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Abstract

Uterine fibroids (UF) are common pelvic tumors in women, heritable, and genome-wide association studies (GWAS) have
identified ~ 30 loci associated with increased risk in UF. Using summary statistics from a previously published UF GWAS
performed in a non-Hispanic European Ancestry (NHW) female subset from the Electronic Medical Records and Genomics
(eMERGE) Network, we constructed a polygenic risk score (PRS) for UF. UF-PRS was developed using PRSice and opti-
mized in the separate clinical population of BioVU. PRS was validated using parallel methods of 10-fold cross-validation
logistic regression and phenome-wide association study (PheWAS) in a seperate subset of eMERGE NHW females (validation
set), excluding samples used in GWAS. PRSice determined p,<0.001 and after linkage disequilibrium pruning (> <0.2),
4458 variants were in the PRS which was significant (pseudo-R?=0.0018, p =0.041). 10-fold cross-validation logistic
regression modeling of validation set revealed the model had an area under the curve (AUC) value of 0.60 (95% confidence
interval [CI] 0.58-0.62) when plotted in a receiver operator curve (ROC). PheWAS identified six phecodes associated
with the PRS with the most significant phenotypes being 218 ‘benign neoplasm of uterus’ and 218.1 ‘uterine leiomyoma’
(p=1.94x1072%, OR 1.31 [95% CI 1.26-1.37] and p=3.50x 1072*, OR 1.32 [95% CI 1.26—1.37]). We have developed and
validated the first PRS for UF. We find our PRS has predictive ability for UF and captures genetic architecture of increased
risk for UF that can be used in further studies.
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Introduction

Uterine fibroids (UF; also known as uterine leiomyomata)
are the most common benign tumors for women affecting
up to 70% of European ancestry (EA) women and 80% of
African ancestry (AA) women by menopause (Baird et al.
2003). Symptoms of UF vary from asymptomatic in up to
50% of cases to severe and debilitating abdominal pain and
bloating, pelvic pressure, and heavy menstrual bleeding.
Additionally, UF can cause infertility, pregnancy compli-
cations, and adverse obstetrics outcomes (Coronado et al.
2000; Qidwai et al. 2006). Despite their high prevalence
and health burden on women and the health care system,
UF etiology remains elusiveok and many women experi-
ence barriers in obtaining a diagnosis.

There are several known risk factors for UF that include
increasing proportion of AA, early onset of menarche,
obesity, and environmental factors (Baird et al. 2003; Tem-
pleman et al. 2009; Terry et al. 2010). Molecular studies
of UF tumors have identified somatic cytogenetic rear-
rangements and mutations in mediator complex subunit
12 (MED12) in 50-85% of tumors and G protein-coupled
receptor 10 (GPRI0) as causes of UL growth, suggesting
chromosome instability similar to cancer (Markowski et al.
2012; Styer and Rueda 2016). UF initiation and growth are
thought to be stimulated by fluctuations in estrogen and
progesterone (Andersen 1996). Current interventions for
UF include pharmaceutical and surgical therapies aimed
at reducing symptoms and improving quality of life. Both
approaches seek to alleviate symptoms by slowing the
growth or shrinking the size of the tumor. Surgical inter-
ventions that remove UF tumors and leave the uterus in
place have a tumor reoccurrence rate of 21.43%, which
increases to 38.71% if a woman has more than one tumor
(Radosa et al. 2014), leaving the only permanent curative
surgical intervention to be hysterectomy. This has led UF
to be the leading cause of hysterectomy and gynecological
hospitalization in the United States, estimated to cost US
$5.9 to 34.4 billion annually (Cardozo et al. 2012).

Recent advances in genomic analysis have explored
germline genetic predispositions to UF. To date, nine
genome-wide association studies (GWAS) have been con-
ducted in various populations producing ~ 30 associated
loci. These studies include Cha et al. (2011) that identified
two loci in a Japanese cohort, later replicated in an EA
population by Edwards et al. (2013). Rafnar et al. (2018)
identified 16 loci in an Icelandic population, Valimiki
et al. (2018) identified 22 loci in a combined UK and
Finnish population, Gallagher et al. (2019) identified 8
novel loci and replicated 21 loci in EA, and a genome-
wide linkage study by Eggert et al. (2012) discovered two
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loci. Despite identifying many loci associated with UF,
how these variants collectively attribute risk for UF is not
well understood.

Polygenic risk scores (PRS) are a weighted sum of the
effect of each associated variant, representing the individ-
ual’s aggregated genetic predisposition for a disease. They
have been recently used to investigate the shared etiology
between phenotypes, to test genome-wide gene-by-environ-
ment and gene-by-gene interactions, and to assess causal
inference using Mendelian Randomization (Choi et al.
2020). Here we construct a UF PRS using summary statis-
tics from a previous EA UF GWAS performed in a subset
of the Electronic Medical Record and Genomics (¢eMERGE)
Network (GWAS set), optimized in an independent clinical
population BioVU (optimization set), and validated in the
eMERGE Network (previous GWAS samples excluded). We
use two strategies in parallel, cross-validation and phenome-
wide association study, (PheWAS) to validate the PRS and
explore genetic risk for UF. PRS was then used in a hypoth-
esis-free discovery PheWAS in non-Hispanic EA (NHW)
female-only cohort of eMERGE. We performed supplemen-
tal discovery PheWAS in eMERGE populations of NHW sex
combined, NHW men, non-Hispanic black (NHB) females
only, and NHB sex combined. This approach allows us to
probe the causes for and health consequences of UF in the
context of the clinical phenome and identify disease diagno-
ses with shared genetic architecture with UF.

Methods
Study populations

The Electronic Medical Records and Genomics (eMERGE)
Network (2007-present) is a national network of DNA
repositories that are linked to electronic health records
(EHR). A detailed description of the organization of the
eMERGE Network has been previously published (McCarty
et al. 2011). Data contained in the EHR includes diagnostic
(International Classification of Disease, ICD9 and ICD10)
and procedure codes, basic demographics, discharge sum-
maries, progress notes, health history, laboratory values,
imaging reports, medication orders, and pathology reports.
Participants in the eMERGE network were genotyped
separately, then imputed and merged. A detailed descrip-
tion of the genotyping, imputation, and quality control of
the eMERGE phase III array dataset has been previously
reported (Stanaway et al. 2019).

The BioVU DNA Repository is a deidentified database of
EHRs that are linked to patient DNA samples at Vanderbilt
University Medical Center. A detailed description about the
database and how it is maintained has been published else-
where (Roden et al. 2008). The EHR for BioVU contains
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Fig.1 Flow chart depicting methods used in this study. Pink boxes
indicate usage of eMERGE Network and the blue box indicates usage
of BioVU at various stages. The summary statistics from a previ-
ous uterine fibroid (UF) GWAS performed in eMERGE were taken
as input for PRSice and PRSice performed the optimization of the
polygenic risk score (PRS) in an independent BioVU sample. PRSice
used the optimization set to determine the p-value threshold (py) and
linkage disequilibrium (LD) pruning to produce the best PRS pos-

the same information as stated above for eMERGE. While
Vanderbilt contributes to eMERGE, samples included for
this study are unique to BioVU. BioVU participants were
genotyped on a custom multi-ethnic genome array (MEGA)
array and genotypes aligned to the forward strand. Initial
quality control of both study populations excluded samples
or variant sites if they had missingness above a 2% threshold.
Samples were also excluded if consent had been removed,
sample was duplicated, failed sex concordance, or failed
self-reported race or genetically determined race concord-
ance. Imputation was performed on the Michigan Imputa-
tion Server using Minimac4 using the 1000 genomes phase
3 combined reference panel (Das et al. 2016). An overview
of the study aims and analyses performed within each study
population are in Fig. 1.

.
-
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‘(‘;;A}:::osdeet ert‘::rl:isnzzd(l:‘:se:/(:ontrol status; difference between Females Black 3,923

|

Supplemental Phe WAS Sets

/

*GWAS Set samples excluded
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sible. A PRS was then calculated for all samples in the validation
set. The validation set is comprised of self-reported “non-Hispanic”,
“white”, females from the eMERGE network and excludes samples
used in the previous GWAS. 10-fold cross validation and phenome-
wide association studies (PheWAS) were used as validation methods.
Additionally, we performed supplemental discovery PheWAS in vari-
ous sex and self-reported racial groups

Polygenicrisk score development and optimization

The UF polygenic risk score was constructed using PRSice
software (version 1.23) (Euesden et al. 2015). Variant
effect sizes were extracted from a previous meta-analy-
sis GWAS of image-confirmed case/control UF GWAS
by Edwards et al. (2019). Briefly, the study consisted of
EA females with imaging confirmed case/control status,
totaling 2651 cases and 4306 controls (GWAS set). The
summary statistics contained 9,691,748 variants at p-val-
ues ranging from 1 to 4.32x 1073, which were pruned to
remove SNPs in linkage disequilibrium (2> 0.2). The
model was optimized in an independent set of image-con-
firmed UF cases (NV=429) and controls (N=4750) from
BioVU (optimization set). Case/control status was image-
confirmed and determined in both the GWAS and optimi-
zation sets using a previously published algorithm (Fein-
gold-Link et al. 2014). Variants used in the PRS and their
respective weights can be found in Supplemental Table 1.
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Statistical analysis

All data preparation and statistical analysis was per-
formed in R (version 4.0.3). From the eMERGE cohort,
samples used in the GWAS set and samples overlapping
with BioVU were removed leaving 80,186 individuals. Ten
principle components for remaining samples were calcu-
lated using SNPTEST2 (Marchini et al. 2007) and were fil-
tered according to the following criteria to form the NHW
female cohort: genetic sex is female, race is self-reported
“white”, ethnicity is self-reported “non-Hispanic”, and
an adult. This left 26,637 in the NHW female subset that
was used as the validation set in PheWAS. Covariates of
body mass index (BMI) and age were defined as adult
median BMI from the entire EHR and current age were
assigned to all individuals where possible. The mean and
standard deviation of the covariates were calculated for
the population. In the validation set, UF case/control sta-
tus for females was extracted from the EHR according to
PheWAS definitions using the code 218.1 ‘uterine leio-
myoma’ to assign cases. UF phecode status was assigned
to females and females with missing covariate data were
dropped leaving 18,605 NHW females respectively for the
10-fold cross-validation method. Individuals with defined
UF phecode status were used for 7 test, density plots, and
receiver operating curve (ROC) analysis. Welch’s Two-
Sample T test was used to test for a difference in mean PRS
between cases and controls in validation set. Density plot
of PRS case/control status in validation set was created
using the R package ‘ggplot2’ version 3.3.2 (Whickam
2016).

Predictive performance of UF PRS

To assess the predictive performance of the PRS to iden-
tify cases in females, we conducted a 10-fold cross-vali-
dated logistic regression and estimated the receiver opera-
tor curve (ROC) and its area under the curve (AUC) for
various models in the validation set. Modeling and ROC
plot visualization was performed in R (version 4.0.3) using
packages ‘pROC’ version 1.17.0.1 (Robin et al. 2011) and
‘ggplot2’ version 3.3.2 (Whickam 2016). The base model
was UF ~PRS with subsequently added covariates 10 prin-
cipal components (PCs), age, and BMI to create the full
model UF ~PRS 4+ 10PCs + Age + BMI. DeLong’s test for
two correlated ROC curves was used to test if the full model
had a greater AUC value than the base model.

UF PRS PheWAS

We then conducted a hypothesis-free analysis of evalu-
ating what phenotypes in the phenome associate with
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genetic risk for UF using the R package ‘Phe WAS’ ver-
sion 2.0 (Denny et al. 2010). The method and utility of
PheWAS has already been described (Denny et al. 2010).
PheWAS used UF PRS as predictor for 1875 clinical dis-
ease phenotypes called phecodes from Phecode Map 1.2
(Denny et al. 2013). One unit of PRS increase represents
an increase in the aggregate genetic score based on the
weights of the variants derived from the previous GWAS.
PRS effect sizes were scaled to represent the effect size
per one standard deviation increase in PRS. Phecodes are
phenotype algorithms based on ICD9 and ICD10 codes.
For each phecode, the PheWAS software sorts individuals
into cases, controls, or neither, based upon the presence
or absence of the phecode component ICD codes in their
EHR. Individuals with two or more codes are considered
cases, individuals with no instances of the code are consid-
ered controls, and individuals with one code, an incompat-
ible sex for the diagnosis, or one or more related codes (in
certain scenarios), are considered neither cases nor con-
trols and were excluded from analysis of that diagnosis.

Multiple PheWAS covariate models were assessed in the
validation set and the supplemental PheWAS set using the
same stepwise addition described above starting with the
base model and working to the full model. In sex-combined
cohorts, sex was included as a covariate. Within PheWAS
regression models, each phecode (having a phecode ver-
sus not having the phecode) is the outcome and continuous
PRS (raw and untransformed) is the exposure. Supplemental
PheWAS sets consisted of NHW sex combined, NHW males
only, and individuals who identified as “non-Hispanic” and
“black” (NHB) made up the NHB sex combined, and NHB
females sets. Population characteristics of each set is in
Table 1. A p-value of 2.7 x 10~ was the threshold for signifi-
cance to correct for multiple testing (Bonferroni correction
of 0.05/1875 phecodes tested). A suggestive significance
level of 2.7 x 10~ was used.

Results
Study populations

In total, 26,637 NHW females comprised the validation set
with 18,605 of those women having phecode determined UF
status. The mean BMI of the validation set was 28.50 (stand-
ard deviation [SD]=6.94), age was 67.04 (SD=19.14), and
mean PRS was 1227.91 (SD=14.93) (Table 1). Study popu-
lations characteristics for supplemental PheWAS sets can
also be found in Table 1.
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Table 1 Population characteristics of subsets from the Electronic Medical Records and Genomics (eMERGE) Network used for polygenic risk
score (PRS) validation and subsequent supplemental work using phenome-wide association study (PheWAS)

Set Race Sex N BMI (SD) Age (SD) PRS (SD)
Validation set White Female 26,637 28.50 (6.94) 67.04 (19.14) 1227.91 (14.93)
Supplemental PheWAS White Combined 51,396 28.78 (6.22) 68.95 (18.25) 1227.94 (14.73)
Supplemental PheWAS White Men 24,759 29.08 (5.30) 70.99 (17.01) 1227.97 (14.52)
Supplemental PheWAS Black Female 3923 32.25 (8.27) 57.47 (18.40) 1248.02 (15.70)
Supplemental PheWAS Black Combined 5698 31.35 (7.85) 58.14 (18.46) 1248.04 (15.82)

BMI body mass index, SD standard deviations, PRS polygenic risk score

Density plot of UF PRS calculated in eMERGE NHWF

Status

Controls

Cases

0.024

Density

Controls:1227.49
Cases: 1231.07

0.01

0.00

1200 1240 1280
PRS

Fig.2 Density plot of the uterine fibroid (UF) polygenic risk score
(PRS) calculated in the validation set. The validation set consisted of
18,605 self-reported “non-Hispanic white” (NHW) females whose
case/control status was determined by phecode 218.1 ‘uterine leio-
myoma’ according to phenome-wide association study (PheWAS)
case/control definitions. The cases had a mean PRS of 1,231.07 while
controls had a mean PRS of 1,227.49. T test revealed the means are
significantly different (p =4.09 x 1071)

UF PRS optimization

UF PRS GWAS published summary statistics (Edwards et al.
2019) were evaluated using PRSice (Euesden et al. 2015)
using the optimization set. The optimal p-value threshold
was determined to be p, <0.001. After linkage disequilib-
rium pruning (+* <0.2), this PRS consisted of 4458 SNPs.
The model was determined to be significant (pseudo-
R>=0.0018, p=0.041).

PRS validation and predictive performance analysis

In the validation and supplemental PheWAS sets, 3616 of
the 4458 SNPs were available from imputed or genotyped
variants. Density plots of the PRS in the validation set strati-
fied on case/control status reveal a right shift in the distri-
bution of PRS for cases (Fig. 2). Welch’s two-sample T test

Table2 Comparison of polygenic risk score (PRS) characteristics
between phecode defined cases and controls in the validation set from
the Electronic Medical Records and Genomics (eMERGE) Network
subsets used for the PRS T test and receiver operator curve plots

N PRS Stand- T-test P
ard
Error
(SE)
Validation Set  Cases 1290 1231.17 16.05 3.36x107°
Controls 17,315 1227.50 14.73

revealed mean PRS was significantly different between cases
and controls (p =3.36 x 1071%) (Table 2).

Using 10-fold cross-validation logistic regression, the
predictive performance of the UF PRS was evaluated in
the validation set. The base model (UF ~PRS) had an AUC
value of 0.56 (95% confidence interval [CI] 0.55-0.58).
Adding covariates to the model stepwise to achieve the
full model (UF ~PRS + 10PCs + Age + BMI) increased the
AUC to 0.60 (95% CI 0.58-0.62) (Fig. 3). Modeling of the
covariates (UF ~ 10PCs + Age + BMI) had an AUC of 0.55
(95% CI 0.53-056). DeLLong’s one-sided test for correlated
ROC curves revealed adding the covariates to create the
full model significantly increased the AUC as compared to
the base model (p =3.87 x 10’7). In the full model, the odds
ratio (OR) of a one SD increase in PRS is 1.35 (95% CI
1.34-1.37, p=5.21x107%).

UF PRS PheWAS

PheWAS was also used to validate the PRS in eMERGE
NHW females using multiple models and here we present
the results of the full model. We identified six phecodes with
evidence of association with the PRS The strongest associa-
tion was for phecodes 218 and 218.1, ‘benign neoplasms of
the uterus’ (OR 1.31 [95% CI 1.26-1.37] p=1.94x1072%)
and ‘uterine leiomyoma’ (OR 1.32 [95% CI 1.26-1.37],
p=3.59x1072%) (Fig. 4A, Table 3) respectively. Addi-
tional associated phecodes included 654.1 ‘abnormality of
organs and soft tissues of pelvis complicating pregnancy,

@ Springer
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ROC Plots for predicting UF status in eMERGE NHWF
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Fig.3 Receiver operator characteristic (ROC) curves of the various
10-fold cross-validation logistic regression models produced using
uterine fibroid (UF) status as the outcome and UF polygenic risk
score (PRS) as the predictor in the validation set. The validation set
consisted of 18,605 self-reported “non-Hispanic white” (NHW)
females whose case/control status was determined by phecode 218.1

childbirth, or the puerperium’ (OR 1.75 [95% CI 1.57-1.92],
p=3.64x10"'% 626 ‘disorders of menstruation and other
abnormal bleeding from female genital tract’ (OR: 1.12
[95% CI 1.08-1.16] p=7.84 X 10_9), 626.1 ‘Irregular
menstrual cycle/bleeding” (OR 1.13 [95% CI 1.09-1.17]
p=1.14x107"%) and 626.12 ‘Excessive or frequent menstrua-
tion’ (OR 1.17 [95% CI 1.11-1.23] p=3.45x 107%) (Fig. 4A,
B, Table 3). Full PheWAS summary statistics for all models
can be found in Supplemental Tables 2 to 5.

We observed evidence of nominal association (one mag-
nitude above the multiple testing threshold, p <2.7x 107*) in
the validation set full model for the following phecodes: 625
‘Pain and other symptoms associated with female genital
organs’ (OR 1.09 [95% CI 1.05-1.14], p=1.57x107%), 212
‘Benign neoplasm of respiratory and intrathoracic organs’
(OR 1.43 [95% CI 1.23-1.63], p=5.00x 107*) (Fig. 4B,
Table 3). The phenotype 212 is the only phenotype to afflict
both sexes and it is not significant in supplemental PheWAS
of NHW sex combined (p =0.019) (Supplemental Tables 6
to 10). The phenotype ‘ovarian cysts’ is associated with
the PRS in the base model of the validation set (OR 1.13
[95% CI 1.07-1.18], p=2.57x107) but is not significant
in the full model (p = 8.91 X 104 (Supplement Table 9).
Supplemental PheWAS performed included NHW sex
combined, NHW male-only, NHB sex combined, and NHB
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‘uterine leiomyoma’ according to phenome-wide association study
(PheWAS) case/control definitions. With only the PRS as a predic-
tor, the area under the curve (AUC) is 0.56. Adding 10 PCs, age, and
BMI as covariates iteratively increases the area to 0.63. DeLong’s test
for two correlated ROC curves found the AUC values of the models
to be significantly different (p=7.74x 107")

females-only subsets. None of these analyses yielded signifi-
cant or suggestive significant results except the raw PRS in
NHW males with no adjustments (Supplemental Tables 10
to 21).

Discussion

Here we present the first constructed, independently opti-
mized, and independently validated PRS for UF. We used
two strategies in parallel to validate the PRS and demon-
strate that the findings of our UF PRS were consistent across
validation methods. In our two validation methods, 10-fold
cross-validation logistic regression and Phe WAS, performed
in a NHW female-only subset from eMERGE, we observed
consistent OR for a one standard deviation increase in PRS
for the phecode 218.1 ‘uterine leiomyoma’: 1.35 (95% CI
1.34-1.37) and 1.32 (95% CI 1.26-1.37) respectively. OR
estimate and its 95% confidence interval for the UF phe-
code was consistent across all PheWAS models tested in the
NHW female-only subsets eMERGE subset (Supplement).
Additionally, we found that cases in our NHW female-only
subset validation sets had a statistically significant greater
mean PRS than controls and observe a right shift in the dis-
tribution of PRS values in cases as compared to controls in
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Fig.4 A Manhattan plot of PheWAS results for eMERGE self-
identified "non-Hispanic white" females (N=26,637). Model was
adjusted for age, BMI, and ten principal components. Most signifi-
cantly associated phenotypes with the PRS are benign neoplasm of
uterus (phecode 218) and uterine leiomyoma (phecode 218.1). Red
line represents Bonferroni significance (2.7 x 10) and blue line rep-

the density plots (Fig. 2). Our results indicate the PRS we
have constructed is capturing some genetic risk for UF and
an increase in PRS value is associated with an increased
risk for UF.

The UF PRS associated with an additional five phecodes
in all PheWAS models tested in the validation set. One
phecode is a parent code to 218.1 and represents UF in the

resents suggested significance (2.7x10™#). B A zoomed in Manhat-
tan plot of genitourinary category phenotypes from the eMERGE
NHW females adjusted for age, BMI, and ten principal components
PheWAS (N=51,396). Three of the four other significant phenotypes
are in this category along with phecodes sitting just below signifi-
cance including ovarian cysts and endometriosis

EHR, one code is a pregnancy complication (“Abnormal-
ity of organs and soft tissues of pelvis complicating preg-
nancy, childbirth, or the puerperium”), and three codes are
menstrual phenotypes. The menstrual phenotypes detected
describe menstruation as “irregular” and “excessive”, which
describe the known symptomology of UF (Wise and Laugh-
lin-Tommaso 2016). It is possible we are detecting women
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Table 3 Significant and suggested significant results of phenome-wide association study (PheWAS) in the validation subset from eMERGE
using uterine fibroid (UF) polygenic risk score (PRS) as the main predictor, adjusted for BMI, age, and 10 principal components

Phenotype Category Cases OR (95% CI) P

Benign neoplasm of uterus Neoplasms 1407 1.31 (1.26-1.37) 1.94x 1072

Uterine leiomyoma Neoplasms 1370 1.32(1.26-1.37)  3.59x 1072

Abnormality of organs and soft tissues of pelvis complicating preg- Pregnancy complications 110 1.75 (1.57-1.92) 3.64x 10710
nancy, childbirth, or the puerperium

Disorders of menstruation and other abnormal bleeding from female Genitourinary 3938 1.12 (1.08-1.16) 7.84x 1079
genital tract

Irregular menstrual cycle/bleeding Genitourinary 3230 1.13 (1.09-1.17) 1.14x 107%

Excessive or frequent menstruation Genitourinary 1498 1.17 (1.11-1.23) 3.45x 1070

Pain and other symptoms associated with female genital organs Genitourinary 2051 1.09 (1.05-1.14) 1.57 x 107%

Benign neoplasm of respiratory and intrathoracic organs Neoplasms 86 1.45 (1.23-1.63) 5.00 x 107%

Ovarian cyst Genitourinary 1348 1.1 (1.05-1.16) 8.91x 107

OR odds ratio, CI confidence interval

who are experiencing symptoms of UF but do not have an
official UF diagnosis. Women making these kinds of com-
plaints to their health care provider may go on to be diag-
nosed with UF. Evaluating the combination of symptomol-
ogy with genetic risk for UF may allow for quicker diagnosis
and treatment for UF in women. The final significant pheno-
type is a pregnancy complication. UF is believed to be the
cause of infertility and pregnancy complications in a small
percentage of women, with fibroid characteristics (loca-
tion, size, number) affecting the likelihood fibroids are the
root cause. Women with more severe fibroids (submucosal
fibroids, large, multiple fibroids) are more likely to experi-
ence infertility and pregnancy complications (Parazzini et al.
2015). We observed the largest effect size for this phenotype,
indicating increasing genetic risk for fibroids places women
at higher risk for this pregnancy complication.

In addition to the NHW females from eMERGE, we also
performed PheWAS in the eMERGE subsets of NHW sex
combined, NHW men, NHB sex combined, and NHB
females. The NHW sex combined Phe WAS bore similar
results to the NHW females Phe WAS (Supplement). There
were no significant results in PheWAS for NHW men, NHB
sex combined, and NHB females (Supplement). Similar find-
ings between the NHW females and NHW sex combined
while simultaneously seeing no significant results in NHW
males indicate the results observed in PheWAS are being
solely driven by women in the cohort. We do not observe
increased risk for any phenotypes related to men in associa-
tion with increased genetic UF risk. No significant results
in any AA population PheWAS performed is in line with
current literature. Literature has noted that PRS’s have low
or no predictive power when applied to a population that is
different from the ancestral population that the summary
statistics are derived from (Dikilitas et al. 2020). Possible
reasons for this observed phenomenon are common variants
differ between populations, differences in LD structures, and
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differences in environment (Martin et al. 2019). Overall, this
suggests the genetic architecture for UF may differ based
upon race.

PRS are currently being explored for integration in dif-
ferent aspects of health care/prediction (Chatterjee et al.
2016). There are benefits and shortcomings to using a PRS
in a clinical setting that include risk prediction, diagnostic
refinement, and improved population screening, incorrect
risk estimations, ancestry bias, and regulation respectively
(Adeyemo et al. 2021). The PRS constructed in this study
follows the benefits and risks outlined and would need
more refinement before clinical implementation is pos-
sible. However, we have created a new tool for fibroids
research. Future studies, such as Mendelian randomiza-
tion, can use the PRS to investigate genetic architecture of
UF risk. Knowledge of the genetic architecture can lead to
a better understanding of the etiology of the disease and
may identify novel drug targets and therapy options. Cur-
rently the prediction model proposed here of the PRS, PCs,
age, and BMI performs moderately weakly for prediction.
Formulating and adding a clinical or phenotype risk score
for the model may increase the predictability and utility
of such a model.

The greatest strength of our study is we were able to use
independent datasets (no overlapping samples) for each stage
(GWAS, PRS optimization, PRS validation) of this study.
Additionally, the optimization of the PRS was performed
in a different clinical population (BioVU) from the GWAS
and validation clinical population (eMERGE). Theoretically,
this should make our PRS more transferable across different
clinical populations of NHW females. However, we were
limited to internal validity of the eMERGE clinical popula-
tion. External validity of the PRS in an independent clinical
population should be performed when available. Finally,
because we used eMERGE for the GWAS step and PRS
validation, we had to restrict the number of usable UF cases.
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Many of the severe cases of UF (evidence of large tumors,
multiple tumors, or tumor reoccurrence) were used in the
GWAS. Setting up the study this way may overestimate the
effect size of variants produced in GWAS but underestimate
the effect size of the PRS in validation. Despite these short-
comings, we have produced a UF PRS that is significantly
associated with UF in a clinical population.

Our results indicate that there is shared genetic architec-
ture between UL and other disorders in the clinical phenome.
Based on the other phenotypes, it is suggested that this archi-
tecture may contain genetic variants that effect endogenous
sex hormones within women. Further work will need to be
carried out to determine what this shared relationship is.
This in turn will give rise to a better understanding of the
etiology of UL and provide the bases for the development
of future treatment.
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