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Urinary tract stones have high heritability indicating a
strong genetic component. However, genome-wide
association studies (GWAS) have uncovered only a few
genome wide significant single nucleotide polymorphisms
(SNPs). Polygenic risk scores (PRS) sum cumulative effect of
many SNPs and shed light on underlying genetic
architecture. Using GWAS summary statistics from 361,141
participants in the United Kingdom Biobank, we generated
a PRS and determined association with stone diagnosis in
28,877 participants in the Mount Sinai BioMe Biobank. In
BioMe (1,071 cases and 27,806 controls), for every standard
deviation increase, we observed a significant increment in
adjusted odds ratio of a factor of 1.2 (95% confidence
interval 1.13-1.26). In comparison, a risk score comprised of
GWAS significant SNPs was not significantly associated with
diagnosis. After stratifying individuals into low and high-
risk categories on clinical risk factors, there was a
significant increment in adjusted odds ratio of 1.3 (1.12-1.6)
in the low- and 1.2 (1.1-1.2) in the high-risk group for every
standard deviation increment in PRS. In a 14,348-
participant validation cohort (Penn Medicine Biobank),
every standard deviation increment was associated with a
significant adjusted odds ratio of 1.1 (1.03 – 1.2). Thus, a
genome-wide PRS is associated with urinary tract stones
overall and in the absence of known clinical risk factors and
illustrates their complex polygenic architecture.
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U rinary tract stones are highly prevalent in the Amer-
ican population, with up to 10% of men and 7% of
women reporting at least 1 stone during their life-

time.1 Their composition is extremely heterogeneous with
80% of stones being made up of a mixture of calcium oxalate
and calcium phosphate and the majority of the remainder
composed of uric acid, struvite, and cystine.2,3 In addition to
causing acute discomfort, stones are also associated with
increased risk for infection, hydronephrosis, and chronic
kidney disease.3–5 Patients are often diagnosed after present-
ing with symptoms or incidentally on imaging studies. Cur-
rent kidney risk prediction tools are limited to recurrence of
urinary tract stones rather than prediction of stone formers in
the general population.6,7

Much progress has been made in understanding the
clinical and environmental risk factors predisposing to
stone formation. However, these factors do not completely
explain the highly heritable nature of urinary tract stones
and individuals with no clinical risk factors can still
develop urinary tract stones. Prior research has identified
several monogenic causes of stones. These monogenic
causes are rare, although they are likely underdiagnosed.8

Although future work may uncover highly pathogenic
variants associated with stone formation, it is likely that
many urinary stones are of a polygenic nature, due to the
combined effect of many genetic factors, each with a small
individual effect size.
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Figure 1 | Flowchart of polygenic risk score (PRS) generation and validation. (a) Generation of PRS from genome-wide area study (GWAS)
summary statistics. (b) Overall scheme of PRS development and application in BioMe and Penn Medicine Biobank cohorts. SNP, single
nucleotide polymorphism.
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Genome-wide association studies (GWAS) have generated
summary statistics data for millions of single nucleotide
variations from large studies and can be used to derive
polygenic risk scores (PRSs). In other heritable diseases such
as schizophrenia and coronary artery disease, these risk score
distributions have been applied to identify subgroups (i.e.,
those with a high polygenic burden) that are at similar risk for
developing disease as patients with monogenic mutations but
are much more common.9–11 A patient’s electronic health
record (EHR) is the set of all clinical data available including
laboratory measurements, imaging, clinical notes, vitals, and
diagnostic and procedure codes. Thus the availability of EHR-
linked biobanks allow for rapid assessment of PRSs with
many comorbid conditions.

We sought to derive a polygenic score for kidney stones from
the UK Biobank and validate it in a large multiethnic biobanked
cohort (BioMe Biobank cohort). We tested polygenic scores with
increasing number of single nucleotide variations. Finally, we
assessed whether the best performing polygenic score was
associated with urinary tract stones in a subgroup of individuals
without clinical risk factors. Finally, we validated this polygenic
score in an independent cohort of individuals.
RESULTS
The overall schema of the study is shown in Figure 1.
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Study population
In this study, we included participants with genotyping data
(n ¼ 28,877) in the Mount Sinai BioMe cohort. We identified
1,071 participants (4%) with a diagnosis of urinary tract
stones (cases) and 27,806 participants with no previous
diagnosis of urinary tract stones (controls) for all case-control
analyses. Participants with urinary tract stones were signifi-
cantly older (60 vs. 57 years) and had higher body mass index
(BMI) (29 vs. 28 kg/m2) as compared to controls (P < 0.001)
(Table 1). In terms of self-reported race, cases had a signifi-
cantly greater proportion of Hispanic individuals (44% vs.
32%) and fewer African American (17% vs. 24%) and Eu-
ropean individuals (30% vs. 33%) than controls did
(P <0.001) (Table 1). Cases also had higher proportion of all
comorbidities than did controls (P < 0.001) (Table 1).
Optimization of PRSs
We used summary statistics from an online repository of
GWAS results performed on a subset of the UK Biobank
cohort of European ancestry (Supplementary Table S1).
Using these summary statistics, we varied the r parameter
in LDPred12 and computed PRSs for each r (assumed
proportion of casual single nucleotide polymorphisms
[SNPs]) using an additive model. We then selected the PRS
corresponding to r, which maximized the association with
Kidney International (2020) 98, 1323–1330



Table 1 | Baseline demographic and clinical characteristics of
urinary tract stone cases and controls

Characteristics
Case

(n [ 1071)
Control

(n [ 27,806) P value

Male sex 526 (49) 11,825 (43) <0.001
Age, yr 60 � 14 57 � 18 <0.001
Race <0.001

African American 180 (17) 6670 (24)
European American 323 (30) 9248 (33)
Hispanic American 473 (44) 8918 (32)
Other 95 (9) 2992 (10.8)

Body mass index, kg/m2 29 � 7 28 � 7 <0.001
Clinical comorbidities

Hypertension 723 (68) 13,147 (47) <0.001
Coronary artery disease 345 (31) 5980 (22) <0.001
Type 2 diabetes 341 (34) 5714 (21) <0.001
Obesity 415 (39) 8314 (30) <0.001
Gout 64 (6) 744 (3) <0.001

Values are n (%) or mean � SD.
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urinary tract stone diagnosis in BioMe. We observed the
greatest association with stone diagnosis for r ¼ 0.001
(Supplementary Figure S1). This score included 7,670,833
single nucleotide variations and was used for all down-
stream analyses and validation.
Association of PRS with urinary tract stone diagnosis in BioMe
We then computed the association of the PRSs derived from
UK Biobank with urinary tract stone status in BioMe. To
account for population stratification, we performed our
analysis stratified by self-reported race (Figure 2a) and then
combined the results with inverse variance–weighted meta-
analysis. We observed a significant association of PRSs with
urinary tract stone case or control status in a logistic regres-
sion model adjusted for 10 genetic principal components
(PCs), sex, age, BMI, and traditional risk factors including a
history of gout, hypertension, and type 2 diabetes. For every
SD increase in PRS, we observed increased odds for stone
diagnosis of a factor of 1.2 (95% confidence interval [CI]:
1.1–1.3; P < 0.001) (Table 2). The odds of urinary tract stone
prevalence increased monotonically as the PRS increased
(Figure 2b). The distribution of PRSs in BioMe is provided in
Figure 2c.
Comparison of genome-wide polygenic score to score
composed of only GWAS-significant SNPs
To assess whether a genome-wide polygenic score performs
better than one containing GWAS-significant SNPs, we then
compared the association of the optimized PRSs with that of a
PRS (PRSGWAS) constructed using the 48 SNPs that met
genome-wide significance (P < 5 � 10�8) for association with
urinary tract stones in UK Biobank. PRSGWAS was not
significantly associated with stone diagnosis in BioMe (odds
ratio [OR] ¼ 0.98; 95% CI: 0.92–1.04) adjusted for age, sex,
BMI, 10 genetic PCs, and history of gout, hypertension, and
type 2 diabetes.
Kidney International (2020) 98, 1323–1330
PRS associates with urinary tract stones in absence of
traditional risk factors
We then stratified our cohort into a low-risk group without
any clinical risk factors during their EHR history. Thus, the
low-risk group did not have any diagnoses codes for hyper-
tension, type 2 diabetes, or gout and had an average BMI #25
kg/m2. There were 6,136 BioMe participants in the low-risk
group (136 stone cases and 6,000 controls). We then
defined a high-risk group that had 1 or more of the risk
factors mentioned above. There were 22,741 BioMe partici-
pants (935 stone cases and 21,806 controls) in the high-risk
group.

In the low-risk group, the adjusted odds of stone diagnosis
increased by a factor of 1.3 (95% CI: 1.1–1.6; P ¼ 0.001) per
SD of PRS. In the high-risk group, we similarly observed an
increased adjusted odds of stone diagnosis of 1.2 (95% CI:
1.1–1.3; P < 0.001) per SD of PRS (Table 3). We observed a
monotonic increase in kidney stone diagnosis with PRS in
both the low- and high-risk groups (Figure 3).

Validation of PRS in external cohort
We then further validated the PRS in a cohort from the Penn
Medicine Biobank (PMBB). The PMBB cohort included
9,973 individuals of European genetic ancestry and 5,423
individuals of African genetic ancestry (Supplementary
Table S2). Because the validation cohort had only a small
number of individuals with low clinical risk, we were unable
to stratify by clinical risk due to low statistical power. In a
logistic regression model adjusted for age, sex, BMI, 10 ge-
netic PCs, gout, hypertension, and type 2 diabetes, we found a
significant association between PRS and urinary tract stone
diagnosis in European Americans (adjusted OR ¼ 1.16 per
SD; 95% CI: 1.06–1.27; P < 0.001) but not in African
Americans (adjusted OR ¼ 1.02 per SD; 95% CI: 0.89–1.16;
P ¼ 0.07) (Figure 4a, Table 4). However, in a transethnic
meta-analysis, we found a significant association with an
adjusted OR of 1.12 (95% CI: 1.05–1.2; P < 0.001) for every
SD increase in PRS (Table 4). Prevalence of stone diagnosis
increased monotonically as a function of PRS in European
Americans (Figure 4b) but not in African Americans
(Figure 4c).

Improvement in risk discrimination with addition of PRS
We then assessed the improvement in discriminative ability of
the PRS in BioMe (because PMBB had only high-risk in-
dividuals). The bootstrapped area under the curve ([AUC],
1000 iterations) of a logistic regression model incorporating
only age, sex, and clinical covariates was 0.63 (95% CI: 0.62–
0.65). After adding PRS, AUC improved to 0.68 (95% CI:
0.6–-0.70). This represents a modest, but significant
improvement in prediction.

DISCUSSION
Utilizing the combined availability of linked genotypic and
clinical diagnosis data, we developed and validated a genome-
wide PRS for urinary tract stones in 2 independent cohorts.
1325



N = 3084 (P = 2.7E–01)

N = 6847 (P = 2.2E–02)

N = 9559 (P = 1.9E–03)

N = 9387 (P = 4.3E–05)

N = 28,889 (P = 8.5E–09)

Other

Hispanic

African
American

Caucasian

Meta-analysis

Odds ra�o

Pr
ev

al
en

ce
 o

f s
to

ne
 

di
ag

no
sis

 (%
)

PRS (percen�le)

a

b

De
ns

ity

PRS (SD)

c

n = 5757

n = 5757
n = 5757

n = 5757

n = 5756

Figure 2 | Clinical impact of polygenic risk scores (PRSs) on urinary tract stone diagnosis. (a) Association of PRS with urinary tract stone
diagnosis stratified by race in BioMe. Odds ratio was computed using a logistic regression adjusted for age, sex, 10 genetic principal
components, history of hypertension, gout, and type 2 diabetes. (b) Prevalence of urinary tract stone diagnosis for different levels of PRS. (c)
Distribution of normalized PRS in BioMe.

c l i n i ca l i nves t iga t i on I Paranjpe et al.: Polygenic risk score for stones
The advent of GWAS and large-scale population-based
genetic studies such as the UK Biobank13,14 have led to the
identification of the polygenic nature of complex disorders
such as hypertension,15 coronary artery disease,11 stroke,16

and schizophrenia.17 Because the genome does not change
over one’s lifetime, polygenicity can be leveraged for better
understanding of the genetic architecture of complex disease.
In this study, we demonstrate that using genome-wide in-
formation summarized as a polygenic score significantly
correlates with a stone diagnosis. We also show that in-
dividuals with a PRS in the top 10th percentile are at almost
Table 2 | Association of PRSs with urinary tract stone
diagnoses adjusted for age, sex, BMI, 10 genetic PCs, history
of hypertension, gout and type 2 diabetes stratified by race

Group Cases (n) Controls (n) Adjusted OR (95% CI) P value

European
American

323 9248 1.18 (1.06–1.3) 0.002

Hispanic American 473 8918 1.21 (1.11–1.33) <0.001
African American 180 6670 1.25 (1.03–1.51) 0.02
Other 95 2992 1.13 (0.91–1.39) 0.2
Meta-analysis 1071 27,828 1.20 (1.13–1.27) <0.001

BMI, body mass index; CI, confidence interval; OR, odds ratio; PC, principal compo-
nent; PRS, polygenic risk score.

1326
3-fold odds of a urinary tract stone diagnosis as compared to
individuals in the bottom 10th percentile of PRSs, indicating
these individuals are at higher baseline genetic risk.

Urinary tract stone formation is a complex process with
known risk factors, including family history, obesity, gout,
type 2 diabetes, as well as dietary factors such as excessive
animal protein and salt intake and insufficient water
intake.6 In comparing cases with controls, we recapitulated
known epidemiologic associations, with greater incidence of
obesity, hypertension, type 2 diabetes, gout, and proportion
of males in cases.18–21 However, we also demonstrate that
our genome-wide PRS is significantly associated with uri-
nary stone diagnosis in low-risk individuals with no
obesity, hypertension, type 2 diabetes, or gout. While this is
not a complete set of clinical risk factors and does not
consider family history, it represents the first attempt at
applying polygenic scores in individuals with no evident
clinical risk factors. This indicates that urinary tract stones
may have a genetic component that is additive to known
clinical risk.

We also validated the PRS in an external cohort and show
that the PRS is associated with stone diagnosis in European
Americans but not African Americans. This failure to repli-
cate in African Americans is likely because the GWAS
Kidney International (2020) 98, 1323–1330



Table 3 | Association of PRSs with urinary tract stone
diagnoses in clinically high-risk and low-risk subgroups in
BioMe adjusted for age, sex, BMI, and 10 genetic PCs

Group P value OR 95% CI Cases (n) Controls (n)

High clinical risk
Hispanic American 0.002 1.17 (1.06–1.29) 428 7753
African American 0.07 1.20 (0.98–1.45) 166 5861
European American 0.003 1.19 (1.06–1.33) 265 6151
Other 0.3 1.12 (0.89–1.4) 76 2041
Meta-analysis <0.001 1.18 (1.10–1.26) 935 21,806

Low clinical risk
Hispanic American 0.0004 1.72 (1.27–2.32) 45 1161
African American 0.096 1.84 (0.91–3.87) 14 806
European American 0.3 1.13 (0.88–1.44) 58 3085
Other 0.4 1.24 (0.72–2.18) 19 948
Meta-analysis 0.001 1.33 (1.12–1.58) 136 6000

BMI, body mass index; CI, confidence interval; OR, odds ratio; PC, principal compo-
nent; PRS, polygenic risk score.

I Paranjpe et al.: Polygenic risk score for stones c l i n i ca l i nves t iga t ion
summary statistics used to generate the PRS were derived
from a European cohort. This highlights a crucial equity issue.
There is underrepresentation of ethnic minorities in genomic
research and thus a need to conduct genomic analyses in
multiethnic datasets.22

Although we cannot make claims about clinical
utility, with the increasing availability of genetic infor-
mation linked to clinical phenotype information, poly-
genic scores could be utilized to identify individuals,
especially those without traditional risk factors with a
high risk of developing urinary tract stones.23 However,
a polygenic score should be considered as a biomarker,
albeit constant and further studies using clinical utility
of these scores need to be explored further to deter-
mine the feasibility of incorporating polygenic scores in
clinical practice. “When the PRS was added to a logistic
regression model with only clinical variables, the AUC
for urinary tract stone prediction increased by 5%. This
represents a moderate increase in discriminative ability.
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However, because family history and diet were not
available in this study, these variables must be consid-
ered as covariates when evaluating the added predictive
ability of the PRS.

This study should be interpreted in the light of some
limitations. First, we defined stone diagnosis utilizing Inter-
national Classification of Diseases (ICD) codes. Although
ICD codes have been previously used in epidemiological
studies,24,25 and Semins et al.26 previously reported a high
positive predictive value of 96% for using ICD codes to
identify urinary tract stones in EHR systems, the possibility of
misclassification exists. The overall prevalence of urinary tract
stone diagnosis was 3.7% in BioMe and 5.6% in PMBB, which
is significantly lower than the population prevalence estimates
of approximately 10%. Second, our study is limited by the
scope of EHR data. Because EHR data is intended to serve a
billing tool rather than a complete patient phenotype, we
did not have access to records of dietary habits, environ-
mental influences, or family history of urinary tract stones.
Thus, we are unable to determine the relative predictive value
of these nongenetic factors. However, even if a subset of the
low-risk patients has a family history of kidney stones, our
PRS can still be robustly applied in this setting because many
patients may be unaware of their family history. In this case,
applying the PRS would provide an unbiased estimate of
kidney stone risk. While lack of complete phenotypic infor-
mation is a restriction to using EHR data, by using this
cohort, our approach shows utility of this approach in large
multiethnic populations. Third, our validation cohort
(PMBB) included only a small number of individuals with
low clinical risk due to differences in recruitment strategies.
Thus, due to low statistical power, we could not conduct
stratification based on clinical risk as was done in the BioMe
Biobank. Fourth, because our dataset is retrospective, we are
unable to determine the clinical utility of a PRS as a screening
tool to guide clinical management. Fifth, because we use
millions of SNPs with small but nonzero effect sizes, and our
Low clinical risk (n = 6154) defined as:
1. BMI < 25 kg/m2 and
2. No history of gout and
3. No history of type 2 diabetes and
4. No history of hypertension

act stone diagnoses in BioMe stratified by clinical risk adjusted
nents. Low clinical risk was defined as BMI <25 kg/m2 and no history
ll other patients.
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Table 4 | Association of PRSs with urinary tract stone
diagnoses in external validation cohort (Penn Medicine
Biobank)

Group Cases (n) Controls (n) OR (95% CI) P value

African American 223 5200 1.02 (0.89–1.16) 0.07
European American 588 9385 1.16 (1.07–1.27) <0.001
Meta-analysis 811 14,585 1.12 (1.05–1.19) <0.001

CI, confidence interval; OR, odds ratio; PRS, polygenic risk score.
A logistic regression model adjusted for age, sex, body mass index, and 10 genetic
principal components was fit in racial groups. A meta-analysis was performed using
the inverse variance method.

Caucasian

Meta-analysis

African American

Odds ra�o

a

b c

De
ns

ity

PRS (SD)

De
ns

ity

Pr
ev

al
en

ce
 o

f s
to

ne
 

di
ag

no
sis

 (%
)

Pr
ev

al
en

ce
 o

f s
to

ne
 

di
ag

no
sis

 (%
)

PRS (SD)

d e

Figure 4 | Association of polygenic risk scores (PRSs) with urinary tract stone diagnosis in Penn Medicine Biobank. (a) Association of
PRS with urinary tract stone diagnosis in Penn Medicine Biobank validation cohort stratified by self-reported race. Prevalence of urinary tract
stone diagnosis for different levels of PRSs in (b) European Americans and (c) African Americans. Distribution of PRS in (d) European Americans
and (e) African Americans.

c l i n i ca l i nves t iga t i on I Paranjpe et al.: Polygenic risk score for stones
analysis uses linear regression on a binary outcome, it is
difficult to interpret the contribution of individual variants in
isolation. However, this emphasizes the polygenic architecture
of many complex diseases. Finally, we could not assess
whether PRS associates with number, size, type, recurrence,
and composition of kidney stones, because this information is
not easily accessible in routinely collected EHR data. How-
ever, these scores can be validated in other existing cohorts of
kidney stone patients with granular information about kidney
stones.

In summary, we show that a genome-wide polygenic
score derived from publicly available GWAS data and
validated within 2 large, multiethnic population biobanks is
significantly associated with urinary stone diagnosis. We
show that in the absence of clinical risk factors, the PRS
was significantly associated with urinary tract stones.
Although further validation and implementation needs to
be conducted in prospective longitudinal studies, this work
highlights the highly polygenic nature of this complex
disease.
1328
Conclusions
A genome-wide PRS is significantly associated with urinary
tract stone diagnosis independent of clinical risk factors.

METHODS
Derivation of polygenic scores
Polygenic scores measure the cumulative impact of common variants
on the risk of certain disorders with the impact of individual variants
Kidney International (2020) 98, 1323–1330



I Paranjpe et al.: Polygenic risk score for stones c l i n i ca l i nves t iga t ion
assumed to be additive. Thus, for each individual, scores are
computed by taking the sum of the dosage of risk variants weighted
by their effect on the disease under consideration.

We derived all polygenic scores using data from the UK Biobank.
Briefly, the UK Biobank consists of genotype, phenotype, and de-
mographic data of more than 500,000 individuals recruited across
the United Kingdom enrolled between ages 40 and 69 years. Each
individual completed a questionnaire with medical history and de-
mographics. Additionally, blood biochemistry assays were performed
at time of enrollment. Individual genotypes were generated from
either the Affymetrix Axiom (Santa Clara, CA) UK Biobank array
(w450,000 individuals) or the UK BiLEVE (Affymetrix) array
(w50,000 individuals), each containingw0.8 million markers. More
variants were then imputed using the Haplotype Reference Con-
sortium combined with UK10K haplotype resource, leading to w96
million variants available.

We obtained GWAS summary statistics from an online GWAS UK
Biobank database27 for the kidney stone, ureter stone, and bladder
stone phenotype. This phenotype was identified using diagnostic
codes. The summary statistics were generated by first restricting SNPs
to those with minor allele frequency >0.1% and Hardy-Weinberg
equilibrium P value >1 � 10�10. Following quality control, 10.8
million SNPs were included in downstream association analysis. As-
sociation analysis was conducted by fitting a logistic regression model
with additive genotype coding (0, 1, or 2 copies of the minor allele)
adjusted for sex and the first 10 genetic principal components.

To compute polygenic scores, we first adjusted summary statistics
effect sizes using LDPred.12 This tool adjusts effects sizes for linkage
disequilibrium. We used the 1000 Genomes European population
linkage disequilibrium reference panel. The key tuning parameter in
LDPred is r, the assumed proportion of causal SNPs. We used effect
sizes adjusted for several values of r between 1 (assumes all SNPs are
causal) and 0.001. We then computed a polygenic score for each
using an additive function such that PRS ¼ P

iSi � Gi, where Si ¼
adjusted bstatistics for minor allele and Gi ¼ genotype (0, 1, or 2).
We chose an optimal r by selecting the r and the PRS that had a
maximal association with urinary tract stone diagnosis in BioMe. We
scaled the polygenic scores to have mean of 0 and SD of 1.

A score was computed with only GWAS-significant SNPs that
met the P value threshold (P<5� 10�8) for association with urinary
tract stones in UK Biobank. Weights from the GWAS summary
statistics were directly used without LDPred adjustment.

BioMe discovery cohort
We utilized the BioMe Biobank at Mount Sinai. Briefly, the BioMe
Biobank is an EHR-linked clinical care cohort composed of over
45,000 participants from diverse ancestries (African, Hispanic,
Latino, European, and Other ancestries), with accompanying
genome-wide genotyping data for 31,441 participants. Along with
the genetic information, BioMe is linked to a wide array of
biomedical traits, originating from Mount Sinai’s system-wide Epic
EHR. Enrollment of participants is predominantly through ambu-
latory care practices and is representative of Mount Sinai’s larger
patient population. BioMe participants (n ¼ 31,441) were genotyped
on the Global Screening Array platform (Illumina, San Diego, CA).
Quality control and imputation of the Global Screening Array data is
detailed in Supplementary Methods.

PMBB validation cohort
The PMBB consists of 60,000 patients recruited from clinical sites
across the University of Pennsylvania Health System who have
Kidney International (2020) 98, 1323–1330
provided consent for access to all EHRs. This study included a subset
of 9,973 European and 5,423 African ancestry patients that had
undergone genotyping. Samples within PMBB were genotyped on
the Illumina Quad Omni SNP Chip by Regeneron Pharmaceuticals
(Tarrytown, NY). Following sequencing, standard quality control
procedures were followed to remove rare and missing variants as well
as variants in linkage disequilibrium. Variants with a minor allele
frequency of <0.05, a missing rate of >0.05 and a Hardy-Weinberg P
of >106 were removed. Furthermore, samples with a genotype
missingness of >0.02 were also removed.

Identification of urinary tract stone patients
We defined urinary tract stone cases in BioMe and PMBB as any
patient with 1 or more encounters with an ICD-10 diagnosis code of
N20.0, N20.1, N20.2, or N20.9 or ICD-9 diagnosis code of 592.0,
592.1, or 592.9.

Statistical analysis
We compared categorical and continuous variables between cases and
controls using the c2 test and Student’s t test, respectively. To test for
association between scaled PRSs and urinary tract stone diagnoses, we
utilized a logistic regression model adjusting for age, sex, 10 PCs, and
history of clinical comorbidities, gout, hypertension, and type 2 dia-
betes determined using previously validated phenotyping algorithms28

and diagnostic codes. For all association analyses, we stratified par-
ticipants by self-reported race or ethnicity or both (European Amer-
ican, African American, Hispanic American, and Other). Using race-
specific results, we performed a meta-analysis using the inverse vari-
ance method as implemented in the meta R package.29

We then sought to assess the utility of the best performing
polygenic score in improving discrimination of stone diagnosis in
the absence and presence of clinical risk factors, including gout,
hypertension, type 2 diabetes, and BMI. A low-risk group was
defined as individuals with BMI <25 kg/m2 and no history of hy-
pertension, type 2 diabetes, or gout. The high-risk group included all
other individuals. We then fit a logistic regression model adjusted for
age, sex, and 10 genetic PCs to determine the association between
polygenic scores and kidney stone diagnoses in each subgroup
separately stratified by race. We also used a bootstrap method with
1000 iterations to determine the AUC of logistic regression models
with (i) clinical variables and (ii) clinical variables þ PRS. The 95%
CIs of AUC were computed from bootstrap results.
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