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A Multiomics Study of Circulating Proteins and Kidney
Stone Risk
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Key Points

« Circulating proteins independently associated with kidney stone diagnosis are related to kidney stone matrix.

« Lower circulating uromodulin and higher scavenger receptor cysteine-rich domain-containing group B protein levels were
associated with higher kidney stone risk, whereas kidney stone presence elevates plasma matrix metalloproteinase 7 level.

» The protective effect of uromodulin against kidney stones was independent of kidney function.

Abstract
Background Kidney stones are increasingly recognized as a systemic disorder with a high global prevalence. However,
large proteomics studies are lacking.

Methods An individual-level proteomics study with rigorous adjustments was performed on 35,331 UK Biobank
participants to uncover the independent associations between 2922 circulating proteins and prevalent kidney stone
disease. Mendelian randomization analysis was used to assess causal relationships. Findings were validated using
genomic data from the Mayo Clinic Biobank (N=43,744), concentration-response analysis, transcriptomics analyses, and
additional genome-wide association studies.

Results Nine plasma proteins were independently associated with a kidney stone diagnosis, including reduced uro-
modulin (UMOD; B, —0.10; 95% confidence interval [CI], —0.15 to —0.05) and elevated scavenger receptor cysteine-rich
domain-containing group B protein (SSC4D; B, 0.28; 95% CI, 0.17 to 0.38) and were enriched in extracellular matrix
pathways. Mendelian randomization analysis revealed that the presence of kidney stone contributed to elevated levels of
matrix metalloproteinase 7. Conversely, lower plasma UMOD (odds ratio [OR], 0.93; 95% CI, 0.90 to 0.97) and higher
plasma SSC4D (OR, 1.10; 95% CI, 1.02 to 1.18) were associated with kidney stone risk. These associations were
consistently replicated in the Mayo Clinic Biobank dataset (UMOD; OR, 0.92; 95% CI, 0.86 to 0.98; SSC4D; OR, 1.13; 95%
CI, 1.01 to 1.27) and further validated by a concentration-response analysis. Single-nucleus RNA sequencing and
quantitative trait loci analyses confirmed consistent associations between thick ascending limb UMOD expression and
stone former status and with blood and urine UMOD concentrations. Genome-wide association study analysis, adjusted
for eGFR, suggested that the protective role of UMOD against kidney stones was independent of kidney function.

Conclusions This study highlights significant associations between concentrations of specific blood proteins and a history
of kidney stones. Several implicated proteins are related to kidney stone matrix, with UMOD independently associated
with lower risk and SSC4D with higher risk of kidney stones.
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Introduction

Kidney stone disease is a major health problem in both
developed and underdeveloped countries worldwide
that is increasing in prevalence, currently ranging be-
tween 1% and 13%.! Approximately 80%-90% of preva-
lent kidney stones are composed of calcium oxalate.??
Kidney stone risk has been associated with several major
medical conditions including hypertension, type 2 dia-
betes, CKD, and cardiovascular diseases,*” with recent
annual health care expenditures exceeding $10 billion in
the United States alone.!-

Proteomic analyses of urine, blood, and kidney stone
matrix have been used in prior small-scale observational
studies to explore the mechanisms underlying stone path-
ogenesis. Pan et al. reported that more than 160 plasma
proteins were dysregulated in patients with kidney stone
compared with controls, with the majority involved in
immune responses.’ Similarly, Kovacevic et al. identified
17 urinary proteins, including osteopontin/secreted phos-
phoprotein 1 (SPP1) and syndecan-1, that were signifi-
cantly downregulated in children with kidney stones
compared with controls.!® Proteomics analysis of 17 kidney
stones identified uromodulin (UMOD) and albumin as
the most prevalent proteins, irrespective of crystal compo-
sition.!! To overcome the limitations of current cross-
sectional studies, such as small sample sizes and the
inability to establish causation, several proteome-wide
Mendelian randomization (MR) studies using summary
statistics have also been conducted recently.'>'3 However,
the absence of individual-level data, lack of validation, and
insufficient adjustment for comorbidities increase the risk
of false associations, making these studies less rigorous
than those using individual-level data for robust multivari-
able analyses.

To address these concerns, this study used a compre-
hensive multiomics approach, integrating individual-level
proteomic data from the UK Biobank (UKBB) and genomic
data from the Mayo Clinic Biobank (MCBB), to evaluate
independent associations between plasma proteins and
kidney stone formation. Our study aims to enhance un-
derstanding regarding the role of plasma proteins in kid-
ney stone pathogenesis and provide a stronger foundation
for future research into molecular mechanisms, prognosis,
and treatment strategies.

Methods
Proteomics Study in the UKBB
The participants and study workflow are detailed in Fig-
ure 1. Individual-level health and genetic data were ob-
tained from more than 500,000 UKBB participants age
40-69 years at the time of recruitment after obtaining
the necessary UKBB approvals (project ID 130923). Diag-
noses were identified using the International Classification
of Diseases, 10th Revision (ICD-10). Informed consent was
obtained from all UKBB participants before data collection,
and this study received Mayo Clinic institutional review
board approval. More detailed information about the
UKBB can be found at https:/ /www.ukbiobank.ac.uk/.
The current proteomics study analyzed data for 2922
blood proteins measured using the Olink Proximity Exten-

2 JASN

sion Assay in 35,331 UKBB participants. Plasma samples
were collected both before and after kidney stone diagno-
sis, and the full list of proteins is available at https://
www.synapse.org/Synapse:syn52364558. Individuals with
possible active infection were excluded to minimize po-
tential confounding using International Classification of
Diseases codes as listed in the Supplemental Methods.
Proteins were quantified using the Normalized Protein
eXpression method, a relative quantification technique
that normalizes concentrations against a predefined cal-
ibration curve on a log, scale to ensure consistency and
reliability across different samples. As reported by the
UKBB Pharma Proteomics Project, the median interas-
say coefficient of variation for Olink control sam-
ples was <11%.14

A systematic approach was used to identify common
comorbidities (present in >500 participants) that were
associated with a kidney stone diagnosis (ICD-10 code:
N20). Associations between the traits of interest and med-
ical conditions were investigated via logistic regression
models adjusted for age and sex, with significant associ-
ations defined by an odds ratio (OR) >1 and a Bonferroni-
adjusted P < 0.05.

A stepwise approach was used, with unadjusted anal-
ysis for initial screening followed by multivariable analysis
to identify proteins independently associated with kidney
stones. The multivariable linear models were adjusted for
age, sex, total cholesterol, HDL, uric acid, eGFR, body mass
index (BMI), smoking, and 14 nonurinary system comor-
bidities (Supplemental Table 1). Proteins were considered
significantly dysregulated in the context of kidney stones if
they met the criteria of a Bonferroni-adjusted P < 0.05 and
an absolute log,-fold change (FC) >0.07, which corre-
sponds to an absolute concentration difference of >5%
compared with non-stone-forming controls, in both un-
adjusted and multivariable analyses.

Genome-Wide Association Study

The basic characteristics of the genome-wide association
study (GWAS) are presented in Table 1. Informed con-
sent and institutional review board/medical ethics ap-
proval were previously obtained by the individual cohort
investigators. A genome-wide significance threshold of
P < 5X10® was applied to all GWAS analysis.

UKBB

The standard blood protein GWAS data were sourced from
the UKBB Pharma Proteomics Project.'* Other GWAS anal-
yses, including the standard kidney stone GWAS and
additional eGFR-adjusted analyses, were performed using
UKBB array data as part of project ID 130923. The array
data were converted from GRCh37 to GRCh38 using Pic-
ard LiftOverVcf (https://broadinstitute.github.io/picard/).
The following criteria were applied to ensure sample qual-
ity control and robustness of the data: (I) concordance
between reported sex and genetic sex; (2) participants of
White British ancestry; (3) exclusion of individuals with
sex chromosome aneuploidy; and (4) inclusion of only
nonrelated individuals. Quality control of variants and
imputed data was conducted using PLINK2, with the
parameters set to (-mac 10 --maf 0.0001 --hwe le-15
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Figure 1. Overall workflow of the study. GWAS, genome-wide association study; MCBB, Mayo Clinic Biobank; MR, Mendelian

randomization; QTL, quantitative trait locus; UKBB, UK Biobank.

--mind 0.1 --geno 0.1).'> GWAS was executed with regenie,
which employed a two-step process of whole-genome
modeling followed by single-variant association testing.'®
The second step included the Firth approximation and an
additive test, adjusting for sex, age, the top ten principal
components of ancestry (as recommended by the UKBB
Research Analysis Platform [https://dnanexus.gitbook.io/
uk-biobank-rap]), and eGFR calculated according to the
2021 CKD Epidemiology Collaboration creatinine equation
when appropriate.l”

MCBB

Diagnostic and procedure codes for the MCBB participants
were obtained from all Rochester Epidemiology Project
sources, including the Mayo Clinic electronic health record.
Both the kidney stone phenotype and controls were iden-
tified using electronic and surgical codes. The final MCBB
cohort comprised 5998 kidney stone cases and 37,745 con-
trols, all of European ancestry. GWAS was also executed

with regenie, using the Firth approximation and an addi-
tive test, adjusting for sex, age, and the top 13 principal
components of ancestry, which together explained over
80% of cumulative genetic variance.!® Comprehensive de-
tails regarding the genotyping method and the electronic
definition of cases and controls are provided in the
Supplemental Methods.

Other GWAS Summary Statistics

The standard kidney stone GWAS summary statistics used
in the MR analysis was sourced from FinnGen (DF12,
released on November 4, 2024),'® and the urinary
UMOD GWAS from a meta-GWAS of 29,315 individuals
from 13 cohorts.?®

Linkage Disequilibrium Clumping, Protein Quantitative
Trait Locus Identification, and Colocalization Analysis
The PLINK2 software was used to perform linkage dis-
equilibrium clumping on the GWAS results as indicated.!®
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Table 1. Characteristics of the genome-wide association study
Traits Resources No. of Cases No. of Controls Total Sample Size  Ancestry
Kidney stones”
Kidney stones UKBB 6368 330,635 337,003 European
Kidney stones (eGFR-adjusted) UKBB 6071 315,059 321,130 European
Kidney stones MCBB 5998 37,746 43,744 European
Kidney stones FinnGen 12,999 486,185 499,184 European
Blood protein levels European
DDC UKBB — — 33,628 European
GAL UKBB — — 33,848 European
MMP7 UKBB — — 32,981 European
NPPC UKBB — — 33,657 European
S100G UKBB — — 33,874 European
SPP1 UKBB — — 34,028 European
SSC4D UKBB — — 33,628 European
STC1 UKBB — — 33,962 European
UMOD UKBB — — 34,030 European
UMOD (eGFR-adjusted) UKBB — — 33,833 European
Urinary protein levels
UMOD Meta-analysis of 13 cohorts — — 29,315 European
UMOD/ creatinine ratio Meta-analysis of 13 cohorts — — 29,315 European
DDC, dopa decarboxylase; GAL, galanin, MCBB, Mayo Clinic Biobank; MMP7, matrix metalloproteinase 7, NPPC, natriuretic
peptide C; S100G, S100 calcium-binding protein G; SPP1, secreted phosphoprotein 1 (also known as osteopontin); SSC4D, scavenger
receptor cysteine-rich domain-containing group B protein; STC1, stanniocalcin 1; UKBB, UK Biobank; UMOD, uromodulin.
“Kidney stone diagnoses were identified by International Classification of Diseases, 10th Revision code N20 in UK Biobank and
FinnGen, whereas Mayo Clinic Biobank used combined diagnostic and procedure codes from the Rochester Epidemiology Project.

The reference panel for this analysis was composed of
European patients from the 1000 Genomes Project. Cis-
protein quantitative trait locus (pQTLs) were defined
as loci with a significant effect on blood protein levels
(P < 5x10~®) and located within +500 kb of the encod-
ing gene. Colocalization analysis was conducted using the
coloc R package.?® Posterior alignment probabilities
(PPH4) were examined, with a threshold of =0.7 indicat-
ing significant colocalization.

Enrichment Analysis

The enrichment analysis was conducted in R using clus-
terProfiler (v3.12.0).2! Specifically, Kyoto Encyclopedia of
Genes and Genomes and Reactome pathway queries were
performed using the Kyoto Encyclopedia of Genes and
Genomes pathway module and ReactomePA, respectively.
A hypergeometric test was used for the enrichment anal-
ysis. A Benjamini-Hochberg adjusted P < 0.05 was con-
sidered statistically significant.

Two-Sample Bidirectional MR

This two-sample MR study was reported according to the
Strengthening the Reporting of Observational Studies in
Epidemiology Using MR statement.?? All MR analyses
were performed using the TwoSampleMR package in
R.23 Ideal instrumental variables satisfied the three core
assumptions (relevance, independence, and exclusion re-
striction). In this study, single-nucleotide polymorphisms
(SNPs) independently exhibiting strong associations with
the traits of interest (P < 5%107% °<0.01, and clump
distance >10,000 kb) were chosen as instrument variables,
using the 1000 Genomes Project as the reference panel.
Detailed lists of instrument variables can be found in the
supplemental figures. The inverse-variance weighted
method was adopted as the main statistical method for
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unadjusted analysis. This approach aggregates the Wald
ratio estimates for each eligible SNP, as determined by
dividing the SNP-outcome association by the SNP-
exposure association. We also present results derived
from the MR-Egger, weighted median simple mode and
weighted mode methods. To ensure the robustness of our
findings, we further conducted a series of sensitivity anal-
yses including heterogeneity analysis, horizontal pleiot-
ropy analysis, and leave-one-out analysis. All additional
analyses are presented in the supplemental figures. A
Benjamini-Hochberg adjusted P < 0.05 was considered
statistically significant to control for false discoveries while
maintaining sensitivity.

Single-Nucleus RNA Sequencing

Single-nucleus RNA sequencing (snRNA-seq) data analysis
was performed using Seurat 4.4.0, except where other
specifications were indicated.?* Data from five kidney pap-
illary tissues, including three normal controls and two
calcium oxalate stone formers, as well as the processing
codes were obtained from the Jain Lab.252¢ For quality
control, all mitochondrial transcripts were excluded, and
doublets were identified and removed using Doublet-
Detection software (https://github.com/JonathanShor/
DoubletDetection). Only nuclei with gene counts rang-
ing from 400 to 7500 were retained. To further refine the
quality, a gene-to-unique molecular identifier ratio filter
was applied using Pagoda2 (https://github.com/hms-
dbmi/pagoda2). Total counts per nucleus were normal-
ized, batch effects were corrected, and principal component
analysis was conducted on the top 3000 significant variant
genes. Cell type annotation was carried out in two steps:
Cells were initially mapped to snCv3 with cortex tissue
removed and then refined through manual annotation
based on molecular markers.?> Adaptive, degenerative,
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and undifferentiated cells were removed from the analysis.
The differential expression for each cell type was calculated
using the Wilcoxon test with Bonferroni correction. Differ-
entially expressed genes were defined as those with
log,FC >0.5 and adjusted P < 0.05.

Statistical Analysis

Continuous data are presented as mean=SD or median
with interquartile range, based on their distribution de-
termined by the Shapiro-Wilk test for normality. For
comparisons between two independent groups, t tests
were applied to normally distributed data, whereas the
Wilcoxon rank-sum test was used for non-normally dis-
tributed data. Categorical variables were reported as
counts (percentages), and their associations were ana-
lyzed using the chi-squared test. For correlation analysis,
Pearson correlation was used for normally distributed
data, whereas Spearman correlation was applied to non-
normally distributed data. The concentration-response
analysis was conducted to examine the relationship be-
tween kidney stone risk and blood protein concentra-
tions of interest using a generalized additive model,
adjusting for age, sex, eGFR, and BMI. All statistical
analyses were performed using R 4.2.3 (R Core Team,
Vienna, Austria). A two-tailed P < 0.05 was considered
statistically significant.

Results

Clinical Characteristics of the UKBB Cohort

The overall workflow of this study is shown in Figure 1.
The expression levels of 2922 blood proteins were com-
pared between UKBB stone formers (1=626) and con-
trols (n=34,705). Clinical characteristics of the stone
formers versus controls are presented in Table 2. Patients
with kidney stones were more commonly male (70%
versus 45%), had a higher BMI (median difference:
1.4 kg/m?), and a higher prevalence of type 2 diabetes

Circulating Proteins and Kidney Stone Risk, Zhou et al.

(19% versus 7%) and hypertension (49% versus 32%),
whereas eGFR was similar to controls (Table 2). In the
age-adjusted and sex-adjusted multivariable model, pa-
tients with kidney stone exhibited a higher prevalence of
29 comorbidities, including obesity, diabetes, and hyper-
tension (Supplemental Table 1).

Differentially Expressed Proteins in Kidney Stone Patients
A total of 243 significantly altered proteins were identified
with a Bonferroni-adjusted P < 0.05 and log,FC >0.07 in
unadjusted analysis (Figure 2 and Supplemental Table 2).
In a multivariable model that adjusted for clinical char-
acteristics and 14 nonurinary system comorbidities
(Supplemental Table 1), only nine proteins remained
significantly associated with kidney stones (Figure 2). Of
these, seven were upregulated, including scavenger recep-
tor cysteine-rich domain-containing group B protein
(SSC4D; B, 0.28; 95% confidence interval [CI], 0.17 to
0.38), S100 calcium-binding protein G (S100G; B, 0.11;
95% CI, 0.07 to 0.16), and SPP1 (B, 0.10; 95% CI, 0.06 to
0.14), whereas two were downregulated: UMOD (8, —0.10;
95% CI, —0.15 to —0.05) and dopa decarboxylase (DDC;
B, —0.11; 95% CI, —0.15 to —0.06; Figure 2). Pathway
enrichment analysis revealed that the differentially ex-
pressed proteins identified from the multivariable analysis
were predominantly enriched in extracellular matrix
(ECM) organization (adjusted P = 0.025) and degradation
of ECM (adjusted P = 0.014) pathways (Figure 2).

Causal Relationship between Plasma Proteins and Kidney
Stones

UKBB GWAS data for differentially expressed proteins
identified in the multivariable analysis were used for fur-
ther analysis (Figure 3 and Supplemental Figure 1). When
the FinnGen kidney stone GWAS data were used as an
exposure, a history of kidney stones was associated with
higher blood concentrations of matrix metalloproteinase 7
(MMP7; B, 0.05; 95% CI, 0.02 to 0.08) and S100G (8, 0.09;

Table 2. Baseline characteristics for participants in the proteomics study from the UK Biobank

BMI, kg/m?
Systolic BP, mm Hg

Total cholesterol, mg/dl
Triglycerides, mg/dl

Characteristic® Without Kidney Stones (12=34,705) Kidney Stones (1=626)
Age, yr 58 (50-63) 58 (51-63)
Sex, No. (%)

Female 19,135 (55) 186 (30)

Male 15,570 (45) 440 (70)
Smoking, No. (%) 20,467 (59) 380 (61)
Hypertension, No. (%) 11,063 (32) 305 (49)

Type 2 diabetes, No. (%) 2542 (7) 120 (19)

26.6 (24.1-29.7)
136 (124-149)

Diastolic BP, mm Hg 82 (75-89) 84 (77-91)
Serum creatinine, mg/dl 0.79 (0.69-0.92) 0.86 (0.75-0.96)
eGFR, ml/min per 1.73 m? 97 (87-104) 96 (87-104)
Uric acid, mg/dl 5.0 (4.1-6.0) 5.5 (4.6-6.3)

219 (190-249)
129 (92-185)

LDL, mg/dl 136 (114-159) 135 (112-156)
HDL, mg/dl 55 (46-65) 48 (41-58)
HbAlc, % 54 (5.1-5.6) 54 (5.2-5.7)

28.0 (25.4-30.8)
140 (128-151)

214 (187-242)
147 (105-222)

BMI, body mass index; HbAlc, hemoglobin Alc.
“Median (interquartile range); No. (%).
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Figure 2. Differentially expressed proteins among kidney stone formers in the UKBB. (A) Volcano plot showing 243 proteins were
significantly associated with kidney stones (189 upregulated; 54 downregulated) in the unadjusted analysis. The top five upregulated and
downregulated proteins with the lowest P values are labeled. (B) Forest plot showing the nine proteins independently associated with
kidney stones. The B value represents the effect of a kidney stone diagnosis on protein concentration measured in NPX units, where a
one-unit higher represents a doubling of the absolute concentration. (C) Enrichment analysis of the nine proteins using KEGG and
Reactome databases. Cl, confidence interval; DDC, dopa decarboxylase; FC, fold change; GAL, galanin; GnRH, gonadotropin-releasing
hormone; KEGG, Kyoto Encyclopedia of Genes and Genomes; MMP7, matrix metalloproteinase 7; NPPC, natriuretic peptide C; NPX,
normalized protein eXpression; NS, not significant; ST00G, S100 calcium-binding protein G; SPP1, secreted phosphoprotein 1 (also
known as osteopontin); SSC4D, scavenger receptor cysteine-rich domain-containing group B protein; STC1, stanniocalcin 1;

UMOD, uromodulin.

95% CI, 0.03 to 0.15; Figure 4 and Supplemental Figures
2 and 3).

Independent cis-pQTLs located within =500 kb of the
encoding gene were then used as instrumental variables to
examine their effects on kidney stone risk (Figure 3).
UMOD (OR, 0.93; 95% CI, 0.90 to 0.97) and SSC4D (OR,
1.10; 95% CI, 1.02 to 1.18) were significantly associated
with kidney stone risk, whereas DDC (OR, 0.92; 95% CI,
0.85 to 0.99) demonstrated a borderline significant negative
association (Figure 4 and Supplemental Figures 4 and 5).
Stanniocalcin 1 was not included in the analysis because of
an insufficient number of qualified instrumental variables.

Next, we conducted a kidney stone GWAS among
participants of the MCBB (kidney stone prevalence: 14%;
5998 cases and 37,746 controls), which identified a genome-
wide significant signal near the CLDN14 gene (Figure 5
and Table 1). The baseline characteristics of the MCBB
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cohort are provided in Supplemental Table 3. In a valida-
tion MR analysis using kidney stone GWAS data from the
MCBB, UMOD was associated with a lower risk (OR, 0.92;
95% CI, 0.86 to 0.98) and SSC4D (OR, 1.13; 95% CI, 1.01 to
1.27) with a higher risk of kidney stones (Figure 5 and
Supplemental Figures 6 and 7). However, DDC (OR, 0.95;
95% CI, 0.87 to 1.04) did not retain a significant association
with the kidney stone phenotype (Figure 5). All MR anal-
yses demonstrated no significant pleiotropy or heteroge-
neity, except for the effect of kidney stones on blood S100G,
in which case significant heterogeneity was observed (Co-
chrane Q=88.9, P < 0.001; Supplemental Figures 2-7).
Finally, the adjusted concentration-response relation-
ship between blood UMOD and SSC4D levels and kidney
stone risk was assessed using generalized additive models.
After adjusting for age, sex, eGFR, and BMI, kidney stone
risk in the UKBB increased in a concentration-dependent
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in the UKBB. A genome-wide significance threshold of P < 5X107® was applied. The arrowheads highlight the cis-pQTLs associated
with each GWAS, identifying significant genetic regions near the encoding gene that influence the blood levels of these proteins.

pQTL, protein quantitative trait locus.
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GAL e 1.17 [0.88, 1.54]
MMP7 '-i-—' 1.02[0.96, 1.09]
NPPC ; 1.37[0.80, 2.33]
S100G »—E—-—' 1.07 [0.95, 1.21]
SPP1 b 1.00[0.85, 1.17]
SSC4D i»—-—| 1.10[1.02, 1.18]*
UMOD h 0.93[0.90, 0.97] **

ofs 1 1?2 1?4 1i6

Figure 4. MR analysis for kidney stones and differential expressed blood proteins. (A) MR analysis between FinnGen kidney stone
GWAS (exposure) and UKBB protein GWAS (outcome). (B) MR analysis between UKBB protein GWAS (exposure) and FinnGen kidney
stone GWAS (outcome). STC1 was excluded from the analysis because of an insufficient number of qualified instrumental variables.
*Adjusted P < 0.05; **adjusted P < 0.01. OR, odds ratio.
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Figure 5. Validation MR in the MCBB and concentration-response analysis in the UKBB. (A) Manhattan plot for the MCBB kidney stone
GWAS. The arrowhead indicates the genome-wide significant signal (P < 5X10~%) near the CLDN74 gene. (B) MR analysis between
UKBB protein GWAS (exposure) and MCBB kidney stone GWAS (outcome). (C) Concentration-response analysis of UMOD and SSC4D
with kidney stone risk in the UKBB, performed using adjusted generalized additive models. Protein concentrations are presented in NPX
units, where a one-unit higher represents a doubling of the absolute concentration. *Adjusted P < 0.05.

manner with higher plasma SSC4D levels and lower
plasma UMOD levels (Figure 5).

snRNA-Seq Analysis of the Human Kidney Papilla

Next, the mRNA expression levels of MMP7, S100G,
UMOD, and SSC4D were validated using kidney papil-
lary snRNA-seq data from 23,427 nuclei obtained from
two calcium oxalate stone formers and three controls.
Notably, UMOD mRNA expression was significantly
reduced in the thick ascending limb (TAL) of the stone
formers, which is the primary site of renal UMOD syn-
thesis and secretion (logo,FC=—0.94, adjusted P < 0.001;
Figure 6). Conversely, expression of MMP7 was in-
creased in TAL cells (log,FC=0.92, adjusted P <
0.001) and myofibroblast cells (log,FC=0.52, adjusted
P < 0.05) of stone formers, with no significant changes
in other tubular cell types (Supplemental Figure 8).
However, the mRNA expression levels of S100G and
SSC4D were relatively low in the kidney papilla, with no
significant variations detected across all cell types
(Supplemental Figure 8).

Quantitative Trait Loci Correlation Analysis

The correlation between the effects of genetic variants on
blood protein levels and renal tubule mRNA expression
was analyzed to determine whether changes in blood
protein concentrations corresponded to those in renal
mRNA expression. Analysis of published expression
quantitative trait loci data for human kidney tubules
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(N=121)?" revealed a significant correlation between ge-
netic effects on blood UMOD concentration and tubular
UMOD mRNA expression (Pearson r=0.68; 95% CI, 0.33
to 0.90) using independent cis-pQTLs with an linkage
disequilibrium r* <0.2 (Figure 6). However, the corre-
lation for MMP7 was NS (Pearson r=0.08; 95% CI, —0.33
to 0.66; Supplemental Figure 9). No significant expres-
sion quantitative trait locis were found in renal tubules
for S100G and SSCA4D.

Because most UMOD produced by the TAL is excreted
into urine, we also performed a cis-pQTL analysis using
publicly available urinary UMOD GWAS data from 29,315
European patients (Table 1). A consistent and strong cor-
relation was observed between the effects of genetic var-
iants on blood and urinary UMOD levels (urinary
concentration: Pearson r=0.88; 95% CI, 0.82 to 0.92; urinary
UMOD/ creatinine ratio: Pearson r=0.91; 95% CI, 0.87 to
0.94; Figure 6).

Independent Association between UMOD and Kidney
Stones

To investigate whether the effect of UMOD on kidney
stone risk was mediated by kidney function, we conducted
additional analyses in the UKBB GWAS adjusting for eGFR
(Table 1). SNPs near the UMOD gene exhibited very sim-
ilar effect patterns on kidney stones with or without eGFR
adjustment (lead SNP in standard GWAS: rs77924615
[G>A]; OR, 1.24; 95% CI, 1.19 to 1.29; lead SNP in
eGFR-adjusted GWAS: rs77924615 [G>A]; OR, 1.25; 95%
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CI, 1.20 to 1.30; Figure 7). Furthermore, colocalization
between plasma UMOD concentration and a kidney
stone phenotype was observed within the UMOD gene
(PPH4=0.90) and near the rs77924615 region (*50 kb,
PPH4=0.84) after adjusting for eGFR.

Discussion
Here, we present results from a comprehensive multio-
mics study of independent associations between plasma
proteins and kidney stone disease. After robust adjust-
ment in multivariable analysis, nine proteins were inde-
pendently dysregulated in the context of kidney stones
(upregulated: SSC4D, MMP7, S100G, SPP1, galanin,
natriuretic peptide C, stanniocalcin 1; downregulated:
UMOD, DDC). Notably, none of the significant findings
from previous phenome-wide MR analyses overlapped
with these proteins.!>!3 Pathway enrichment analysis
highlighted their primary involvement in ECM pathways,
consistent with previous publications.28-30

The current results using MR analysis to infer causation
between exposure and outcome suggest that a history of
kidney stones is associated with elevated blood concentra-

tions of MMP7 and S100G. A recent cross-sectional study
also demonstrated upregulation of renal and urinary
MMP?7 in calcium oxalate stone formers.26 Intrarenal ex-
pression of MMP7 in humans positively correlates with
macrophage infiltration, which may, in turn, facilitate
crystal dissolution.?! S100G, also known as calbindin-
D9k, is a calcium-binding protein primarily expressed
in the intestine.3? Although its family members calgranu-
lin A (S100A8) and calgranulin B (5100A9) are known
components of kidney stone matrices,?? the role of S100G
in kidney stone formation remains poorly defined. Our
MR analysis revealed that the blood concentrations of
these two plasma proteins were not associated with kid-
ney stone risk, suggesting they are more likely conse-
quences of stone formation or kidney stone-related
pathophysiological changes rather than causal factors.
Conversely, this study showed that higher blood
UMOD concentrations were significantly associated with
reduced kidney stone risk. Over many decades, UMOD,
the most abundant protein in normal human urine, has
been extensively studied in the context of kidney stone
disease, urinary tract infection, CKD, and tubular intersti-
tial disease.3435> UMOD is predominantly excreted into the
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urine by the epithelial cells lining the TAL and to a lesser
extent by cells in the early distal convoluted tubule. UMOD
is also present at the basolateral membrane of TAL cells,
where it is released into the kidney interstitium and the
systemic circulation, although in much smaller amounts
than those excreted into urine.3* Experimental studies sug-
gest urinary UMOD might play a protective role against
kidney stone formation by inhibiting crystal aggregation
and enhancing calcium reabsorption.3-3° However, obser-
vational studies have reported conflicting findings regard-
ing urinary UMOD levels in stone formers.“02 These
discrepancies may stem from the highly variable nature
of urinary UMOD. Multiple factors such as water intake,
sample centrifugation, storage conditions, and the poly-
merization state of UMOD can significantly affect its
accurate measurements.*344 Consequently, despite sim-
ilar effects of genetic variants on urinary and blood
UMOD levels, only weak-to-moderate correlations are
observed between their levels in clinical settings.*34% In
addition, within the urinary system, the structure and
function of UMOD are significantly influenced by factors
such as ionic strength, pH, and post-translational modi-
fications (e.g., oxidative changes), which may potentially
shift its role from inhibiting to promoting kidney stone
formation64”

Given these considerations, measuring circulating
UMOD concentrations offers several advantages over uri-
nary UMOD, including greater stability. Blood UMOD
predominantly exists in a nonpolymerized form, and the
pH and ionic strength of blood remain relatively consistent
across individuals, unlike the highly variable conditions
found in urine.** Importantly, our quantitative trait locus
correlation analysis suggests that circulating UMOD re-
liably reflects its intrarenal expression. Circulating UMOD
concentration has been widely studied over recent years as

10 JASN

a novel biomarker of kidney injury and cardiovascular
disease.*4> However, the relationship between blood
UMOD concentration and kidney stone disease remains
largely unknown. Our findings, including concentration-
response analysis and eGFR-adjusted GWAS, provide
robust evidence to support the association between circu-
lating UMOD and kidney stone risk. Importantly, this
relationship is independent of CKD status, a condition
that has also been associated with both UMOD concentra-
tion and kidney stone formation.#4484° Furthermore, recent
studies indicate that circulating UMOD inhibits systemic
oxidative stress.>0>1 Whether the effects of UMOD on
oxidative stress contribute to its protective role regarding
kidney stone risk remains to be clarified.

Increased SSC4D, a scavenger receptor highly expressed
in macrophages, was also identified as a novel marker for
kidney stone risk, which has not been reported previ-
ously.52 SSC4D emerged as the most upregulated protein
in our multivariable proteomics analysis and demonstrated
consistent associations with kidney stone risk in both MR
and concentration-response analyses. SSC4D primarily
functions as a pattern recognition receptor.>® Given the
emerging role for macrophages and other pattern recog-
nition receptors such as Toll-like receptors in renal pro-
cessing of crystals and kidney stone formation, a role for
SSC4D in the inflammatory response to crystals suggests a
plausible hypothesis that merits further study.3>* Inter-
estingly, a recent study found that circulating SSC4D was
also associated with fat mass index in a cohort of 4950
Swedish women, suggesting its potential role in metabolic
regulation.® Further research is needed to elucidate the
underlying mechanisms of SSC4D in kidney stone forma-
tion and its potential as a biomarker for kidney stone risk.

This study has several limitations. In both the UKBB
and MCBB, kidney stone status was defined using



electronic medical records rather than computed tomogra-
phy imaging, which may introduce misclassification bias. It
is likely that these diagnosis codes are not consistently
applied when stones are incidental, small, or asymptomatic
on imaging. Despite this lack of sensitivity, presumably for
smaller and more incidental stones, we still observed sig-
nificant associations with kidney stone disease. Future
studies incorporating computed tomography-based defi-
nitions are warranted to more accurately characterize this
association. Second, although multiple corrections and rig-
orous adjustments were applied to enhance the robustness
of our study, this approach may have higher risk of false
negatives. Third, as the study primarily analyzed data
from populations of European ancestry, the findings
may not fully generalize to other ethnic groups. Fourth,
although MR analysis in this cross-sectional study aims to
infer causality, the use of relatively weaker instrumental
variables, such as those identified in the SSC4D GWAS
compared with UMOD, along with the potential for un-
detected pleiotropy, may limit the robustness of causal
claims. Prospective longitudinal studies are still required
to validate whether plasma protein levels can predict the
incidence of kidney stones. Moreover, as UKBB only pro-
vides proteomics data measured using a relative quantifi-
cation technique, future studies using validated assays to
measure actual concentrations and to establish appropriate
reference values are warranted. Finally, owing to the un-
availability of data, our study did not account for the type,
severity, or recurrence of kidney stones, and the results
only reflect the general association between kidney stones
and circulating proteins.

Despite its limitations, this study has several strengths.
Most notably, the integration of large multiomics datasets
with an extensive and rigorous analytical approach enables
the reliable identification of associations with kidney stone
disease. Although some of these proteins appear to be
consequences rather than causes of kidney stones, blood
UMOD and SSC4D levels were associated with kidney
stone risk, even after adjusting for comorbidities, particu-
larly CKD/eGFR. Furthermore, this study provides a
strong rationale to use blood UMOD as a more reliable
biomarker to reflect urinary UMOD excretion to under-
stand associations with diseases like kidney stone forma-
tion. Overall, this study highlights the need for renewed
research into the potential role of UMOD and SSC4D in the
pathogenesis and prognosis of kidney stone disease.
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