (GWAS)
have identified hundreds of loci that are associated with
CKD and kidney function [5-7]. Nonetheless, these loci,
which are upstream of the biological mechanisms, are a
long way from being useful for therapeutic targets. The
current blood proteome permits high-throughput analy-
sis and identification of potential targets, including those
enriched for CKD or its risk factors [8]. Meanwhile,
Mendelian randomization (MR) is an approach that uses
genetic variation as instrumental variables (IVs) to infer
causal relationships between exposures and outcomes.
Before investigating dedicated animal models or ran-
domized trials, the MR method with quantitative trait
locus (QTLs) as IVs can add evidence for causal infer-
ence in CKD proteomics research [8]. For example, some
recent studies have explored proteomics for CKD pro-
gression and estimated glomerular filtration rate regula-
tion (eGFR) regulation by specific cohorts or Mendelian
randomization-based methods [9-11]. Schlosser et al.
nominated determinants of kidney filtration (eGFR,
blood urea nitrogen) and kidney damage (albuminuria)
by transcriptome and proteome-wide association stud-
ies [12]. Some studies have also provided evidence of
the effects of specific proteins, such as FGF21, and spe-
cific genes, such as ALCY and CVD- and inflammation-
related proteins, on changes in kidney function [13-15].
Nonetheless, a comprehensive understanding of the inte-
gration of large-scale transcriptomic and proteomic data
across diverse CKD- and kidney function-related phe-
notypes, which is crucial for confirming prior findings,
discovering novel biomarkers, and revealing new roles,

remains lacking. This gap may be attributed to factors
such as the availability of high-quality data with larger
sample sizes in transcriptomic and proteomic GWASs,
tissue-specific transcriptomic variations, and insuffi-
cient inclusion of CKD phenotypes. Therefore, system-
atic research is necessary to overcome these limitations,
enhancing our understanding of multi-omics biomarkers
of CKD and kidney function and facilitating the identifi-
cation of therapeutic targets through well-designed ana-
lytical frameworks.

With the development of aptamer-based and immu-
noassay-based platforms, including SomaScan and
Olink, for more than~1000 to 7000 proteins, large-
scale GWAS datasets for the plasma proteome involving
large-scale samples, such as studies on 35,559 Icelanders,
10,708 Fenland, and 54,306 UK Biobank participants,
have been released [8, 16—18]. These protein biomark-
ers could be well matched with coding genes in available
GWAS datasets for transcriptomes, such as eQTLGen
and GTEx [19, 20]. The integration of genomics with
the transcriptome and proteome may greatly contribute
to testing whether selected biomarkers are involved in
causal pathways. We hypothesized that an ideal target
of CKD may follow the flow of biological mechanisms,
while the efforts to integrate analyses of multiple pro-
teome and transcriptome could deepen our understand-
ing of therapeutic approaches to kidney disease.

In this study, we integrated the top 3 largest GWAS for
more than 3000 proteins with available pQTLs, the cor-
responding largest GWASs of blood and tissue-specific
gene expression (mRNA), and extensive GWASs of CKD-
related outcomes, including CKD, trans-ancestry CKD,
kidney function, rapid kidney function decline, annual-
ized relative change of kidney function, and some specific
CKD clinical types. With a comprehensive analysis pipe-
line including proteome-wide MR, transcriptome-wide
MR, colocalization analyses, protein—protein interaction
(PPI), and gene enrichment analysis, this study aimed to
identify the potential causal protein biomarkers and tar-
get genes that are druggable for future CKD treatment.

Methods

Study design

The study design is shown in Fig. 1. We defined a com-
prehensive analysis pipeline: (1) to select potential pro-
tein targets of CKD from three large GWAS datasets
by proteome-wide association study (PWAS) using the
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two-sample MR method; (2) to verify the expression of
these candidate plasma protein-coding genes and to
identify consistent associations by a transcriptome-wide
association study (TWAS) using the summary-based
MR (SMR) method; (3) to explore the roles of these can-
didate protein targets in trans-ancestry CKD, kidney
function phenotypes, and different CKD clinical types
by sensitivity and replication analysis; (4) to verify the
shared coding gene loci of identified protein with CKD
by colocalization analysis; (5) to explore the potential
biological mechanism of putative protein targets by pro-
tein—protein interaction (PPI) and Gene Ontology (GO)
enrichment analysis; and (6) to classify the evidence of
this study by the results of MR, SMR, colocalization, and
comparisons with previous evidence.

Data sources of plasma proteome

As shown in Fig. 1, we acquired pQTLs associated with
plasma proteins from the three largest independent
GWASs—(1) 28,191 genetic associations (P<1.8x107°)
for 4907 aptamers were identified in 35,559 Icelanders
based on the SomaScan platform. The data are derived
from two main projects: the Icelandic Cancer Project
(ICP) (52% of participants) and various genetic programs
at deCODE Genetics, Reykjavik, Iceland (48% of partici-
pants) [16]. These precalculated summary statistics used
recursive conditional analysis to denote the most signifi-
cant variant in each region (+ 1 Mb) as the sentinel pQTL
(n=18,084) and the other variants as secondary pQTLs
(n=10,107) [16]. This GWAS replicated 83% of reported
pQTLs in the INTERVAL study (based on SomaScan)
and 64% of the pQTLs from the SCALLOP consortium
(based on Olink) [16]. (2) A total of 10,674 genetic asso-
ciations (P<1.004x 10~ 1) for 3892 plasma proteins were
identified in 10,708 European-descent participants from
Fenland using the SomaScan platform [17]. Conditional
analysis was also utilized to detect sentinel (n=28328)
and secondary signals (n=2346) for each genomic region
identified by distance-based clumping with GCTA [17].
This GWAS replicated 61% of pQTLs using the Olink
technique, with a higher proportion for cis-pQTLs
(81.2%) [17]. (3) A total of 23,588 primary (sentinel)
genetic associations (P<1.7X 10714 clumping+1 Mb,
?<0.8) for 2923 proteins in 54,219 participants from

(See figure on next page.)
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the UK Biobank Pharma Proteomics Project (UKB-
PPP) were identified using the Olink platform [18]. This
GWAS replicated 84% of the previous pQTLs from anti-
body-based studies and replicated 38% of pQTLs from
aptamer-based studies [18]. These pQTL summary sta-
tistics were obtained directly from the previous GWASs
and therefore were not further adjusted for specific met-
rics such as eGFR.

According to these signals from the three GWASs, cis-
pQTLs were defined as SNPs within 1 Mb from the gene
encoding the protein, while the trans-pQTL exceeded
1 Mb from the gene encoding the protein. The details of
these pQTLs are shown in Additional file 1: Fig. S1. A
total of 3032 proteins (1439 in Iceland, 1563 in the UK
Biobank, and 1399 in Fenland) (Additional file 1: Fig. S2)
with available cis-pQTLs were utilized in subsequent
analysis.

Data sources of transcriptome

Gene expression data were sourced from the eQTLGen
consortium, which provided us with a substantial sam-
ple size (n=31,684) to identify SNPs associated with
the expression of genes targeted by the corresponding
plasma proteins [19]. In this study, we specifically focused
on cis-eQTLs, ensuring the relevance of the genetic vari-
ation to gene expression changes. For replication, we also
acquired 2 sets of gene expression data from the blood
sample [CAGE (n=2765) and Westra et al. (n=3511)]
and 1 set of data from the brain sample [PsychENCODE
project (n=1387)] [21-23]. We additionally acquired the
tissue-specific cis-eQTLs from 49 tissues (n=15,201)
from the GTEx (v8) project [20] to explore the tissue-
specific associations and potential off-target effects of
drugs targeting genes. All of the gene expression datasets
were publicly available and precalculated summary statis-
tics. The eQTL data are represented as the effect of each
additional allele on a 1-SD change in the gene expression
level (MRNA).

Data sources of chronic kidney disease

We acquired summary statistics for CKD from 3 large-
scale genome-wide association meta-analyses. The prin-
cipal dataset was the largest GWAS of CKD (defined as
eGFRcrea<60 mL min™! per 1.73m?) from CKDGen,

Fig. 1 Overview of the study design. (1) The exposure summary data include three proteome-wide pQTL and five transcriptome-wide eQTL
datasets. The outcome summary data include four CKD outcomes (data CKD1-4), two kidney function phenotypes (eGFRcrea+eGFRcys), two rapid
kidney function decline phenotypes (Rapid3 + CKDi25), annualized relative slope change of eGFR in four populations, and six CKD clinical types. (2)
The workflow of the statistical analysis included proteome-wide MR (PWAS), transcriptome-wide MR (TWAS), sensitivity, replication, tissue-specific
analysis, colocalization analysis, protein—protein interaction analysis, GO enrichment analysis, and single-cell enrichment annotation. (3) the three
evidence tiers were determined according to MR, SMR, and colocalization analysis and compared with previous evidence
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Exposures: plasma proteome

Exposures: transcriptome (mMRNA)

» lIceland: 4,907 aptamers in 35,559 Icelanders
» Fenland: 3892 proteins in 10,708 participants
* UKB-PPP: 2,923 proteins in 54,219 participants

» eQTLGen: 31,684 blood samples

* CAGE: 2765 blood samples

* Westra et al: 3511 blood samples

* PsychENCODE: 1387 brain samples

* GTEXx (v8): 15,201 samples from 49 tissues

Outcomes: different CKD + kidney function + CKD clinical types

* CKD outcomes
CKD1: n=480,698 European (CKDGen)
CKD2: n=625,219 Trans-ancestry (CKDGen)
CKD3: n=117,165 European (CKDGen)
CKD4: n=482,858 European (UKB+FinnGen)

* Rapid kidney function decline
Rapid3, n=141,964 (CKDGen+UKB)
CKDi25, n=195,145 (CKDGen+UKB)

» Estimated glomerular filtration rate
eGFRcrea, n=1,201,909 (CKDGen+UKB)
eGFRcys, n=460,826 (CKDGen+UKB)

» CKD clinical types
Chronic tubulo-interstitial nephritis (FinnGen)
Membranous nephropathy (Xie J et al)
IgA nephropathy (UKB+FinnGen)
Chronic glomerulonephritis (UKB+FinnGen)
Nephrotic syndrome (UKB+FinnGen)
Diabetic nephropathy (UKB+FinnGen)

* Annualized relative slope of eGFR
European with diabetes (BioVU)
European without diabetes (BioVU)
Trans-ancestry with diabetes (MVP+BioVU)
Trans-ancestry without diabetes (MVP+BioVU)

< =

Selecting potential protein target of CKD by proteome-wide Mendelian Randomization

PWAS

» Principal analysis (cis-pQTL)
Wald Ratio or IVW

* Exposure: proteome

Quality control
Confounders J » Steiger filter
» F statistic>10

Iceland+Fenland+UKB-PPP [ cis-pQTLs — protein | —f

Pintercept Of MR-Egger>0.05

CKD | « P<5x104 (FDR corrected)

» Outcome: CKD \

CKDGen, CKD1 %
4 -
Verifing candidate plasma protein coding gene expresison by transcriptome-wide MR
TWAS P
Confounders L g

« Method: SMR Significant results
» Exposure: transcriptome * Pgyr<0.05

eQTLGen, mRNA - * Pugp>0.01

’ Cis-eQTL: }——»{ RNA }—-{ CKD HEIDI

* Outcome: CKD | |s-e| ° " f ’

CKDGen, CKD1 %

< =

Sensititvity, replication, and tissue-specific analysis

MR with other criteria and datasets
* Clumping cis-pQTLs (r2<0.1)

Using only sentinel pQTLs

CKD1 (using cis+trans-pQTLs)

CKD2, CKD3, CKD4

o o

MR for kidney function
and CKD types
Rapid3,CKDi25
* eGFRcrea, eGFRcys
6 CKD clinical types
4 eGFR relative slope

SMR using tissue-specific data
CAGE, Westra et al (blood)

* PsychENCODE (brain)

*  GTEXx (v8) (testing off-target drug
effects across 49 tissues)

Colocalization+ Protein-Protein Interaction + GO enrichment + Single-cell enrichment

= -

Tier MR (PWAS) SMR (TWAS) Colocalization | Previous evidence
1 v N N \/novel
> v N x V/novel
R X/- N Vmovel
3 V /- x Vmovel

Fig. 1 (Seelegend on previous page.)
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which included 480,698 (41,395 cases) European ances-
try participants across 23 studies (CKD1) and 625,219
(64,164 cases) trans-ancestry participants across 30
studies (CKD2) [5]. We also acquired additional GWAS
data for CKD of European ancestry, which included 43
studies, for a total sample size of 117,165 (12,385 cases)
(CKD3) [6]. Approximately 43.7% (n ~ 51,171) of the
samples from CKD3 participants overlapped with those
from CKD2 participants (Additional file 2: Table SI).
GWAS data from the UK Biobank plus FinnGen with
482,858 participants (8287 cases) for chronic renal fail-
ure were also included (CKD4) (UK Biobank endpoint:
ICD10: N18 or phecode: 585.3; FinnGen endpoint: N14_
CHRONKIDNEYDIS) [24].

Data sources of kidney function

We included 3 GWAS summary statistics of different
kidney function phenotypes. First, we used the larg-
est glomerular filtration rate estimated from creati-
nine (eGFRcrea) and eGFRcys (cystatin-based eGFR)
GWAS for direct kidney function measurement from
the combined CKDGen and UK Biobank (7=1,201,909
and 460,826, respectively) [7]. The 2 outcomes in this
GWAS meta-analysis are log-transformed eGFRcrea and
eGFRcys. Second, 2 phenotypes of rapid kidney function
decline defined by eGFRcrea [>3 mL/min/1.73 m?/year
(“Rapid3,” 34,874 cases, 107,090 controls) and eGFRcrea
decline >25% and eGFRcrea <60 mL/min/1.73 m? at fol-
low-up among those with eGFRcrea>60 mL/min/1.73
m? at baseline (“CKDi25”% 19,901 cases, 175,244 con-
trols)] were acquired from a GWAS with 42 studies [25].
The 2 binary phenotypes represent the speed and propor-
tion of eGFR decline, respectively. Third, annualized rela-
tive slope change of eGFR (interpreted as the percentage
change in eGFR per year) was acquired from a study on
Million Veteran Program (MVP) and Vanderbilt Univer-
sity Medical Center’s DNA biobank (BioVU) among par-
ticipants with CKD stratified by ethnicity and diabetes
status, including European participants with/without dia-
betes (n=1642 and 5648, respectively) and trans-ances-
try participants with/without diabetes (n=46,424 and
70,446, respectively) [26].

Data sources of CKD clinical types

The chronic tubulointerstitial nephritis data were
acquired from the GWAS of the FinnGen consortium,
which included 620 cases and 201,028 controls [27]. The
data on membranous nephropathy were derived from a
GWAS on European ancestry with 2150 cases and 5829
controls [28]. The IgA nephropathy (15,587 cases and
462,197 controls), chronic glomerulonephritis (566 cases
and 475,255 controls), nephrotic syndrome (775 cases
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and 475,255 controls), and diabetic nephropathy (1032
cases and 451,248 controls) data were acquired from
meta-analyses with the UK Biobank and FinnGen [24].

Statistical analysis

Proteome-wide Mendelian randomization analysis

This study followed the STROBE-MR analysis guidelines.
The potential protein targets for CKD were selected from
three large plasma proteomics datasets by MR analysis. In
principle analysis, only cis-pQTLs were utilized as I'Vs for
each protein, while the outcome was from the CKDGen
with European ancestry (CKD1). For proteins with only
one cis-pQTL, the Wald ratio and the delta method were
applied for estimating odds ratios (ORs) and correspond-
ing confidence intervals (ClIs) [29]. For proteins with
multiple cis-pQTLs, estimators were acquired through
the inverse variance weighted (IVW) method [30].

According to the causal graph of MR shown in Fig. 1,
this method should satisfy three assumptions: (1) the
IV is associated with the exposure, (2) the IV affects the
outcome only through the exposure (lower red cross),
and (3) the IV is not associated with the confounders
(upper red cross). To satisfy these assumptions, sev-
eral measures were applied. Testing for the intercept of
MR-Egger regression was performed to assess the exist-
ence of horizontal pleiotropy [31]. To further control
potential reverse causality and pleiotropy, we used the
Steiger filter to remove the pQTLs that explained more
variance for CKD other than the corresponding protein.
The IVs restricted to the cis-pQTLs and combined with
colocalization analyses could reduce genetic confounding
due to horizontal pleiotropy and linkage disequilibrium,
respectively [12]. The F-statistic was calculated to assess
the strength of the IVs. For pQTL j, the F-statistic can
be approximated as F/=?/2/0Xj2, where §; is the pQTL-
protein association and 0)(1.2 is the standard error of the
association [32]. The heterogeneity of pQTLs was tested
by Q statistics.

The MR estimators represented a per-SD increase in
genetically predicted levels of circulating proteins on
the risk of CKD. To address multiple testing, an FDR-
corrected P-value (g <0.05, approximate P<5x 10™%) was
considered significant. Finally, the effects of a specific
protein were meta-analyzed using the fixed-effect model
if the protein was significant (¢<0.05) in any one of the
three protein datasets, and estimators were available
from more than one dataset. The corresponding results
are reported as the “combined” effects.

Transcriptome-wide Mendelian randomization analysis

To further verify the detected plasma protein targets
(g<0.05), the summary-based MR (SMR) method [33]
was utilized to evaluate the association between the
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corresponding protein-coding gene expression from
the eQTLGen blood samples and the risk of CKD (data
CKD1). The SMR approach selects the single most sig-
nificantly associated eQTL SNP (located near the target
gene) as an instrument. The default P-value for selecting
the top associated eQTL was 5x 1072, The SMR tool also
implements the heterogeneity in dependent instruments
(HEIDI) test to assess whether the observed association
between gene expression and outcome is due to a link-
age scenario rather than the SNP affecting disease via
gene expression regulation. A HEIDI test P-value<0.01
was considered to indicate an association due to a linkage
scenario. The main results are also presented as the ORs
for disease per 1-SD change in gene expression.

Sensitivity, replication, and tissue-specific analysis

For IVs, we further clumped the cis-pQTLs by the
“clump_data” function with the parameters clump_
kb=10,000 and clump_r2=0.01 to control the potential
linkage disequilibrium. We also utilized only the sen-
tinel (primary) cis-pQTLs for each protein for another
sensitivity analysis. In addition, the combined cis- and
trans-pQTLs were utilized as IVs to repeat the principal
analysis. For outcomes, we used three other CKD data
sources (data CKD2-4) to replicate our MR analysis.
We also explored the associations of the identified pro-
teins and two kidney function outcomes (eGFRcrea and
eGFRcys), two rapid kidney function decline outcomes
(Rapid3 and CKDi25), annualized relative slope change
of eGFR in four populations, and six clinical types of
CKD. For gene expression, we replicated our analysis
with another two datasets with blood samples (CAGE
and Westra et al.) and tissue-specific datasets (PsychEN-
CODE and GTEx). The potential off-target effects of
a drug targeting a gene were further assessed by deter-
mining whether these effects were contradictory across
different tissues. There was no sample overlap in the
principal MR analysis and all of the SMR analysis. The
population of proteins from the UKB-PPP partly over-
lapped with the outcomes from the UK Biobank and was
only utilized in replication analyses to verify the robust-
ness of our findings.

Colocalization analysis

Colocalization analysis was applied to test whether the
identified associations of proteins with CKD shared the
same causal variant. The analysis was based on a Bayes-
ian model with a posterior probability of five hypotheses
(PPH): (1) no association with either trait (H,), (2) asso-
ciation with trait 1 only (H;), (3) association with trait
2 only (H,), (4) distinct causal variants associated with
two traits (H;), and (5) same causal variant associated
with both traits (H,) [34]. The “coloc.abf” algorithm was
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used with the default parameters (prior probability that
a SNP is associated with trait 1: p1=1x10"%, with trait
2: p2=1x10"% and with both traits p12=1x107°). We
defined the association between the identified protein
and CKD as colocalization when the PPH,>0.8, while
PPH, > 0.5 indicated moderate colocalization.

Protein-protein interaction network, Gene Ontology
enrichment analysis, single-cell enrichment annotation,

and evidence from previous studies

To test the interactions of the identified proteins, we
performed protein—protein interaction (PPI) network
analysis for the proteins significantly associated with
CKD (g<0.05). All PPI analyses were conducted using
the Search Tool for the Retrieval of Interacting Genes
(STRING) database version 11.5 (https://string-db.org/),
with the minimum required interaction score of 0.4 [35].
In addition, gene function annotation was performed
for the identified protein-coding genes using biological
function Gene Ontology (GO) enrichment analysis. GO
enrichment analysis was used to analyze the biological
significance of candidate genes, including biological pro-
cess (BP), cellular component (CC), and molecular func-
tion (MF) enrichment; g < 0.05 was considered to indicate
significant enrichment. Single-cell transcriptomic anno-
tation for the 32 protein-coding genes was obtained
from the Human Protein Atlas (proteinatlas.org), which
provides the normalized protein transcripts per million
reads for 76 cell types from 14 healthy tissue types [36].
The genes were enriched by RNA single cell type speci-
ficity, RNA tissue cell type specificity, and immune cell
specificity. Then, whether the identified proteins and
genes were druggable was determined through the pre-
vious study [37]. Finally, to explore whether our findings
were reported by previous GWAS, transcriptome-wide
MR, proteome-wide MR, or observational studies and
whether the effects were consistent, we reviewed the
related studies and compared the findings. The strategy
of the review is described in the Additional file 1: Supple-
ment Text.

All the statistical tests were two-tailed. The R software
(version 4.3.1) with the TwoSampleMR [38], fdrtool [39],
meta [40], coloc [34], clusterProfiler [41, 42], org.Hs.eg.
db [43], and enrichplot [42] packages and the smr-1.3.1-
win [33] software were used in this study.

Results

Putative plasma proteins on CKD

The signals of significant proteins from 3 datasets
on CKD are shown in Fig. 2A. After FDR correction,
32 proteins were significantly associated with CKD
(g<0.05), involving 9, 14, and 17 proteins from Iceland,
UK Biobank, and Fenland, respectively. Among these
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proteins, IDI2 and MFAP4 were repeated in all 3 data
sources, while GATM, TCEA2, INHBC, LEAP2, GCKR,
INHBC, and AIF1 were repeated in 2 data sources. The
F-statistics and MR-Egger test for the intercept are shown
in Additional file 2: Tables S2-S3. In this study, all of the
F-statistics were larger than 10, which was considered to
indicate no weak IVs bias. The MR-Egger intercept test
for pleiotropy was also satisfactory.

Associations of putative proteins on CKD

The effects of 32 proteins were shown in Fig. 2B, 18 pro-
teins were negatively associated with CKD and 14 pro-
teins increased the CKD risk. MFAP4, IDI2, GATM, and
TCEA2 were negatively associated with CKD in at least
2 datasets, where the corresponding combined ORs and
95% ClIs were 0.80 (0.75-0.86), 0.80 (0.76-0.85), 0.81
(0.78-0.84), and 0.85 (0.80-0.90), respectively. In addi-
tion, INHBC, LEAP2, AIF1, and GCKR were positively
associated with CKD, with ORs and 95% CIs of 1.04
(1.02-1.05), 1.12 (1.07-1.16), 1.16 (1.10-1.24), and 1.17
(1.10-1.24), respectively. The protein AIF1L in Fenland
data and the protein sRAGE, INHBC, AIF1, and Apo
A-TIV in Iceland data presented significant heterogeneity
tested by Q statistics (Additional file 2: Table S4). How-
ever, the effects of these proteins were not significant in
the MR analysis (Fig. 2B) but had the same directions
as the corresponding proteins from other data sources,
which have limited influence on the overall results
(the combined effects). In the sensitivity analysis with
clumped pQTLs (r*<0.1), all 32 associations were repli-
cated (Additional file 1: Fig. S3). When only the sentinel
pQTLs were used, 31 of the 32 associations were repli-
cated, except for AIFIL (Additional file 1: Fig. S4). In
the sensitivity analysis with both cis- and trans-pQTLs,
the results also presented the same direction, although
some were not significant since the trans-pQTLs were

(See figure on next page.)
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more likely to be pleiotropy (Additional file 1: Fig. S5).
The entire results for all 32 proteins (g<0.05) in each
data source are shown in Additional file 2: Table S5. The
pQTL-exposure and pQTL-outcome associations are
shown in Additional file 2: Table Sé.

Associations of the protein-coding gene expression

on CKD

We mapped the 32 proteins to 29 coding genes. Figure 3
shows the SMR analysis results for 29 genes. Fourteen
of 29 genes presented consistent results for CKD as the
corresponding proteins. Among these genes, HLA-
DQA2, BTN3A2, C4A, NFATC1, and GNPTG were
associated with a decreased CKD risk in more than 1
blood sample or tissue-specific sample. In contrast, SDC-
CAGS, CEP170, AGER, C4B, AIF1L, DNAJC10, YODI,
CDCD2L, and MICB were significantly associated with
increased CKD risk. In kidney cortex samples, the gene
expression of FGF5, C4a, and HLA-DQA2 was negatively
associated with CKD. The ORs and 95% Cls of the asso-
ciations in the eQTLGen dataset are shown in Additional
file 1: Fig. S6.

The genes TCEA2, GMPR, PLD3, GATM, and PFKFB2
presented different effects on CKD risk across blood or
tissue-specific samples, which may reflect potential off-
target effects. For example, TCEA2 gene expression in the
blood and adrenal gland decreased the CKD risk, which
was consistent with the effect of the plasma TCEA2 pro-
tein. However, the CKD risk was increased for TCEA2
gene expression in other tissues. The expression of GMPR
in the brain and PLD3 in the blood was also consistent
with the effects of the corresponding plasma proteins
but showed an opposite effect in other tissues. Besides,
although GATM and PFKFB2 also presented opposite
effects across tissue-specific samples, the majority of the
effects were protective and consistent with the effects of

Fig. 2 Associations of the 32 identified proteins with CKD. A Volcano plot of individual proteins associated with the primary CKD outcome

across three data sources. The red line represented the threshold of FDR correction (g <0.05), and the red point indicated significant proteins. B
Forest plot of identified proteins in A that passed the FDR corrections for the risk of CKD. The ORs and 95% Cls of the significant proteins in any 1
dataset were reported. For proteins that were available from more than 1 dataset, the ORs and 95% Cls were combined by fixed effect meta-analysis
and are shown as combined effects. Hollow dots represent P>0.05, and solid dots represent P < 0.05. Abbreviations: IGFBP-5, insulin-like growth
factor-binding protein 5; C2CD2L, C2 domain-containing protein 2-like; DQA2, HLA class Il histocompatibility antigen, DQ alpha 2 chain; DJC10,
DnaJ homolog subfamily C member 10; SDCCAGS, serologically defined colon cancer antigen 8; PLD3, phospholipase D3; Apo A-IV, apolipoprotein
A-IV; C4a, complement component 4A; MFAP4, microfibril-associated glycoprotein 4; IDI2, isopentenyl-diphosphate delta-isomerase 2; GATM,
glycine amidinotransferase, mitochondrial; TCEA2, transcription elongation factor A protein 2; GNPTG, N-acetylglucosamine-1-phosphotransferase
subunit gamma; FGF5, fibroblast growth factor 5; C4, complement C4; BTN3A2, butyrophilin subfamily 3 member A2; BTNA3 (equal to BTN3A3),
butyrophilin subfamily 3 member A3; MICB, MHC class | polypeptide-related sequence B; GMPR1, GMP reductase 1; INHBC, inhibin beta C chain;
AIF1L, allograft inflammatory factor 1-like; LEAP2, liver-expressed antimicrobial peptide 2; SRAGE, advanced glycosylation end product-specific
receptor, soluble; HLA-E, HLA class | histocompatibility antigen, alpha chain E; AIF1, allograft inflammatory factor 1; GCKR, glucokinase regulatory
protein; PFKFB2, 6-phosphofructo-2-kinase/fructose-2,6-bisphosphatase 2; UMOD, uromodulin; YOD1, ubiquitin thioesterase OTU1; activin AC,
inhibin beta A chain:inhibin beta C chain heterodimer; NFATC1, nuclear factor of activated T cells, cytoplasmic 1; CEP170, centrosomal protein

of 170 kDa
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Fig. 2 (Seelegend on previous page.)
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Fig. 3 Heatmap of identified protein-coding genes associated with CKD. Heatmap of the effect of plasma and tissue-specific protein-coding gene
expression on CKD risk for the identified proteins. The color represents the § estimators of SMR analysis, where green represents a decreased CKD
risk and red represents an increased CKD risk for per-SD increased gene expression. *P < 0.05; **multiple tests, P < 0.05/29 (genes). The missing values

un

marked with “-"represent the genes without effective eQTLs in the SMR analysis or failed in the HEIDI test

proteins. Therefore, a drug targeting these genes in differ-  only IDI2 was significantly associated with a decreased

ent tissues may present potential off-target effects. risk of chronic tubulointerstitial nephritis. We found that

Apo A-1V, HLA-E, and AIF1 were negatively associated
Associations of protein with other CKD, kidney function, with IgA nephropathy; however, HLA-E and AIF1 were
and CKD subtypes positively associated with other CKD types. In addition,

A summary of the associations of the 32 putative proteins ~ we observed that BTN3A2, BTN3A3, and MICB decreased
with these outcomes is shown in Fig. 4, and the detailed the risk of membranous nephropathy, but sRAGE and
results are shown in Fig. 5. All of the associations of iden- ~ AIF1 increased this risk. Additionally, DQA2, C4a, and
tified proteins were replicated in the trans-ancestry CKD ~ MICB were protectively associated with both chronic glo-
data, except for DQA2. In addition, 10 proteins were rep-  merulonephritis and nephrotic syndrome. The effects of 32
licated in an earlier version of CKD data from CKDGen, proteins on annualized relative slope change of eGFR are
and 14 proteins were replicated in the dataset from the  shown in Additional file 1: Fig. S7. The DQA2, FGF5, IDI2
UK Biobank plus FinnGen. For kidney function, 29 of 32  (for participants without diabetes), and MICB (for Europe-
proteins were significantly associated with the eGFRcrea, —ans without diabetes) were positively associated with annu-
except for DQA2, GNPTG, and C4. Moreover, 7 proteins  alized eGFR slope change (represented decreased risk),
were not significantly associated with the eGFRcys, in ~ while UMOD, HLA-E (without diabetes), NFATC1 (with-
contrast to the eGFRcrea (Fig. 5). For rapid kidney func-  out diabetes), PFKFB2 (with diabetes), and YOD1 (with
tion decline, SDCCAGS, GATM, TCEA2, and FGF5 were  diabetes) were negatively associated with the slope change
negatively associated with both CKDi25 and Rapid3, while  (represented increased risk), which were consistent with
SRAGE, AIF1, and UMOD were positively associated with ~ the principal findings. The effects of the 32 proteins on dif-
both CKDi25 and Rapid3. For the clinical types of CKD, ferent outcomes are shown in Additional file 2: Table S7.
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Fig. 4 Balloon plot of identified proteins associated with extensive CKD-related phenotypes. The direction (increased or decreased risk)
was determined by the estimators in the primary analysis for CKD (CKDGen, European). The color represents the 3 estimators of MR analysis,
where green represents a decreased risk and red represents an increased risk for per-SD increased proteins. *The effects were adjusted
and corresponded to increased risk (declined eGFR slope) and decreased risk (increased eGFR slope). EUR, European participants; Trans,
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Colocalization of the putative proteins with CKD

Among these proteins, NFATC1, PFKFB2, SDCCAGS,
YOD1, FGF5, C2CD2L, sRAGE, GCKR, DJC10, Apo
A-1V, TCEA2, IGFBP-5, and C4a were colocalized with
CKD (PPH,>0.8), while BTN3A2, INHBC, MFAP4,
BTN3A3, GNPTG, and activin AC were moderately
colocalized with CKD (PPH,>0.5) (Additional file 1:
Fig. S8, Additional file 2: Table S8).

PPI network of putative proteins, Gene Ontology
enrichment, and single-cell enrichment

As shown in Fig. 6A, HLA-DQA2, HLA-E, BTN3A2,
BTN3A3, and MICB interacted with each other. Mean-
while, UMOD interacted with IGFBP-5 and GATM,
and C4a interacted with C4b and Apo A-IV. In addition,

CEP170 and SDCCAGS8, INHBC, and INHBA (activin
AC) also interacted with each other. Figure 6B presents
the biological pathways of the significant genes. These
genes were mainly enriched in T cell-mediated immunity,
leukocyte-mediated immunity, lymphocyte-mediated
immunity, adaptive immune response, and amide bind-
ing. In single-cell enrichment, FGF5, IGFBP-5, GATM,
AIF1L, and UMOD mRNA presented kidney single-cell
type enrichment, FGF5, C4a, GATM, PFKFB2, MFAP4,
and UMOD mRNA presented kidney tissue cell type
enrichment, while GATM, PFKFB2, MFAP4, PLD3, and
AIF1 mRNA presented immune cell specificity. The full
GO term and single-cell enrichment results for the cor-
responding genes are shown in Additional file 2: Tables
$9-S10.
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Hollow dots represent P>0.05, and solid dots represent P<0.05

Summary of the findings

Table 1 and Additional file 2: Table S11 summarize the
findings of this study. According to the MR, SMR, and
colocalization analysis, the 32 proteins that were caus-
ally associated with CKD and repeated for at least 2
CKD-related phenotypes were divided into 3 tiers. Tier 1
included 8 proteins that passed MR, SMR, and the colo-
calization analysis. Compared with previous studies, 11

of 32 loci (mapped genes) were identified by previous
GWAS, 8 of 32 genes were identified by previous MR
studies, and 6 of 32 proteins were identified by previous
MR studies. The direction of the relationships between
each protein and gene expression and CKD or related
phenotypes in this study were consistent with previous
MR evidence. In observational studies, 10 proteins were
previously reported, of which sSRAGE, LEAP2, AIF1, and
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Fig. 6 Results of protein—protein interaction network (A) and Gene Ontology enrichment pathways (B). For Gene Ontology enrichment pathways,

only the top 20 GO terms are shown

PFKFB2 were consistent with observational evidence,
while C4a, C4b, and UMOD were only consistent with
previous MR. In summary, 20 proteins/coding genes
were not reported by either previous transcriptome-wide
or proteome-wide MR, and are novel causal findings.

Discussion
This study revealed 32 proteins that are associated
with CKD, kidney function, or some CKD clinical
types. Among the 32 proteins, 12 proteins or genes
have been reported by previous MR studies, including
FGF5 [9, 12, 44], C4a [12, 45], C4b [12, 45], BTN3A2
[12, 45], CEP170 [12], IDI2 [12], INHBC [9, 12], SDC-
CAGS [12], BTN3A3 [12], UMOD [9, 46, 47], MICB
[12, 48], and LEAP2 [44]. In addition, IGFBP-5 [6, 49,
50], GCKR [5-7], GATM [5, 6], PFKFB2 [5, 7], and
NFATC1 [5-7] were identified by previous GWAS.
Since uromodulin (UMOD) has the smallest P value
and a known role in eGFR and kidney disease, the
UMOD could effectively serve as a positive control
for our signal-identifying approach [9]. Our study also
provides additional evidence of transcriptome-wide
associations or proteome-wide associations for 20
novel proteins or their corresponding coding genes.
These 32 previous and novel proteins or genes may be
potential drug targets or biomarkers of CKD and kid-
ney function.

Compared with previous observational studies, soluble
receptors for advanced glycation end-products (sSRAGE),

liver-expressed antimicrobial peptide 2 (LEAP2), and
allograft inflammatory factor-1 (AIF1) were positively
associated with CKD or decreased eGFR and were con-
sistent with our findings. Among them, sRAGE was
significantly higher in patients with CKD than in con-
trols [51-53] and was associated with the development
of CKD (OR 1.39; 95% CI 1.06-1.83) and end-stage
renal disease (OR 1.97; 95% CI 1.47-2.64) [54]. sSRAGE
is a potential biomarker of inflammation and oxidative
stress. When AGEs interact with their cell-bound recep-
tor (RAGE), cell dysfunction is initiated by activating
nuclear factor kappa-B (NF-«B), increasing the produc-
tion and release of inflammatory cytokines and hasten-
ing to decrease kidney function in CKD patients [55, 56].
Fasting plasma LEAP2 levels were inversely associated
with the eGER [(95% CI)—0.34 (—0.56 to—0.12)] [57].
LEAP2 is primarily secreted by the liver and increases
with greater body mass and insulin resistance in individ-
uals with prediabetes and overweight or obesity; there-
fore, an elevated LEAP2 level might indicate increased
metabolic risk [57]. The serum AIF1 concentration was
independently correlated with the logarithm of urinary
albumin excretion ($=0.213, P=0.0120) and with the
eGFR (5= -0.286, P=0.0011) [58]. Mechanistically,
aldosterone may induce vascular calcification related to
chronic renal failure via the AIF1 pathway [59]. In addi-
tion, our SMR analysis with GTEx data for 6-phospho-
fructo-2-kinase/fructose-2,6-bisphosphatase 2 (PFKFB2)
was also consistent with a longitudinal data analysis in
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American Indians, which reported that the variation in
PFKFB2 appears to reduce PFKFB2 expression in adipose
and kidney tissues and thereby increase the risk for adi-
posity and diabetic nephropathy.

Complement component 4a (C4a), complement com-
ponent 4b (C4b), and UMOD were partly consistent
with the observational studies but were consistent in
previous MR analyses. We found that C4a had robust
protective effects on CKD, kidney function phenotypes,
and several clinical CKD types. In terms of gene expres-
sion, we observed the opposite effect of C4a and C4b on
CKD risk. The TWAS of Schlosser et al. supported our
findings that C4a and C4b increased and decreased the
eGFR, respectively [12]. In observational studies, the
serum C3/C4 ratio (HR 0.63, 95% CI 0.5-0.9) was found
to be an independent predictor of renal outcomes in IgA
nephropathy patients [60], while C4 levels (HR 2.4, 95%
CI 1.6-3.8) were significantly associated with a poor
prognosis among patients with IgA nephropathy [61].
In addition, another study showed that the gene expres-
sion of C4a increased the risk of IgA nephropathy, which
was also consistent with our evidence that protein C4a
is associated with IgA nephropathy. This finding implies
that the effect of C4 on IgA nephropathy may be partly
driven by component C4a. However, the effects of C4a
and C4b on other types of kidney disease and kidney
function have not been verified. Previous studies only
revealed that C4a levels were higher in patients with focal
segmental glomerulosclerosis, suggesting that comple-
ment activation contributes to glomerular injury and
sclerosis [62]. Meanwhile, C4b was also upregulated in
CKD, atherosclerosis, and hypertension [63]. C4a and
C4b are likely involved in the complement system acti-
vation via the classical pathway [64]. However, the exact
roles and mechanisms of C4, C4a, and C4b in the devel-
opment of different CKD clinical types remain to be
explored. For UMOD, MR identified plasma UMOD as
a causal biomarker of CKD (OR 1.30; 95% CI 1.25-1.35)
[47], and urinary UMOD was also significantly associ-
ated with lower eGFR and greater odds of eGFR decline
or CKD [46]. However, the results of these observational
studies are controversial. Kottgen et al. reported higher
UMOD level was associated with an increased CKD
risk (OR 1.72; 95% CI 1.07-2.77) [65], but Chen et al.
reported that a lower UMOD level at baseline was associ-
ated with a greater risk of subsequent kidney failure with
replacement therapy [66].

For tier 1 proteins, butyrophilin subfamily 3 member
A2 (BTN3A2) and member A3 (BTN3A3) were previ-
ously reported as a target gene for schizophrenia, anxi-
ety, cancer, etc. [67—69]. In this study, these genes were
identified as protective biomarkers of CKD and risk fac-
tors for IgA nephropathy. BTN3A2 and BTN3A2 may
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play key roles in related diseases, including the increased
IgA nephropathy risk (8=0.0832, P=1.24x107"!) [45],
decreased autoimmune disease risk (e.g., systemic lupus
erythematosus, = —0.256) [70], decreased type 1 dia-
betes risk (8= —0.269566, P=1.34x10"%) [71], and
inhibits clear cell renal cell carcinoma progression by
regulating the ROS/MAPK pathway via interacting with
RPS3A [72]. Our finding of glucokinase regulatory pro-
tein (GCKR) was also consistent with a previous study
showing that GCKR variability may play a pathogenetic
role in both type 2 diabetes and CKD [73]. In addition, we
found that both insulin-like growth factor-binding pro-
tein 5 (IGFBP-5) and its gene expression decreased CKD
risk. However, a cross-sectional study showed the oppo-
site trend for eGFR (= —0.02) [11], but the causal evi-
dence was still lacking. As apoptosis proteins, IGFBP-5
is involved in kidney-related diseases, such as diabetes,
focal segment-sclerosing nephritis, and CKD physiologi-
cal processes [74]. Single-cell sequencing revealed that
IGFBP-5 is highly expressed in the renal interstitial and is
the most highly expressed in kidney vascular endothelial
cells; thus, it is related to CKD [75, 76]. N-acetylglucosa-
mine-1-phosphotransferase subunit gamma (GNPTG)
and N-acetylglucosamine-1-phosphotransferase subunit
gamma (YOD1) are classically associated with mucolipi-
dosis II/III and cancer [77-81], respectively. Whether
these genes are involved in the mechanism of CKD or
kidney function remains to be further explored.

For other proteins/genes, the inhibin BC chain
(INHBC) is a member of the transforming growth
factor B family and may be involved in the regula-
tion of profibrotic pathways [82, 83]. This was con-
sistent with our findings of activin AC (coded by
INHBC), which was also positively associated with
increased CKD risk and decreased kidney function.
For serologically defined colon cancer antigen 8 (SDC-
CAGS8), recessive mutations in the SDCCAGS8 gene
can cause a nephronophthisis-related ciliopathy with
Bardet-Biedl syndrome-like features [84], and SDC-
CAGS appears to interact with APOL1 to modulate
the risk for nondiabetic end-stage kidney disease [85].
For the nuclear factor of activated T cells, cytoplas-
mic 1 (NFATC1), we found that plasma NFATC1 was
associated with increased CKD risk. NFATC1 may
participate in the mechanism of tubulointerstitial
inflammation [86]; moreover, TNF-stimulated free
cholesterol-dependent apoptosis in renal podocytes
is also mediated by NFATC1 [87], and suppressing
NFAT signaling can ameliorate podocyte injury [88].
Moreover, the proteins Apo A-IV and MFAP4 were
also associated with CKD, but observational studies
revealed different effects [89-91]. For Apo A-1V, a pre-
vious study determined that TNF-a induced increased
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Apo A-IV protein expression, which was related to
proinflammatory acute kidney injury in human kid-
ney cells [92]. MFAP4 is involved in unilateral ure-
teral obstruction-induced renal fibrosis through the
regulation of the NF-xB and TGF-B/Smad pathways
[93]. Besides, MICB may promote the development
and progression of diabetic nephropathy [48]. How-
ever, MR analysis of protein and SMR analysis of gene
expression presented different results, although our
SMR analysis was consistent with previous studies.
Our study also revealed that IGFBP-5, GATM, and
C4a were only associated with the eGFRcrea but not
with the eGFRcys. Nevertheless, C4a was also signifi-
cantly associated with some CKD clinical types that
were not defined by the eGFRcrea. However, GATM
may be related to creatinine production rather than
kidney function since it encodes glycine amidinotrans-
ferase, an enzyme involved in creatine biosynthesis
[94]. In addition, there is limited evidence for the roles
of DQA2, CEP170, IDI2, DNAJC10, C2CD2L, TCEA2,
HLA-E, PLD3, and GMPR1 in CKD and kidney func-
tion. Future studies are required to explore potential
associations between the expression of these genes and
proteins in CKD-related phenotypes.

In terms of clinical relevance, the protein targets
identified in our study suggest potential intervention
measures in immune-related pathways. For example,
C4a is a target of the clinical drug “human immuno-
globulin G, which is used to treat immunodeficiency
and a wide variety of autoimmune disorders. We
found that this protein was negatively associated with
chronic glomerulonephritis and nephrotic syndrome
but was positively associated with IgA nephropa-
thy. This suggests that human immunoglobulin G and
other targets may be repositioned for specific types of
CKD treatment but also have potential side effects on
IgA nephropathy. According to the GO and single-cell
enrichment analysis, 8 genes participated in immunity-
mediated pathways, 18 genes presented immune cell
specificity, and 8 genes presented RNA single/tissue
cell type specificity. These findings may provide novel
targets for potential immunotherapies or target therapy
for kidney disease. Additionally, these protein—protein
interactions may be used to support combination ther-
apy involving multiple targets.

Our study has several advantages. First, we integrated
the largest proteome and transcriptome datasets to pro-
vide consistent targets of proteins and coding genes,
which contributed to the identification of potential
drug targets for CKD treatment. Second, we repeated
our findings for 18 CKD-related phenotypes, includ-
ing different CKD data sources, different kidney func-
tion phenotypes, and different CKD clinical types,
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which provided an atlas of putative biomarkers. Third,
we performed our research by a comprehensive pipe-
line including the MR, SMR, colocalization, PPI, gene
enrichment analysis, and comparisons with previ-
ous evidence, which supplied wide-angle evidence and
implicated new roles of these proteins and genes from
different viewpoints. To our knowledge, this may be the
largest and most comprehensive proteome- and tran-
scriptome-wide MR analysis of drug targets for CKD-
related phenotypes. Some limitations should also be
noted. First, because of the limited number of pQTLs
and eQTLs, many proteins or coding genes were not
included in the analysis, limiting the identification of
additional candidate targets and verification of iden-
tified proteins. In addition, considering the potential
differences in tissue- and cell-specific eQTLs, kidney
cell-specific instruments should be applied when avail-
able in further study. Second, some of the mechanisms
underlying our findings related to novel proteins are
still unclear and require further study to explore poten-
tial biological mechanisms. Third, MR inevitably suffers
from unknown horizontal pleiotropy, even if appropri-
ate methods and sensitivity analyses are performed.
Fourth, MR only provides evidence of a causal associa-
tion and needs to be confirmed by future experimental
studies. On the basis of generalizability, our evidence
was replicated with multiple outcomes, different pro-
tein data sources, and tissue-specific associations, but
whether this evidence is effective in the population still
needs to be confirmed by further studies. Addition-
ally, in the absence of a suitable method to compare the
power of different analyses, the levels of evidence were
only assessed by the consistent results from different
analyses.

Conclusions

We found 32 CKD-related proteins and 20 novel pro-
teins that are associated with CKD, kidney function, and
several CKD clinical types. According to MR, SMR, and
colocalization analysis, FGF5, C4a, BTN3A2, GCKR,
IGFBP-5, sRAGE, GNPTG, and YOD1 were identified as
priority proteins for CKD treatment. These proteins and
coding genes were mainly enriched in immunity-related
pathways and enriched in kidney tissues or cells.

Abbreviations
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PWAS  Proteome-wide association study
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VW Inverse variance weighted

HEIDI  Heterogeneity in dependent instruments
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