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Genomic Reporting

Abstract

BACKGROUND: Polygenic risk scores (PRSs) take into account the effects of multiple common genetic variants enabling prediction
of the future risk of the nonfamilial forms of diseases. PRSs have been proposed to be useful for lifestyle optimizations, therapeutic
intervention, and disease screening despite ongoing discussions about their clinical utility and predictive performance.

METHODS: We have developed a set of PRSs using the variants identified in current genome-wide association studies
(GWASs). The predictive performance of these models was evaluated using participants of the UK Biobank, a cohort study with
deep genetic, physical and health data collected on ~500,000 individuals across the UK.

RESULTS: The performance, relative risk and disease prevalence have been provided for each model. The PRS for celiac disease,
a condition with high heritability, performed the best (AUC 0.808). PRSs for Alzheimer’s disease, multiple sclerosis, chronic
lymphocytic leukemia, HDL cholesterol, osteoporosis, and Dupuytren’s disease also had good performance (AUC 0.676 — 0.696).
The AUC for remaining models was in the range: 0.552 - 0.658.

CONCLUSIONS: The PRSs for 32 common disorders have been implemented in the Simplify Genomics Genomic Clinical Report.
The results are not recommended to be used to guide medical care but to rather guide lifestyle decisions.
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1 Introduction

In recent years, results of comprehensive genomicstudies?!
reinforced the conclusion that the geneticarchitecture of
many common adult onset diseases is composed of:

¢ a familial form, responsible for 1-10% of disease
incidence, linked to highly penetrant rare
variants within a small set of genes known to drive
familial disease.

* a nonfamilial form of disease that is mostlydriven
by a combination of common variants of small effect
distributed throughout the genome.

Polygenic risk scores have been developed to take into
account the effects of multiple common genetic variants into
a single score, thus, allowing for the prediction of the future
risk of the nonfamilial forms of diseases.

The scores have become increasingly popular in recent years,
and studies reporting new PRSs for a variety of diseases
appear regularly in the literature. There is a growing
understanding that at least for some diseases PRSs could
be used in conjunction with clinical,environmental, and
monogenic risk factors for the following:

* PRS-informed therapeutic intervention, e.g.stratifying
individuals for starting statin therapy for heart disease?.

¢ PRS-informed disease screening, e.g. stratifying women
for the best age to start mammography for breast cancer.
A recent study® modelled cost effectiveness and benefit
to harm ratio of PRS-guided risk stratified screening for
breast cancer, and established that not offering breast
cancer screening to women at lower risk could improve
the cost effectiveness of the screening program, reduce
overdiagnosis, and maintain the benefits of screening.
Another study estimated that the performance of the
colorectal cancer PRS with AUC of at least 0.65 makes PRS
risk stratified screening cost effective as the reduction in

© SIMPLIFY GENOMICS

screening and treatment costs start covering the expected
cost of polygenic testing®.

* PRS informed life planning, e.g. lifestyle
optimization. For coronary artery disease, individuals
inthe top quintile of geneticrisk have the ability to offset
much of this risk by maintaining optimal lifestyle
habits, which reduces their overall risk of disease by
nearly half°>. For breast cancer, if healthy lifestyle
choices were preferentially targeted to and employed
by women in the top decile of the PRS-driven genetic risk,
an estimated ~20% of all preventable breast cancer
cases would be avoided®.

utility of PRSs
in the scientific and

Despite these applications, the clinical
remains under active discussion
medical fields. In the case of coronary artery disease, many
caution about PRS implementation in clinical practice. The
limited discriminatory value of PRSs when used on their own
as compared to other screening tests’as well as the modest
or no improvement in the prediction accuracy provided
by the PRSs’ addition to the well established risk prediction
models®>! are the main reasons for the skepticism. Limited
translatability of PRSs across populations further decreases
the utility of PRS models that are predominantly built based
on genomes of people of European ancestry!.

Despite theseongoing discussions, in recent years, several
genetic companies have launched commercial PRS tests
to improve disease risk assessment for cancer, heart attack,
and a number of other disorders including Ambry Genetics,
Myriad Genetics, Color Genomics, and MyHeritage!*®? .
Implementations of PRSs are also available from the
direct to consumer providers like 23andMe!**> and Nebula
Genomics'®.

Ambry Genetics implemented PRSs for prostate cancer!’ and
breast cancer®that include 72 and 100 variants, and perform
with AUC 0.65 and 0.61, respectively. Myriad Genetics
developed and validated two breast cancerPRSs for women
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of European?®and Hispanic® ancestry including 86 and 87
variants, respectively. 23andMe developed and launched a
type 2 diabetes model thatincludes over 1,000 variants. The
model’s performance was validated for several populations
demonstrating AUC values between 0.65 for Europeans
and 0.59 for African Americans®. Nebula Genomics has
implemented dozens of PRSs for cancer, metabolic,
mental, musculoskeletal, and other disorders.

This white paper describes our effort todevelopandevaluate
performance of PRSs for a number of common disorders.
The variants comprising the models were identified
from current  published genome-wide association studies
(GWASs). The predictive performance of the models, relative
risk, and disease prevalence were evaluated using affected
and nonaffected participants of the UK Biobank study?! for
each disease.

The PRSs are implemented in the Simplify Genomics
Clinical Report. The reported results are not recommended
to be used to guide medical care but rather to inform
lifestyle decisions.

2 Results

The predictive performance of each model accompanied by
observed and predicted relative risk and disease prevalence
are provided in sections 2.1—2.32 and Table A. Cohort definitions
are provided in Table B.

© SIMPLIFY GENOMICS

BOX 1. How to understand model performance and other
metrics in this study.

AUC is the probability that the PRS of a case is greater than
the PRS of a control. The values of 1.0 and 0.5 indicate the
best and the worst performance, respectively.

PRS Percentile: PRS at 75th percentile means that 75% of
the individuals in the population have a lower PRS and 25%
have a higher a PRS.

Risk ratio indicates the relative risk of developing a disease
for people with certain genetic profiles as compared to
individuals in a reference group. In this study, the reference
group was defined as individuals in the 40-60%" PRS
percentile bin as having “most common” genetic profiles.

e Forexample, a risk ratio of 2.80 means that the individual
is at 2.8 fold increased risk for developing a disease
as compared to the individuals with “most common”
genetic profiles.

e A risk ratio of 0.40 means that the individual is at 60%
decreased risk for developing a disease as compared to
the individuals with “most common” genetic profiles.

Odds ratio is a metric closely related to risk ratio that
indicates the association strength between PRS and
disease. It gives a similar value to risk ratio when a disease is
rare and relative risk is small or moderate.

Prevalence is the percent of people who developed a
condition in a certain PRS percentile bin.
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2.1 Basal Cell Carcinoma

Basal cell carcinoma is very common among people of some
ethnicities; among Europeans, one in three men and one in
four women will develop the condition during their lifetime?2.
The PRS model for basal cell carcinoma includes 29 variants
and was developed based on the variants identified in a study
that analyzed genomes of over 17,000 individuals of European
ancestry affected by basal cell carcinoma?®. Heritability of basal
cell carcinoma is over 40%%*and about 11%?3 of familial risk of
basal cell carcinoma was explained by the variants identified

in the study. The performance of the developed PRS model
was evaluated using affected and non-affected individuals
from UK Biobank (see Table B for cohort definitions) and
the results are presented in Tables 1-3 and Figures 1-3.
The predictive performance of the developed model
(AUC 0.606) is slightly below compared to the published
PRS models for basal cell carcinoma (AUC - 0.63%° - 0.64%°).

| Number of individuals 408,885 Features AUC (95% CI)

| Number of cases (%) 16,391 (4.0) PRS 0.606 (0.601, 0.610)

| Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.666 (0.662, 0.669)
Number of females (%) 187,880 (45.9) PRS + covariates 0.696 (0.692, 0.700)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort

with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic

regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.54 (0.50, 0.58) 0.54 (0.51, 0.59)
10-25 0.69 (0.65, 0.73) 0.70 (0.66, 0.74)
25-40 0.82 (0.77, 0.87) 0.83 (0.78, 0.87)
40-60 1.00 (0.95, 1.05) 1.00 (0.95, 1.05)
60-75 1.20 (1.14, 1.26) 1.19 (1.13, 1.25)
75-00 1.44 (1.37, 1.52) 1.42 (1.3, 1.49)
90-95 1.73 (1.62, 1.85) 1.68 (1.58, 1.79)
95-99 2.06 (1.02, 2.21) 1.98 (1.86, 2.11)
99-100 | 2.70 (2.42, 3.01) 2.54 (2.29, 2.80)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95%

CI for each PRS percentile

bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.2 Bladder Cancer

Bladder cancer is a common disease; one in 27 men and
one in 89 women will develop bladder cancer during their
lifetime?’. The PRS model for bladder cancer includes 12
variants and was developed based on the variants identified
in a study that analyzed genomes of about 7,000 individuals of
European ancestry affected by bladder cancer?. Heritability of
bladder cancer is currently unknown; however, family history
of bladder cancer is associated with about 2-fold increased
risk, suggesting shared genetic and potential environmental
contribution to its etiology?®.

The performance of the developed PRS model was evaluated
using affected and non-affected individuals from UK Biobank
(see Table B for cohort definitions) and the results are
presented in Tables 1-3 and Figures 1-3. The predictive
performance of the developed model is modest (AUC 0.566)
possibly attributing to the limited number of discovered
variants and a strong contribution of lifestyle - cigarette
smoking is thought to cause 50% of bladder cancer cases®’. To
the best of our knowledge, the performance of other bladder
cancer PRS models has not been published.

Number of individuals 408,885 Features AUC (95% CI)
Number of cases (%) 2,758 (0.7) PRS 0.566 (0.557, 0.576)
Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.764 (0.758, 0.773)
Number of females (%) 187,880 (45.9) PRS + covariates 0.770 (0.763, 0.779)

Table 1: Validation cohort characteristics.

Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS+covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates” logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.69 (0.58, 0.81) 0.69 (0.58, 0.82)
R Tl cercentile 10-25 0.87 (0.76, 1.00) 0.87 (0.76, 1.00)
b 25-40 0.93 (0.81, 1.06) 0.93 (0.81, 1.06)
> Porrowdad 40-60 1.00 (0.89, 1.13) 1.00 (0.89, 1.13)
g b R, 1 60-75 1.17 (1.03, 1.32) 1.17 (1.03, 1.32)
g |1 | 75-90 1.27 (1.13, 1.44) 1.27 (1.13, 1.44)
* i O | 90-95 1.52 (1.29, 1.79) 1.51 (1.28, 1.78)
P e Ta— U e S 95-99 1.63 (1.37, 1.94) 1.63 (1.37, 1.93)
99-100 2.35 (1.79, 3.07) 2.33 (1.79, 3.04)

Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.

Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.3 Breast Cancer

using affected and non-affected women from UK Biobank
and the results are presented in Tables 1-3 and Figures 1-3.
The predictive performance of the developed model (AUC
0.617)is comparableto the previously published PRS models
for breast cancer (AUC 0.55 — 0.68)82>34353637,38,39,40,

Breast cancer is a very common disease; one in eight
women will develop the condition during their lifetime3L.
The PRS model for breast cancer includes 151 variants and
was developed based on the variants identified in a study
that analyzed genomes of over 120,000 women of European
ancestry affected by breast cancer®?. Heritability of breast
cancer is about 30%%**3* and about 18% of familial risk of
breast cancer was explained by the variants discovered®?. The
performance of the developed PRS model was evaluated

i PR T 221,005 Fe;;";es ; ﬁg?o(gf? f‘g 5
Htmber of tpnes () 14,509 15:0) Covariates 0.600 (0.596, 0.604)
Median age (25 & 75 percentiles) | 66.8 (59.4 & 71.9) PRS- comrisies 0.654 (0.650’ 0.657)

Table 1: Validati hort ch teristics.
= e e e Table 2: The predictive performance of the genetics-only PRS

model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.52 (0.47, 0.56) 0.53 (0.49, 0.58)
L G REEE AR & ercentic 1025 | 0.68 (0.63, 0.72) 0.69 (0.65, 0.74)
I N = s S 25-40 0.84 (0.79, 0.89) 0.85 (0.80, 0.90)
> T 40-60 1.00 (0.95, 1.06) 1.00 (0.95, 1.05)
g R T 60-75 1.27 (1.20, 1.34) 1.25 (1.18, 1.31)
g i 1. | | 75-90 1.49 (1.41, 1.58) 1.45 (1.38, 1.53)
= | i, 90-95 1.93 (1.79, 2.07) 1.82 (1.71, 1.95)
60 65 7.0 75 B0 85 90 95 100 PRS 95-99 2.35 (2.18, 2.53) 2.17 (2.03, 2.32)
99-100 3.33 (2.96, 3.74) 2.92 (2,65, 3.22)

Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.

Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.4 Colorectal Cancer

Colorectal cancer is a common disease; one in 23 people will
develop the condition during their lifetime*!. The PRS model for
colorectal cancerincludes 29 variants and was developedbased
on the variants identified in a study that analyzed genomes
of about 37,000 individuals of European ancestry affected
by colorectal cancer*?. Heritability of colorectal cancer is about
35%* and about 12% of familial risk of colorectal cancer was
explained by the variants discovered*. The performance of
the developed PRS model was evaluated using affected

and non-affected individuals from UK Biobank (see Table B
for cohort definitions) and the results are presented in Tables
1-3 and Figures 1-3. The predictive performance of the
developed model (AUC 0.580) is below comparedto the
previously published PRS models for
0.62 (women), 0.64 (men)*,

colorectal cancer

Number of individuals 408,885 Features AUC (95% CI)
Number of cases (%) 6,016 (1.5) PRS 0.580 (0.572, 0.587)
Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.682 (0.676, 0.687)
Number of females (%) 187,880 (45.9) PRS + covariates 0.698 (0.691, 0.703)

Table 1: Validation cohort characteristics.

Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.59 (0.52, 0.66) 0.59 (0.52, 0.66)
L L2 wogn on 3 sercentile 10-25 0.72 (0.65, 0.79) 0.72 (0.66, 0.79)
R 25-40 0.81 (0.74, 0.89) 0.82 (0.75, 0.89)
> EERET R 40-60 1.00 (0.92, 1.08) 1.00 (0.92, 1.08)
g EEF YR 60-75 1.07 (0.98, 1.17) 1.07 (0.99, 1.16)
g Y 75-90 1.23 (1.13, 1.33) 1.22 (1.13, 1.33)
= l H H i ! 1: i l 90-95 1.41 (1.26, 1.58) 1.40 (1.26, 1.56)
NP o P M S S 95-99 1.62 (1.44, 1.82) 1.60 (1.43, 1.80)
99-100 2.28 (1.91, 2.73) 2.24 (1.88, 2.67)

Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.

Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.5 Chronic Lymphocytic Leukemia

Chronic lymphocytic leukemia is a rare disease; one in
175 people will develop the condition during their
lifetime*. The PRS model for chronic lymphocytic
leukemia includes 37 variants and was developed based on
the variants identified in a study that analyzed genomes
of about 4,500 individuals of European ancestry affected
by the condition®. Heritability of chronic lymphocytic
leukemia is about 20%*” and about 25% of familial risk was
explained by the variants discovered*®. The performance of

the developed PRS model was evaluated using affected
and non-affected individuals from UK Biobank (see Table B
for cohort definitions) and the results are presented in Tables
1-3 and Figures 1-3. The developed model demonstrated
good predictive performance (AUC 0.676). To the best of
our knowledge, the performance of other PRS models
for chronic lymphocytic leukemia has not been published,
however, a similar level of relative risk (OR 3.64 for
the PRS percentile >80"as compared to 40-60%)
demonstrated by a comparable PRS model*.

was

| Number of individuals 408,885 Features AUC (95% CI)

| Number of cases (%) 726 (0.2) PRS 0.676 (0.659, 0.695)

| Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.699 (0.679, 0.715)
Number of females (%) 187,880 (45.9) PRS + covariates 0.755 (0.740, 0.774)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.

Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.46 (0.29, 0.72) 0.46 (0.29, 0.72)
1025 | 0.71 (0.51, 0.99) 0.71 (0.51, 0.99)
25-40 0.86 (0.63, 1.17) 0.86 (0.63, 1.17)
40-60 1.00 (0.76, 1.32) 1.00 (0.76, 1.32)
60-75 1.52 (1.16, 1.99) 1.52 (1.16, 1.98)
75-00 2.19 (1.71, 2.81) 2.19 (1.71, 2.81)
90-95 3.14 (2.34, 4.21) 3.13 (2.33, 4.20)
95-99 4.07 (3.04, 5.46) 4.06 (3.03, 5.43)
99-100 | 8.19 (5.60, 11.79) | 8.12 (5.66, 11.66)

© SIMPLIFY GENOMICS

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.6 Melanoma

Melanoma is common among people of some ethnicities;
one in 38 Europeans will develop melanoma during their
lifetime*®. The PRS model for melanoma includes 13 variants
and was developed based on the variants identified in
a study that analyzed genomes of over 6,600 individuals of
European ancestry affected by melanoma®’. Heritability of
melanoma is about 60%* and about 9% of familial risk was
explained by the variants discovered®®. The performance of

the developed PRS model was evaluated using affected
and non-affected individuals from UK Biobank (see Table B
for cohort definitions) and the results are presented in Tables
1-3 and Figures 1-3. The developed model demonstrated
modest predictive performance (AUC 0.578) comparable to
the previously published PRS models for melanoma (AUC
0.58%°-0.61%).

Number of individuals 408,885 Features AUC (95% CI)
Number of cases (%) 5,003 (1.2) PRS 0.578 (0.572, 0.586)
Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.587 (0.578, 0.595)
Number of females (%) 187,880 (45.9) PRS + covariates 0.617 (0.611, 0.625)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.64 (0.57, 0.73) 0.65 (0.57, 0.73)
10-25 0.75 (0.68, 0.83) 0.76 (0.68, 0.84)
25-40 0.86 (0.78, 0.94) 0.86 (0.78, 0.94)
40-60 1.00 (0.92, 1.09) 1.00 (0.92, 1.09)
60-75 1.15 (1.05, 1.26) 1.15 (1.05, 1.26)
75-90 1.30 (1.19, 1.42) 1.29 (1.19, 1.41)
90-95 1.48 (1.31, 1.67) 1.47 (1.31, 1.66)
95-99 1.70 (1.50, 1.93) 1.69 (1.49, 1.91)
99-100 | 1.8 (1.47, 2.20) 1.82 (147, 2.26)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.7 Pancreatic Cancer

Pancreatic cancer is a common disease; one in 63 people will
develop the condition during their lifetime®. The PRS model
for pancreatic cancer includes 22 variants and was developed
based on the variants identified in a study that analyzed
genomes of over 9,000 individuals of European ancestry
affected bythe condition®2. Heritability ofpancreaticcancer
is unknown. The performance of the developed PRS model

was evaluated using affected and non-affected individuals
from UK Biobank (see Table B for cohort definitions) and
the results are presented in Tables 1-3 and Figures 1-3.
The developed model demonstrated modest predictive
performance (AUC 0.595) comparable to the previously
published PRS models for pancreatic cancer (AUC 0.61°3).

Number of individuals 408,885 Features AUC (95% CI)
Number of cases (%) 939 (0.2) PRS 0.595 (0.578, 0.611)
Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.681 (0.664, 0.698)
Number of females (%) 187,880 (45.9) PRS + covariates 0.704 (0.690, 0.722)

Table 1: Validation cohort characteristics.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.59 (0.43, 0.81) 0.59 (0.43, 0.81)
1025 | 0.71 (0.55, 0.92) 0.71 (0.55, 0.92)
25-40 0.89 (0.70, 1.12) 0.89 (0.70, 1.12)
40-60 1.00 (0.81, 1.24) 1.00 (0.81, 1.24)
60-75 1.40 (1.13, 1.72) 1.40 (1.13, 1.72)
75-00 1.42 (1.15, 1.75) 1.42 (1.15, 1.75)
90-95 1.55 (1.17, 2.07) 1.55 (1.17, 2.06)
95-99 2.03 (1.54, 2.69) 2.03 (1.53, 2.68)
99-100 |  2.48 (1.57, 3.90) 2.47 (1.57, 3.88)

Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.

Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.8 Prostate Cancer

Prostate cancer is a very common disease; one in nine men
will be diaghosed with the condition during their lifetime®.
The PRS model for prostate cancer includes 138 variants and
was developed based on the variants identified in a study
that analyzed genomes of ~80,000 men of European ancestry
affected by the condition®. Heritability of prostate cancer is
about 60%°® and over 28% of familial risk was explained
by the variants discovered®. The performance of the
developed PRS model was evaluated using affected and

non-affected individuals from UK Biobank and the results
are presented in Tables 1-3 and  Figures 1-3. The
developed model demonstrated good predictive performance
(AUC 0.658) slightly exceeding the performance of the
previously published PRS models for prostate cancer (AUC
059 _ 0.65)17'25'57'58'59.

Number of individuals

187,880

Number of cases (%)

8,155 (4.3)

Median age (25 & 75 percentiles)

67.5 (59.6 & 72.5)

Table 1: Validation cohort characteristics.

Features AUC (95% CI)
PRS 0.658 (0.654, 0.665)
Covariates 0.721 (0.717, 0.726)
PRS | covariates 0.773 (0.768, 0.778)

Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.

gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.40 (0.35, 0.45) 0.41 (0.36, 0.46)
10-25 | 063 (0.57, 0.69) 0.63 (0.58, 0.70)
25-40 0.82 (0.75, 0.89) 0.82 (0.75, 0.89)
40-60 1.00 (0.93, 1.08) 1.00 (0.93, 1.08)
60-75 1.25 (1.16, 1.36) 1.24 (1.15, 1.34)
75-90 1.86 (1.74, 2.00) 1.81 (1.69, 1.94)
90-95 2.28 (2.08, 2.50) 2.18 (2.00, 2.38)
95-99 3.32 (3.04, 3.63) 3.06 (2.82, 3.33)
99-100 |  5.32 (4.66, 6.07) 1.60 (4.10, 5.15)

© SIMPLIFY GENOMICS

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.9 Thyroid Cancer

Thyroid cancer is a rare disease; one in 120 women and one
in 300 men will be diagnosed with thyroid cancer during
their lifetime®. The PRS model for thyroid cancer includes 10
variants and was developed based on the variants identified
by a study that analyzed genomes of about 3,000 individuals
of European ancestry affected by the condition®. Heritability
of thyroid cancer is about 50%°. The performance of
the developed PRS model was evaluated using affected

and non-affected individuals from UK Biobank and the
results are presented in Tables 1-3 and Figures 1- 3.
The developed model demonstrated modest predictive
performance (AUC 0.616). To the best of our knowledge,
the performance of other PRS models for thyroid cancer
has not been published yet, however, arelative risk for the top
quartile (OR 3.2, >75%/<25%) was reported for a comparable
PRS model®.

Number of individuals 408,885 Features AUC (95% CI)
Number of cases (%) 619 (0.2) PRS 0.616 (0.596, 0.640)
Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.632 (0.611, 0.651)
Number of females (%) 187,880 (45.9) PRS + covariates 0.683 (0.665, 0.700)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.

Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.74 (0.50, 1.07) 0.74 (0.50, 1.07)
10-25 | 087 (0.63, 1.19) 0.87 (0.63, 1.19)
25-40 1.04 (0.77, 1.40) 1.04 (0.77, 1.40)
40-60 1.00 (0.75, 1.33) 1.00 (0.75, 1.33)
60-75 1.43 (1.08, 1.89) 1.43 (1.08, 1.89)
75-00 1.61 (1.23, 2.12) 161 (1.23, 2.11)
90-95 2.11 (1.50, 2.96) 2.11 (1.50, 2.95)
95-99 3.20 (2.33, 4.40) 3.19 (2.33, 4.39)
99-100 | 4.67 (2.96, 7.36) 1.65 (2.95, 7.32)
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Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.10 Celiac Disease

Celiac disease is a common condition; one in 100 people is
affected by the disease®. The PRS model for celiac disease
includes 56 variants: 55 non-HLA variants® and the HLA DQ2.5
haplotype represented by a proxy SNP®® . This HLA allele is
the most prevalent HLA allele associated with celiac disease
among affected Europeans and found in over 90% of cases®’.
The model was developed based on the variants identifiedin
a study of over 12,000 individuals of European ancestry
affected by the condition®®. Heritability of susceptibility

to celiac disease is over 75%°® and about 54% of heritability
was explained by the variants identified®®. The performance
of the developed PRS model wasevaluated using affected
and non-affected individuals from UK Biobank (see Table B for
cohort definitions) and the results are presented in Tables 1-3
and Figures 1-3. The developed model demonstrated good
predictive performance (AUC 0.808), however, below
the performance of a similar PRS model for celiac disease
including more HLA alleles (AUC 0.85)%.

Number of individuals 408,885 Features AUC (95% CI)
Number of cases (%) 2,783 (0.7) PRS 0.808 (0.799, 0.818)
Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.579 (0.570, 0.590)
Number of females (%) 187,880 (45.9) PRS + covariates 0.814 (0.806, 0.823)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.62 (0.46, 0.84) 0.62 (0.46, 0.84)
1025 | 0.71 (0.55, 0.92) 0.71 (0.55, 0.92)
25-40 0.77 (0.61, 0.99) 0.77 (0.61, 0.99)
40-60 1.00 (0.81, 1.23) 1.00 (0.81, 1.23)
60-75 1.85 (1.52, 2.25) 1.85 (1.52, 2.24)
75-00 6.35 (5.39, 7.48) 6.28 (5.33, 7.39)
90-95 11.25 (9.45, 13.39) 11.01 (9.26, 13.09)
9599 | 16.69 (14.07, 10.80) | 16.15 (13.63, 19.12)
99-100 | 31.85 (26.21, 35.69) | 20.88 (24.73, 36.11)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.11 Inflammatory Bowel Disease

Inflammatory bowel disease is common; one in 80 adults
in the US are currently affected with either ulcerative
colitis or Crohn's disease’”®. The PRS model for
inflammatory bowel disease includes 231 variants. The
model was developed based on the variants identified by a
study that analyzed genomes of over 37,000 individuals of
European ancestry affected by either Crohn's disease or
ulcerative colitis’>’2. Heritability of inflammatory bowel
disease is about 70%’3and about 13% of heritability of

Crohn’sdiseaseand 8.2%ofheritability ofulcerative colitiswas
explained by the variantsidentified’t. The performance
of the developed PRS model wasevaluated using affected
and non-affected individuals from UK Biobank (see Table B
for cohort definitions) and the results are presented in Tables
1-3 and Figures 1-3. The developed model demonstrated
good predictive performance (AUC 0.641), however,
below the performance of similar PRS models for Crohn’s
disease (AUC 0.75) and ulcerative colitis (AUC 0.70)7* .

| Number of individuals 393,379 Features AUC (95% CI)

| Number of cases (%) 5,938 (1.5) PRS 0.641 (0.635, 0.649)

| Median age (25 & 75 percentiles) | 67.0 (59.4 & 72.1) Covariates 0.532 (0.525, 0.539)
Number of females (%) 181,896 (46.2) PRS + covariates 0.645 (0.639, 0.652)

Table 1: Validation cohort characteristics.

Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.

Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.12 Atrial Fibrillation

Atrial fibrillation is a very common condition; one in four
people 40 years or older will develop atrial fibrillation
during their lifetime”. The PRS model for atrial
fibrillation includes 82 variants and was developed based on
the variants identified in a study that analyzed genomes
of over 55,000 individuals of European ancestry affected
by the condition’. Heritability of atrial fibrillation is
~60%’’ and over 42% of heritability was explained by the

variants discovered’®. The performance of the developed
PRS model was evaluated using affected and non-affected
individuals from UK Biobank (see Table B for cohort definitions)
and the results are presented in Tables 1-3 and Figures 1-3.
The developed model demonstrated good predictive
performance (AUC 0.622), slightly below the performance
of a previously published PRS model for atrial fibrillation
(AUC 0.64)%.

| Number of individuals 408,885 Features AUC (95% CI)

| Number of cases (%) 19,572 (4.8) PRS 0.622 (0.619, 0.627)

| Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.740 (0.736, 0.742)
Number of females (%) 187,880 (45.9) PRS + covariates 0.765 (0.762, 0.768)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.53 (0.50, 0.57) 0.54 (0.51, 0.58)
10-25 0.67 (0.63, 0.71) 0.68 (0.64, 0.72)
25-40 0.78 (0.74, 0.82) 0.79 (0.75, 0.83)
40-60 1.00 (0.95, 1.05) 1.00 (0.96, 1.05)
60-75 1.21 (1.15, 1.27) 1.20 (1.15, 1.26)
75-00 1.51 (1.44, 1.58) 1.48 (141, 1.54)
90-95 1.94 (1.83, 2.06) 1.87 (1.76, L.97)
95-99 2.45 (2.31, 2.61) 2.31 (2.18, 2.44)

99-100 | 3.65 (3.32, 4.01) 3.27 (3.01, 3.55)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.13 Coronary Artery Disease

Coronary artery disease is very common; one in two men
and one in three women 40 years or older will develop
the condition during their lifetime’®. The PRS model for
coronary artery disease includes 41 variants and was
developed based on the variants identified in a study that
analyzed genomes of over 60,000 individuals of
European  ancestry affected by the  condition”.
Heritability of coronary artery disease is about 50-60%°%.

The performance of the developed PRS model was
evaluated using affected and non-affected individuals from
UK Biobank (see Table B for cohort definitions) and the results
are presented in Tables 1-3 and Figures 1-3. The developed
model demonstrated modest predictive performance (AUC
0.576), below the performance of previously published
PRS models for coronary artery disease (AUC 0.65%, cIndex
0.62%2).

| Number of individuals 408,885 Features AUC (95% CI)

| Number of cases (%) 22,387 (5.5) PRS 0.576 (0.573, 0.580)

| Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.757 (0.754, 0.760)
Number of females (%) 187,880 (45.9) PRS + covariates 0.767 (0.764, 0.770)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.66 (0.63, 0.71) 0.68 (0.64, 0.72)
1025 | 0.74 (0.70, 0.78) 0.75 (0.72, 0.79)
25-40 0.85 (0.81, 0.90) 0.86 (0.82, 0.90)
40-60 1.00 (0.96, 1.04) 1.00 (0.96, 1.04)
60-75 1.10 (1.05, 1.15) 1.10 (1.05, 1.14)
75-90 1.27 (1.22, 1.33) 1.25 (1.20, 1.30)
90-95 1.47 (1.38, 1.56) 1.43 (1.35, 1.51)
95-99 1.71 (1.60, 1.81) 1.64 (1.55, 1.74)
99-100 | 2.19 (1.98, 2.43) 2.06 (1.8, 2.26)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.

simplify

genomics

QUESTIONS? | SUPPORT.SIMPLIFYGENOMICS.COM



simplify

genomics

PRS PERFORMANCE

2.14 Venous Thromboembolism

Venous thromboembolism (VTE) is a very common
condition; one in 12 people 45 years or older will develop the
condition during their lifetime®. The PRS model for VTE
includes 10 variants and was developed based on the variants
identified in a study that analyzed genomes of ~3,300
individuals of European ancestry affected by the condition®*.
The model includes the factor V Leiden (F5) variant rs6025

(p.R506Q) and the F2 (prothrombin) variant G20210A.

the developed PRS model was evaluated using affected
and non-affected individuals from UK Biobank (see Table B
for cohort definitions) and the results are presented in Tables
1-3 and Figures 1-3. The developed model demonstrated
modest predictive performance (AUC 0.600). To the best of
our knowledge, the performance of other PRS models for VTE
has not been published yet, however, odds ratios for top
PRS percentiles have been provided for a larger PRS model

Heritability of VTE is about 40 - 50%% and over 5% was Wwith either F5 or F2 variant included 4.62-4.90
explained by the variants discovered?’. The performance of (>95%/<95%)%.
| Number of individuals 407,351 Features AUC (95% CI)
| Number of cases (%) 14,122 (3.5) PRS 0.600 (0.595, 0.605)
| Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.616 (0.611, 0.619)
Number of females (%) 187,166 (45.9) PRS + covariates 0.655 (0.651, 0.659)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.70 (0.64, 0.75) 0.70 (0.65, 0.76)
10-25 0.81 (0.76, 0.86) 0.81 (0.76, 0.86)
25-40 0.89 (0.84, 0.95) 0.90 (0.84, 0.95)
40-60 1.00 (0.95, 1.06) 1.00 (0.95, 1.06)
60-75 1.19 (1.12, 1.26) 1.18 (111, 1.25)
75-00 1.45 (1.37, 1.54) 1.43 (1.36, 1.51)
90-95 1.83 (1.70, 1.97) 1.78 (1.66, 1.91)
95-99 2.43 (2.26, 2.61) 2.33 (2.18, 2.49)
99-100 | 477 (4.32, 5.27) 1.28 (3.92, 1.68)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.15 Schizophrenia

Schizophrenia is a common disease; one in 100 people
develop the condition¥”. The PRS model for
schizophrenia includes 160 variants and was developed based
on the variants identified in a study that analyzed genomes

will

evaluated using affected and non-affected individuals from
UK Biobank (see Table B for cohort definitions) and the results
are presented in Tables 1-3 and Figures 1-3. The developed
model demonstrated modest predictive performance (AUC

0.559), below the performance of previously published PRS
models for schizophrenia (AUC 0.58%°°1 - 0.64%?).

of over 40,000 individuals of European ancestry affected by
the condition®. Heritability of schizophrenia is up to 80%%.

The performance of the developed PRS model was

Number of individuals 408,885 Features AUC (95% CI)
Number of cases (%) 1,096 (0.3) PRS 0.559 (0.545, 0.573)
Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.584 (0.571, 0.601)
Number of females (%) 187,880 (45.9) PRS + covariates 0.599 (0.585, 0.612)

Table 1: Validation cohort characteristics. Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-

gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.62 (0.47, 0.81) 0.62 (0.47, 0.81)
B B e g — 1025 | 0.7 (0.57, 0.89) 0.71 (057, 0.89)
o 25-40 1.00 (0.82, 1.22) 1.00 (0.82, 1.22)
> AT RN 40-60 1.00 (0.83, 1.20) 1.00 (0.83, 1.20)
§ o 60-75 1.08 (0.8, 1.31) 1.08 (0.88, 1.31)
g T 75-90 1.11 (0.91, 1.34) 1.11 (0.91, 1.34)
= 1 H : i : i i i : 90-95 1.33 (1.03, 1.74) 1.33 (1.03, 1.73)
¢ : s = n: e e 95-09 1.47 (1.11, 1.93) 1.46 (1.11, 1.93)
99-100 1.71 (1.07, 2.74) 1.71 (1.07, 2.73)

Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.

Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.16 HDL Cholesterol

Having low levels of HDL cholesterol is very common; nearly
one inthree adults has low HDL cholesterol levels®. The
PRS model for predicting low levels of HDL cholesterol includes
311 variants and was developed based on the variants
identified in a study that analyzed genomes of ~300,000
multiethnic individuals (White - 72.8%, Black - 18.9%, Hispanic
- 8.1%) with normal and abnormal HDL levels®. Heritability

of HDL cholesterol levels is about 40-60%°*%° and 12.3% was
explained by the variants discovered®. The performance of
the developed PRS model was evaluated using affected
and non-affected individuals from UK Biobank (see Table
B for cohort definitions) and the results are presented
in Tables 1-3 and Figures 1-3. The developed model
demonstrated good predictive performance (AUC 0.689).

| Number of individuals 317,466 Features AUC (95% CI)

| Number of cases (%) 30,610 (9.6) PRS 0.689 (0.686, 0.692)

| Median age (25 & 75 percentiles) | 66.3 (58.7 & 71.6) Covariates 0.705 (0.703, 0.708)
Number of females (%) 125,061 (39.4) PRS + covariates 0.786 (0.784, 0.788)

Table 1: Validation cohort characteristics.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.26 (0.24, 0.28) 0.28 (0.25, 0.30)
1025 | 0.48 (0.45, 0.50) 0.50 (0.47, 0.52)
25-40 0.71 (0.68, 0.75) 0.73 (0.70, 0.76)
40-60 1.00 (0.96, 1.04) 1.00 (0.96, 1.04)
60-75 1.39 (1.33, 1.44) 1.31 (1.30, 1.39)
75-90 1.97 (1.89, 2.04) 1.82 (1.76, 1.88)
90-95 2.69 (2.56, 2.82) 3.36 (2.26, 2.46)
95-99 3.57 (3.40, 3.75) 2.94 (2.83, 3.06)
99-100 | 5.95 (5.51, 6.44) 1.22 (4.00, 4.46)

Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.

Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.17 LDL Cholesterol

Having high cholesterol is very common; nearly one in
three adults has a high cholesterol level®?. The PRS model for
predicting high levels of LDL cholesterol includes 218 variants
and was developed based on the variants identified in
a study that analyzed genomes of ~300,000 multiethnic
individuals (White - 72.8%, Black - 18.9%, Hispanic - 8.1%)
with normal and abnormal LDL levels®. Heritability of LDL
cholesterol levels is ~30 - 50%°*% and 9.6% was explained

by the variants discovered®. The performance of the
developed PRS model was evaluated using affected
and non-affected individuals from UK Biobank (see Table
B for cohort definitions) and the results are presented
in Tables 1-3 and Figures 1-3. The developed model
demonstrated good predictive performance (AUC 0.643).

| Number of individuals 345,736 Features AUC (95% CI)

| Number of cases (%) 216,337 (62.6) PRS 0.643 (0.641, 0.644)

| Median age (25 & 75 percentiles) | 66.3 (58.7 & 71.6) Covariates 0.567 (0.565, 0.569)
Number of females (%) 134,906 (39.0) PRS + covariates 0.661 (0.660, 0.663)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.32 (0.31, 0.33) 0.57 (0.57, 0.58)
1025 | 0.57 (0.55, 0.58) 0.79 (0.78, 0.80)
25-40 0.78 (0.76, 0.80) 0.91 (0.90, 0.92)
40-60 1.00 (0.98, 1.02) 1.00 (0.99, 1.01)
60-75 1.24 (1.21, 1.28) 1.07 (1.07, 1.08)
75-90 1.50 (1.47, 1.54) 113 (L12, 1.14)
90-95 1.89 (1.82, 1.97) 1.20 (1.19, 1.21)
95-99 2.14 (2.05, 2.23) 1.23 (1.22, 1.24)
99-100 | 2.49 (2.28, 2.72) 1.27 (1.25, 1.20)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.18 Triglycerides

Having a high triglyceride level is very common; one in
four adults has a high triglyceride level®®. The PRS model for
predicting high levels of triglycerides includes 249 variants
and was developed based on the variants identified in
a study that analyzed genomes of ~300,000 multiethnic
individuals (White - 72.8%, Black - 18.9%, Hispanic - 8.1%)
with normal and abnormal triglyceridelevels®® . Heritability

of triglyceride levels is ~50% and 11% was explained by the
variants discovered®®. The performance of the developed
PRS model was evaluated using affected and non-affected
individuals from UK Biobank (see Table B for cohort definitions)
and the results are presented in Tables 1-3 and Figures 1-3.
The developed model demonstrated modest predictive
performance (AUC 0.629).

| Number of individuals 346,072 Features AUC (95% CI)

| Number of cases (%) 135,959 (39.3) PRS 0.629 (0.627, 0.631)

| Median age (25 & 75 percentiles) | 66.3 (58.7 & 71.6) Covariates 0.614 (0.613, 0.617)
Number of females (%) 135,043 (39.0) PRS + covariates 0.672 (0.670, 0.674)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.43 (0.42, 0.44) 0.55 (0.54, 0.56)
1025 | 0.64 (0.62, 0.65) 0.74 (0.73, 0.75)
25-40 0.81 (0.79, 0.83) 0.87 (0.86, 0.88)
40-60 1.00 (0.98, 1.02) 1.00 (0.99, 1.01)
60-75 1.25 (1.22, 1.28) 1.14 (1.13, 1.16)
75-90 1.57 (1.54, 1.61) 1.29 (1.27, 1.30)
90-95 1.99 (1.92, 2.06) 1.44 (1AL, 1.46)
95-99 2.43 (2.34, 2.52) 1.56 (1.54, 1.59)

99-100 | 3.28 (3.05, 3.52) 1.74 (1.70, 1.78)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.19 Total Cholesterol

Having high cholesterol is very common; nearly one in
three adults has a high cholesterol level®’. The PRS model for
predicting high levels of total cholesterol includes 225 variants
and was developed based on the variants identified
in a study that analyzed genomes of ~300,000 multiethnic
individuals (White - 72.8%, Black - 18.9%, Hispanic - 8.1%)
with normal and abnormal total cholesterol levels®.
Heritability of total cholesterol levels is ~30 - 50%°**° and 8.9%

was explained by the variants discovered®*. The performance
of the developed PRS model wasevaluated using affected
and non-affected individuals from UK Biobank (see Table B
for cohort definitions) and the results are presented in Tables
1-3 and Figures 1-3. The developed model demonstrated
good predictive performance (AUC 0.628) similar to the
previously published PRS model for total cholesterol (AUC
0.63%).

| Number of individuals 346,335 Features AUC (95% CI)

| Number of cases (%) 251,566 (72.6) PRS 0.628 (0.626, 0.630)

| Median age (25 & 75 percentiles) | 66.3 (58.7 & 71.6) Covariates 0.567 (0.566, 0.569)
Number of females (%) 135,188 (39.0) PRS + covariates 0.647 (0.645, 0.648)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort

with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic

regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.41 (0.40, 0.42) 0.73 (0.72, 0.73)
10-25 0.62 (0.61, 0.64) 0.86 (0.86, 0.87)
25-40 0.81 (0.79, 0.83) 0.94 (0.93, 0.95)
40-60 1.00 (0.98, 1.02) 1.00 (0.99, 1.01)
60-75 1.23 (1.20, 1.27) 1.05 (1.05, 1.06)
75-00 1.52 (1.48, 1.56) 1.10 (1.09, 1.10)
90-95 1.84 (1.76, 1.93) 1.13 (.13, L.14)
95-99 2.20 (2.09, 2.32) 1.17 (1.16, L.17)
99-100 | 2.67 (2.40, 2.96) 1.19 (1.18, 1.21)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.

90  —— oObserved
—— Predicted

Prevalence (%)
~ @
S =1

o
=1

0 20 40 &0 80 100
PRS Percentile

Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.20 Type 2 Diabetes

Type 2 diabetes is a very common disease; two out of five
people will develop the condition during their lifetime®. The
PRS model for type 2 diabetes includes 47 variants and was
developed based on the variants identified in a study that
analyzed genomes of over 41,000 individuals of European
ancestry affected by the condition®. Heritability of
type 2 diabetes is about 70%'°. The performance of the

developed PRS model was evaluated using affected and
non-affected individuals from UK Biobank (see Table B for
cohort definitions) and the results are presented in Tables
1-3 and Figures 1-3. The developed model demonstrated
modest predictive performance (AUC 0.593), below the
performance of previously published PRS models for type
2 diabetes (AUC - 0.64% and 0.58 — 0.65%°).

| Number of individuals 408,885 Features AUC (95% CI)

| Number of cases (%) 28,649 (7.0) PRS 0.593 (0.590, 0.597)

| Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.649 (0.647, 0.652)
Number of females (%) 187,880 (45.9) PRS + covariates 0.674 (0.670, 0.677)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.60 (0.56, 0.63) 0.61 (0.58, 0.65)
1025 | 0.75 (0.71, 0.78) 0.76 (0.73, 0.79)
25-40 0.87 (0.83, 0.91) 0.87 (0.84, 0.91)
40-60 1.00 (0.96, 1.04) 1.00 (0.96, 1.04)
60-75 1.22 (1.17, 1.27) 1.20 (1.16, 1.25)
75-00 1.41 (1.36, 1.47) 1.37 (1.32, 1.42)
90-95 1.64 (1.56, 1.73) 1.57 (1.50, 1.65)
95-99 1.94 (1.83, 2.05) 1.82 (1.74, 1.92)
99-100 | 2.58 (2.36, 2.82) 2.34 (2.16, 2.52)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.21 Dupuytren’s Disease

Dupuytren's disease is very common among people of some
ethnicities; up to one in four people of European descent are
affected by the condition!’. The PRS model for Dupuytren's
disease includes 25 variants and was developed based on
the variants identified in a study that analyzed genomes of
about 8,000 individuals of European ancestry affected
by the condition!®. Heritability of Dupuytren's disease
is about 80%%, of which 11% was explained by the variants
identified!®*. The performanceof the developed PRS model

was evaluated using affected and non-affected individuals
from UK Biobank (see Table B for cohort definitions) and the
results are presented in Tables 1-3 and Figures 1-3. The
developed model demonstrated good predictive performance
(AUC 0.681). To the best of our knowledge, the performance
of other PRS models for Dupuytren’s disease has not been
published, however, a relative risk for developing a bilateral
diseases for the top quartile (OR 1.78, >75%/<25%) was
reported for a similar PRS model'®,

| Number of individuals 408,885 Features AUC (95% CI)

| Number of cases (%) 4,318 (1.1) PRS 0.681 (0.675, 0.689)

| Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.737 (0.729, 0.744)
Number of females (%) 187,880 (45.9) PRS + covariates 0.790 (0.784, 0.795)

Table 1: Validation cohort characteristics.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.41 (0.34, 0.49) 0.41 (0.34, 0.50)
1025 | 0.60 (0.52, 0.68) 0.60 (0.52, 0.69)
25-40 0.79 (0.70, 0.90) 0.79 (0.70, 0.90)
40-60 1.00 (0.90, 1.12) 1.00 (0.90, 1.11)
60-75 1.48 (1.33, 1.65) 1.47 (1.33, 1.64)
75-90 2.10 (1.00, 2.32) 2.08 (1.89, 2.30)
90-95 2.81 (2.49, 3.18) 2.7 (2.46, 3.12)
95-99 4,09 (3.64, 4.60) 3.99 (3.56, 1.48)
99-100 | 5.99 (5.08, 7.08) 5.77 (4.91, 6.77)

Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.

Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.22 Gout

Gout is a common disease; one in 50 people will develop the
condition during their lifetime®. Gout happens when uric
acid builds up in the body. The PRS model for gout includes 29
variants and was developed based on the variants identified
in a study that analyzed genomes of ~140,000 individuals of
European ancestry with normal and abnormal serum urate
levels as well as people affected by gout!®. Heritability of
urate levelsis up to 60%'%and about 7% of it was explained by

the variants identified!®®. The performance of the developed
PRS model was evaluated using affected and non-affected
individuals from UK Biobank (see Table B for cohort definitions)
and the results are presented in Tables 1-3 and Figures 1-3.
The developed model demonstrated good predictive
performance (AUC 0.641), but below the performance of a

previously published PRS model for gout (AUC 0.68%).

Number of individuals 408,885 Features AUC (95% CI)
Number of cases (%) 8,574 (2.1) PRS 0.641 (0.635, 0.647)
Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.775 (0.771, 0.780)
Number of females (%) 187,880 (45.9) PRS + covariates 0.807 (0.803, 0.812)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.39 (0.34, 0.44) 0.39 (0.35, 0.45)
10-25 0.61 (0.56, 0.67) 0.61 (0.56, 0.67)
25-40 0.81 (0.74, 0.88) 0.81 (0.75, 0.88)
40-60 1.00 (0.93, 1.07) 1.00 (0.93, 1.07)
60-75 1.21 (1.12, 1.30) 1.20 (1.12, 1.29)
75-90 1.52 (1.42, 1.63) 1.51 (141, 1.61)
90-95 2.01 (1.84, 2.20) 1.98 (1.82, 2.15)
95-99 2.85 (2.62, 3.10) 2.75 (2.54, 2.99)
99-100 | 4.21 (3.71, 4.78) 3.97 (3.53, 4.47)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.23 Osteoporosis

Osteoporosis is a very common disease; one in threewomen
and one in five men 50 years or older will have fractures
due to osteoporosis during their lifetime®’. The PRS model for
osteoporosis includes 1,146 variants and was developed based
on the variants identified in a study that analyzed genomes
of ~400,000 individuals of European ancestry with normal
and abnormal bone mineral density!® . Heritability of
osteoporosis is about 60 - 90%!%%!1% The performance of

the developed PRS model was evaluated using affected
and non-affected individuals from UK Biobank (see Table B
for cohort definitions) and the results are presented in Tables
1-3 and Figures 1-3. The developed model demonstrated
good predictive performance (AUC 0.678), exceeding the
performance of the previously published PRS models for
osteoporosis (AUC 0.59'1, 0.6041%),

Number of individuals 272,623 Features AUC (95% CI)
Number of cases (%) 3,799 (1.4) PRS 0.678 (0.671, 0.687)
Median age (25 & 75 percentiles) | 67.2 (59.7 & 72.5) Covariates 0.661 (0.653, 0.670)
Number of females (%) 124,702 (45.7) PRS + covariates 0.725 (0.718, 0.735)

Table 1: Validation cohort characteristics.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.46 (0.38, 0.56) 0.46 (0.39, 0.56)
10-25 0.53 (0.46, 0.62) 0.54 (0.46, 0.62)
25-40 0.78 (0.68, 0.89) 0.78 (0.68, 0.89)
40-60 1.00 (0.89, 1.12) 1.00 (0.89, 1.12)
60-75 1.36 (1.21, 1.52) 1.35 (1.21, 1.51)
75-90 1.96 (1.76, 2.17) 1.94 (1.75, 2.15)
90-95 2.87 (2.53, 3.26) 2.81 (2.49, 3.19)
95-99 3.82 (3.37, 4.33) 3.70 (3.28, 4.18)
99-100 | 6.58 (5.54, 7.80) 6.20 (5.28, 7.29)

Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.

Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.24 Rheumatoid Arthritis

Rheumatoid arthritis (RA) is a common disease; one in 28
women and one in 60 men will develop the condition
during their lifetime!'2. The PRS model for RA includes 94 vari-
ants and was developed based on the variantsidentified
ina study that analyzed genomes of over 18,000 individuals
of European ancestry and over 11,700 individuals of Asian
ancestry affected by RA'3, The developed model includes
a tag SNP for the HLADRB1*0401 allele, a strong ge-
netic risk factor for RA conferring 3.35-fold increased risk
for the disease!'*. Heritability of RA is about 60%''*, of which

4.7% and 3.8% was explained by variants discovered in Euro-
peans and Asians, respectively''. The performance of the
developed PRS model was evaluated using affected and
non-affected individuals from UK Biobank (see Table B for co-
hort definitions) and the results are presented in Tables 1-3
and Figures 1-3. The developed model demonstrated modest
predictive performance (AUC 0.579). To the best of our knowl-
edge, the performance of other PRS models for RA has not
been published yet.

| Number of individuals 408,885 Features AUC (95% CI)

| Number of cases (%) 7,844 (1.9) PRS 0.579 (0.572, 0.584)

| Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.631 (0.624, 0.636)
Number of females (%) 187,880 (45.9) PRS + covariates 0.652 (0.646, 0.656)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.79 (0.72, 0.87) 0.79 (0.72, 0.88)
1025 | 0.90 (0.83, 0.98) 0.90 (0.83, 0.98)
25-40 0.88 (0.81, 0.95) 0.88 (0.81, 0.96)
40-60 1.00 (0.93, 1.08) 1.00 (0.93, 1.08)
60-75 1.18 (1.09, 1.27) 1.17 (1.09, 1.26)
75-00 1.41 (1.31, 1.52) 1.40 (1.31, 1.51)
90-95 1.79 (1.62, 1.97) 1.76 (1.60, 1.94)
95-99 2.09 (1.89, 2.31) 2.05 (1.86, 2.26)
99-100 | 2.70 (2.30, 3.16) 2.62 (2.25, 3.05)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.

simplify

genomics

QUESTIONS? | SUPPORT.SIMPLIFYGENOMICS.COM



EFFECTIVE: 06/02/2026 v1.02

simplify

genomics

PRS PERFORMANCE

2.25 Alzheimer’s Disease

Alzheimer’s disease is a very common condition; one in 10
people 65 years or older willdevelop the diseaseduring their
lifetime!*®, The PRS model for Alzheimer’s disease includes 20
variants and was developed based on the variants identified
in a study that analyzed genomes of over 25,500 individuals
of European ancestry affected by Alzheimer’s disease!’. The
developed model includes the APOE e4 variant, a strong

for Alzheimer’s disease by itself'!8, Heritability of Alzheimer’s
disease is ~60-80%'%°. The performance of the developed
PRS model was evaluated using affected and non-affected
individuals from UK Biobank (see Table B for cohort definitions)
andthe results are presented in Tables 1-3 and Figures 1-3.The
developed model demonstratedgood predictive performance
(AUC  0.696), slightly below the performance of

genetic risk factor conferring ~3.60 fold increased risk comparable published PRS models (AUC 0.715 — 0.745'%°).
Number of individuals 408,885 Features AUC (95% CI)
Number of cases (%) 873 (0.2) PRS 0.696 (0.678, 0.714)
Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.787 (0.778, 0.802)
Number of females (%) 187,880 (45.9) PRS + covariates 0.830 (0.818, 0.844)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.71 (0.48, 1.03) 0.71 (0.48, 1.03)
10-25 | 0.89 (0.65, 1.21) 0.89 (0.65, 1.21)
25-40 0.90 (0.66, 1.22) 0.90 (0.66, 1.22)
40-60 1.00 (0.76, 1.32) 1.00 (0.76, 1.32)
60-75 1.31 (0.99, 1.72) 1.31 (0.99, 1.72)
75-90 2.87 (2.27, 3.63) 2.86 (2.26, 3.62)
90-95 3.94 (2.99, 5.19) 3.92 (2.98, 5.16)
95-99 5.03 (3.82, 6.62) 5.00 (3.80, 6.58)
99-100 15.37 (11.41, 20.70) 15.10 (11.25, 20.26)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.26 Multiple Sclerosis

Multiple sclerosis is a rare disease; one in 750 people will de-
velop multiple sclerosis during their lifetime!??. The PRS
model for multiple sclerosis includes 102 variants and was
developed based on the variants identified in studies that
analyzed genomes of over 46,000 individuals of European
ancestry affected by multiple sclerosis'?*!?®, The developed
model includes both non-HLA and HLA alleles as the both
types contribute to the disease pathogenesis'?®. Heritabili-
ty of multiple sclerosis is ~25-76%"'%*and ~28% was explained

by the variants discovered!??. The performance of the
developed PRS model was evaluated using affected and
non-affected individuals from UK Biobank (see Table B for co-
hort definitions) and the results are presented in Tables 1-3
and Figures 1-3. The developed model demonstrated good
predictive performance (AUC 0.692), comparable to
the performance of a previously published model (AUC
0.70'%).

Number of individuals 408,885 Features AUC (95% CI)
Number of cases (%) 1,871 (0.5) PRS 0.692 (0.680, 0.706)
Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.623 (0.613, 0.634)
Number of females (%) 187,880 (45.9) PRS + covariates 0.724 (0.714, 0.737)

Table 1: Validation cohort characteristics.

Percentile

Frequency
B-—meme— 11

B -1 10
e mmmmmmmal 40
R — - 60
- -—_—_lo5

R . .| 25
T _ 1 75
e —————-190
Fo=mismmmmnid 99

i

—
o
-
i
-
~N
-
w

14 PRS

Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.

Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.39 (0.29, 0.53) 0.39 (0.29, 0.53)
10-25 0.62 (0.50, 0.76) 0.62 (0.50, 0.76)
25-40 0.82 (0.68, 1.00) 0.82 (0.68, 1.00)
40-60 1.00 (0.84, 1.19) 1.00 (0.84, 1.19)
60-75 1.43 (1.21, 1.69) 1.43 (1.21, 1.69)
75-00 2.24 (1.02, 2.61) 2.23 (1.91, 2.59)
90-95 3.39 (2.83, 4.05) 3.36 (2.82, 4.02)
95-99 4.62 (3.87, 5.50) 4.56 (3.84, 5.43)
99-100 6.40 (4.99, 8.20) 6.29 (4.92, 8.03)
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Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.27 Parkinson’s Disease

Parkinson’s disease is a common condition; one in 100
people 65 years or older will develop the disease during their
lifetime!?®. The PRS model for Parkinson’s disease includes
46 variants and was developed based on the variants
identified in a study that analyzed genomes of over 26,000
individuals of European ancestry affected by Parkinson’s
disease'?’. Heritability of Parkinson’s disease is ~35-60%"%%,
The performance of the developed PRS model was

evaluated using affected and non-affected individuals from
UK Biobank (see Table B for cohort definitions) and the results
are presented in Tables 1-3 and Figures 1-3. The developed
model demonstrated modest predictive performance (AUC
0.593), slightly below the performance of a published
PRS model for Parkinson’s disease (AUC 0.61%%°).

Number of individuals 408,885 Features AUC (95% CI)
Number of cases (%) 1,762 (0.4) PRS 0.593 (0.581, 0.602)
Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.739 (0.730, 0.749)
Number of females (%) 187,880 (45.9) PRS + covariates 0.756 (0.747, 0.765)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.64 (0.51, 0.79) 0.64 (0.51, 0.79)
10-25 0.65 (0.54, 0.78) 0.65 (0.54, 0.78)
25-40 0.91 (0.77, 1.07) 0.01 (0.77, 1.07)
40-60 1.00 (0.86, 1.16) 1.00 (0.86, 1.16)
60-75 1.19 (1.02, 1.39) 1.19 (1.02, 1.39)
75-00 1.34 (1.15, 1.56) 1.33 (1.15, 1.55)
90-95 1.63 (1.33, 1.99) 1.63 (1.33, 1.99)
95-99 1.95 (1.59, 2.39) 1.94 (1.59, 2.38)
99-100 | 2.67 (1.95, 3.66) 2.65 (1.94, 3.62)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.

simplify

genomics

QUESTIONS? | SUPPORT.SIMPLIFYGENOMICS.COM



EFFECTIVE: 06/02/2026 v1.02

simplify

genomics

PRS PERFORMANCE

2.28 Asthma

Asthma is a very common disease; one in 13 people
currently have asthma®*’. The PRS model for asthma
includes 17 variants and was developed based on the
variants identified in a study that analyzed genomes of
~20,000 individuals of European ancestry affected by
asthma®®!. Heritability of asthma is ~35-95%"** and ~3.5% was
explained by the variants identified'®!. The performance of

the developed PRS model was evaluated using affected
and non-affected individuals from UK Biobank (see Table B for
cohort definitions) and the results are presented in Tables 1-3
and Figures 1-3. The developed model demonstrated modest
predictive performance (AUC 0.559), below the performance
of the previously published PRS model for asthma (AUC 0.63%).

Number of individuals 321,105 Features AUC (95% CI)
Number of cases (%) 57,385 (17.9) PRS 0.559 (0.556, 0.561)
Median age (25 & 75 percentiles) | 67.4 (59.8 & 72.4) Covariates 0.540 (0.537, 0.542)
Number of females (%) 148,704 (46.3) PRS + covariates 0.570 (0.568, 0.573)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.71 (0.69, 0.74) 0.75 (0.73, 0.78)
10-25 0.84 (0.81, 0.87) 0.86 (0.84, 0.89)
25-40 0.90 (0.87, 0.92) 0.91 (0.89, 0.94)
40-60 1.00 (0.97, 1.03) 1.00 (0.98, 1.02)
60-75 1.09 (1.06, 1.12) 1.07 (1.05, 1.10)
75-00 1.22 (1.18, 1.26) 1.18 (1.15, 1.20)
90-95 1.41 (1.35, 1.47) 1.32 (1.27, 1.36)
95-99 1.55 (1.48, 1.62) 141 (1.37, 1.46)
99-100 | 1.76 (1.62, 1.91) 1.55 (1.46, 1.65)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.29 COPD

COPD is a very common disease; one in five people 55years or
older will develop the condition during their lifetime®®3, The
PRS model for COPD includes 22 variants and was developed
based on the variants identified in a study that analyzed
genomes of ~25,000 multiethnic individuals (Europeans,
African Americans, Koreans, and Hispanics) affected by
COPD***, Heritability of COPD is ~60%'%*°. The performance of

the developed PRS model was evaluated using affected
and non-affected individuals from UK Biobank (see Table B
for cohort definitions) and the results are presented in Tables
1-3 and Figures 1-3. The developed model demonstrated
modest predictive performance (AUC 0.566), slightly below
published PRS models for COPD (AUC 0.58 — 0.60*3¢),

Number of individuals 112,543 Features AUC (95% CI)
Number of cases (%) 10,555 (9.4) PRS 0.566 (0.559, 0.571)
Median age (25 & 75 percentiles) | 65.8 (58.5 & 71.3) Covariates 0.665 (0.661, 0.670)
Number of females (%) 46,025 (40.9) PRS + covariates 0.676 (0.672, 0.681)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.67 (0.62, 0.74) 0.70 (0.64, 0.75)
1025 | 0.76 (0.70, 0.81) 0.77 (0.72, 0.83)
25-40 0.88 (0.82, 0.94) 0.89 (0.83, 0.95)
40-60 1.00 (0.94, 1.07) 1.00 (0.94, 1.06)
60-75 1.08 (1.01, 1.15) 1.07 (1.01, 1.14)
75-00 1.25 (1.17, 1.33) 1.22 (1.15, 1.20)
90-95 1.37 (1.25, 1.50) 1.32 (1.22, 1.43)
95-99 1.52 (1.38, 1.67) 1.45 (1.33, 1.57)
99-100 | 1.58 (1.33, 1.88) 1.50 (1.20, 1.74)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.30 Age-Related Macular Degeneration

Age-related macular degeneration is a very common
disease; one in 15 adults age 40 and older has some
degree of macular degeneration®®”. The PRS model for age-
related macular degeneration includes 46 variants and was
developed based on the variants identified in a study that
analyzed genomes of over 16,000 individuals of European
ancestry affected by the condition!®. Heritability of age-
related macular degeneration is 45-70%'* and 27.2% was

explained by the variants discovered!®. The performance
of the developed PRS model wasevaluated using affected
and non-affected individuals from UK Biobank (see Table B for
cohort definitions) and the results are presented in Tables 1-3
and Figures 1-3. The developed model demonstrated modest
predictive performance (AUC 0.564), significantly below
the performance of a previously published PRS model for
age-related macular degeneration (AUC 0.8249).

| Number of individuals 408,885 Features AUC (95% CI)

| Number of cases (%) 6,648 (1.6) PRS 0.564 (0.557, 0.571)

| Median age (25 & 75 percentiles) | 67.1 (59.5 & 72.2) Covariates 0.706 (0.700, 0.710)
Number of females (%) 187,880 (45.9) PRS + covariates 0.714 (0.709, 0.720)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.90 (0.81, 1.00) 0.90 (0.81, 1.00)
1025 | 0.96 (0.87, 1.04) 0.96 (0.88, 1.04)
25-40 0.94 (0.86, 1.03) 0.94 (0.86, 1.03)
40-60 1.00 (0.92, 1.08) 1.00 (0.92, 1.08)
60-75 1.10 (1.01, 1.20) 1.10 (1.01, 1.20)
75-00 1.21 (1.12, 1.32) 1.21 (111, 1.31)
90-95 1.65 (1.49, 1.84) 1.64 (1.47, 1.82)
95-99 2.22 (2.00, 2.47) 2.18 (1.97, 2.42)
99-100 | 3.79 (3.27, 4.40) 3.64 (3.16, 4.20)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.31 Endometriosis

Endometriosis is a very common condition; one in ten
women will develop endometriosis during their
reproductive years!*!. The PRS model for endometriosis
includes 19 variants and was developed based on the
variants identified in a study that analyzed genomes
of ~15,000 women of European ancestry affected by
the condition'*?. Heritability of endometriosis is ~50%**

and 1.75% was explained by the variants discovered'*?. The
performance of the developed PRS model was evaluated
using affected and non-affected individuals from UK
Biobank (see Table B for cohort definitions) and the results
are presented in Tables 1-3 and Figures 1-3. The developed
model demonstrated modest predictive performance (AUC
0.552).

Number of individuals

221,005

Number of cases (%)

6,734 (3.0)

EFFECTIVE: 06/02/2026 v1.02

Median age (25 & 75 percentiles) | 66.8 (59.4 & 71.9)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort

with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic

regression to adjust for the covariates.

Percentile
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Features AUC (95% CI)
PRS 0.552 (0.545, 0.558)
Covariates 0.624 (0.616, 0.630)
PRS + covariates 0.633 (0.626, 0.640)

Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.71 (0.64, 0.79) 0.72 (0.65, 0.80)
1025 | 0.86 (0.79, 0.03) 0.86 (0.79, 0.94)
25-40 0.84 (0.77, 0.91) 0.84 (0.77, 0.91)
40-60 1.00 (0.93, 1.08) 1.00 (0.93, 1.08)
60-75 1.06 (0.98, 1.15) 1.06 (0.98, 1.15)
75-00 1.14 (1.05, 1.23) 1.13 (1.05, 1.22)
90-95 1.28 (1.15, 1.43) 1.27 (114, 1.42)
95-99 1.53 (1.36, 1.71) 1.50 (1.35, 1.67)
99-100 | 1.6 (1.34, 2.01) 1.61 (1.33, 1.95)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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2.32 Uterine Fibroids

Uterine fibroids are a very common condition; one in two
women will have fibroids by age 504 The PRS model for
uterine fibroids includes 21 variants and was developed based
on the variants identified in a study that analyzed genomes
of over 16,500 women of European ancestry affected by
the condition'*. Heritability of uterine 80% fibroids is
80%% and 10.8% was explained by the variants discovered*.

Number of individuals
Number of cases (%)
Median age (25 & 75 percentiles)

204,301
16,002 (7.9)
66.9 (59.4 & 71.9)

Table 1: Validation cohort characteristics.
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Figure 1: Distribution of the PRS in the validation cohort
with select percentiles.
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Figure 2: Odds ratios with 95% CI for each PRS percentile
bin. The predicted odds ratios were calculated using logistic
regression to adjust for the covariates.
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The performance of the developed PRS model was
evaluated using affected and non-affected individuals from
UK Biobank (see Table B for cohort definitions) and the results
are presented in Tables 1-3 and Figures 1-3. The developed
model demonstrated modest predictive performance (AUC
0.571).

Features AUC (95% CI)
PRS 0.571 (0.567, 0.576)
Covariates 0.506 (0.501, 0.509)
PRS + covariates 0.571 (0.567, 0.576)

Table 2: The predictive performance of the genetics-only PRS
model as compared to the covariates-only and the combined
(PRS- covariates) models. Covariates refer to age, sex and
ancestry. For "Covariates" and "PRS+covariates" logistic re-
gression was used to calculate the AUC.

PRS bin | Odds ratio (95% CI) | Risk ratio (95% CI)
0-10 0.66 (0.62, 0.71) 0.68 (0.63, 0.73)
1025 | 0.80 (0.76, 0.85) 0.82 (0.77, 0.86)
25-40 0.91 (0.86, 0.96) 0.91 (0.87, 0.96)
40-60 1.00 (0.95, 1.05) 1.00 (0.95, 1.05)
60-75 1.12 (1.06, 1.18) 1.11 (1.06, 1.17)
75-00 1.28 (1.22, 1.35) 1.25 (1.20, 1.32)
90-95 1.51 (1.40, 1.62) 1.45 (1.36, 1.55)
95-99 1.69 (1.57, 1.83) 161 (1.50, 1.72)
99-100 | 2.13 (1.8, 2.42) 1.96 (1.76, 2.19)

Table 3: Observed odds ratios and risk ratios with 95% CI
for each PRS percentile bin. The 40-60 bin was defined as the
reference group. Odds ratio and risk ratio (also called "relative
risk") for each bin were calculated by comparing to this group.
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Figure 3: Prevalences with 95% CI for each PRS percentile
bin. The observed prevalences were calculated by dividing the
number of cases in each PRS percentile bin by the total num-
ber of individuals in the bin. The predicted prevalences were
calculated using logistic regression on PRS and the covariates.
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3.1 Development of PRS models

3.1.1 Variant Extraction for PRS Models

The variants included in the PRS models were extracted from
genome-wide association studies (GWASs, Table A). For each
disease of interest, a literature search was conducted and
the GWAS articles were prioritized using the following criteria:

* Recent studies published in a respected journal by
a well-established research group with a good track
record (e.g., a consortium of researchers that
periodically publish GWASs in a given disease
area)

¢ Studies with well-defined cohorts, e.g., criteria to
diagnose a disorder, sex, ethnicity, age, and other
details of the studied individuals were provided in
the article

e Studies with large
exceeding 5,000 cases

* Studies with reproducible results, e.g. discovered
variants or loci were confirmed as significant by other
studies

e Studies that included a step of confirming loci
independence

* Studies that are accompanied by building a PRS model
and  evaluating its  performance. Additional
criteria were utilized to select articles based on the
PRSs performance:

e Studies that describe PRSs performing with
higher AUC

e Studies that describe the percentage of
disease heritability that the model explains

e Studies that calculate relative and/or
absolute risk for developed models

sample sizes, preferably

After selecting the best GWAS article for a given disease using
the criteria above, an additional set of parameters were used
to select variants to be included in a PRS for a given disease.
The following logic was used:

© SIMPLIFY GENOMICS

¢ If a PRS model was built in the same or a subsequent
study, the variants comprising this PRS model were
extracted.

e If no PRS was built, but explained heritability was
evaluated by a specific set of variants, this set of
variants was extracted.

* In cases when PRS model or explained
heritability estimates were not available or
variants comprising them were not clearly

stated, the variants were extracted based on the
p-value threshold. Specifically:

e For studies including discovery and
replication phases, discovery phase p-value
should be < 5x10% and replication phase <
0.05.

e For studies including discovery and
meta-analysis, p-value of the discovery
phase should be < 5x108and p-value of meta-
analysis phase should be lower than thatin
the discovery phase.

e For studies including meta-analysis only,
p-value should be < 5x108.

After the variants and their associated weights for each
model were extracted, a set of QC steps were performed
to avoid human errors, inaccuracies from hgl9 to hg38
liftover and other artefacts. The variant coordinates, alleles,
and identifiers were verified with records of dbSNP,
variants’ expected allele frequency was verified using allele
frequencies in gnomAD®and UK Biobank. Concordance with
variant records extracted by the GWAS catalog'* curators
was also evaluated and discrepancies investigated.

As the last step of defining the variant sets for each PRS
model, each variant was evaluated on whether it can be
successfully detected by Simplify Genomics’ CLIA-validated
whole-genome sequencing assay. The variants meeting the
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following criteria were further filtered out: 1) variants that
are not single nucleotide variants (SNV), small insertions
(< 7bp), or small deletions (< 7bp); 2) variants outside of the
high-confidence region (~93.25% of whole genome) defined
by Simplify Genomics based on the Illumina platinum genome
for the GRCh38/hg38 reference assembly; 3)variantsthatare
not successfully called in at least 95% of samples. The resultant
sets of variants included in each PRS model is provided in the
supplement to the Genomic Clinical Report*°.

3.1.2 PRS Calculation

A polygenic risk score for a given disease was calculated as
the sum of the number of risk alleles multiplied by a variant-
specific weight, i.e.,

PRS = W; X; 1)
IES
where S is the set of N variants comprising the PRS model,
w,is the weight associated with variant i, and X.is the number
of risk alleles for variant i observed in the input genome.

3.1.3 PRS Percentile Calculation

A percentile is a measure indicating the value below which
a given percentage of observations in a group of observations
falls. For example, the 20™ percentile is the value (or score)
below which 20% of the observations may be found.

For the reporting in the Genomic Clinical Report, a
percentile rank was calculated for each PRS result as
compared to PRS of research participants who had
European ancestry. The European ancestry of research
participants was determined based on the ancestry computed
from the individuals’ genomes and defined by the combined
proportion of categories “Western European”, “Eastern
European” and “South European” being equal to or
exceeding 60% for each included individual as suggested

previously®!.
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3.2 Validation of PRS Models Using UK Biobank
3.2.1 Cohorts in the Validation Dataset

The UK Biobankisa prospective cohort study with deep genetic,
physical and health data collected on ~500,000 individuals
across the United Kingdom from 2006-2010%. We use data
of the UK Biobank cohort to evaluate performance of
the PRS models included in the Genomic Clinical Report. Only
individuals of European ancestry (as defined by code 1002 in
table 22006 “Genetic ethnic grouping”) were included in the
validation cohort. For each disease, case ascertainment was
done based on a combination of self-report in an interview
with a trained nurse, hospital admission diagnosis records
(ICD10 and ICD9 codes), operation procedure records
(OPCS4 codes), and records of causes of death. For
some diseases and phenotypes, e.g., myopia and lipid levels,
specific measurements were used instead of the
diagnosis codes. Unaffected individuals served as
controls. Full details on the generation of the case and
control cohorts for each disease are provided in Table B.
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Figure 4: Risk allele frequency in the validation cohort of
UK Biobank and the cohort of research participants.
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3.2.2 PRS Calculation in the Validation Dataset were defined using the hg38 reference genome.
We converted the risk alleles’ distinct genomic

We evaluated 32 PRS models listed in Table A. As a coordinates from hg38 to hgld using “pyliftover

validation dataset, we considered UK Biobank genetic
dataset version 3, which contains imputed genomic data for
97,059,328 variants for 487,395 participants.

0.4”. All genomic coordinates were successfully
mapped to hgl9 with the exception of rs386000, for
which we used the hgl9 coordinates as reported

In order to the prepare the UK Biobank data for in the original publication®.
computing PRSs we proceeded as follows: * Extraction and Filtering. We used HAIL 0.2 to
extract UK Biobank genotypes corresponding to
* Liftover. The UK Biobank dataset uses the hgl9 the PRS models’ loci. Only variants for which the

imputation score was greater than 0.8 were used,
the remainder were imputed to allele frequencies
observed in the research cohort.

reference genome, whereasrisk allelesfor PRSmodels
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Figure 5: Contribution of indels to PRS models, as fraction Figure 6: Comparison of PRS distribution and quantiles
of effects from indels to the effect of all model variants. for basal cell carcinoma (the most discordant model) and

coronary artery disease (a concordant model) in UK
Biobank and research participants.
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(1) was used to calculate PRSs for each disease and each
participant of the UK Biobank cohort.

As UK Biobank and Simplify Genomics use different
assay types, genotyping and whole-genome sequencing,
respectively, we evaluated concordance of variant detection
between the validation cohort (N=409,677) and the cohort
of research participants (N=3,091) defined as described
above. Specifically we calculated and compared risk
alleles frequencies in both cohorts.Frequencies of single
nucleotide variants were concordant but frequencies
of many indels (insertions or deletions) had significant
discrepancies with some indels being more frequent in one
cohort or another (Figure 4).

To evaluate the impact of indel detection discrepancies on
the validation results, we assessed the contribution of indels to
each model by calculating the ratio of sum of indel weights
to the weights of all model variants (Figure 5). Osteoporosis
model had the highest contribution of indels (15.8% of
total weight) and its predictive performance could have
been impacted the most. We compared the performance of
the PRS models with and without indels in the UK Biobank
cohort by calculatingthe AUCs (see section 3.2.3 for detail).
We did not observe any significant differences in the AUCs
for any model. Osteoporosis model benefited the most
from including indels, but it was reflected as only 0.5% AUC
increase in its discriminative power.

To further confirm concordance of the PRS distributions in the
validation cohort of UK Biobank and the cohort of research
participants, we performed a calibration analysis. We
calculated and compared the PRS quantiles using QQplots.
The UK Biobank and research PRS distributions differed at the
tails (very high (>90™) and very low (<10™) percentiles) - the
result of differences in indel allele frequencies between
these cohorts as described above. However, the distributions
did not display any major discrepancies for the rest of the PRSs
(10— 90" percentiles). The distribution for the most discordant

© SIMPLIFY GENOMICS

model (with the most extreme Mann—Whitney U test’s
P-value), a model for basal cell carcinoma, is shown in
Figure 6 for illustration.

As indels allele frequency was not concordant between the
research and the validation datasets, and their exclusion did
not significantly impact the discriminative power of the
models, indels were removed from all models for the
purposes of the validation. All metrics including AUCs and
percentiles provided in this paper are presented for the PRS
models with indels excluded. The Genomic Clinical Report
provides results with indels included; the variants included

inin each model are listed in the report supplement®*.

3.2.3 AUC Calculation

To evaluate the discrimination performance of the PRS
models, i.e., the ability of PRS to distinguish between low-
risk and high-risk individuals, we calculated the area under
the receiver operating characteristic curve (AUC), which is
a metric measuring how far apart the PRS distributions
for cases and controls are. We calculated the AUC of each
RPS model using the Python package scikitlearn (function
metrics.roc_auc_score). We used bootstrap resampling with
replacement to generate 95% confidence intervals for AUC.

To assess the utility of PRS in predicting disease risk, we
compared AUCs of PRS models to (i) models that
comprise common clinically relevant covariates (age, sex
and the first four principal components of ancestry), and (ii)
models that combine PRS and these covariates.

Such an approach is often used to evaluate the utility of
genetics-only models and the contribution of genetic
factors to disease risk prediction®°2 . As the latter two
scenarios contain multiple features, we first used a
logistic regression model to fit the outcome, and then
used the predicted probabilities returned by the models to
calculate the AUC.
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3.2.4 Odds Ratio and Risk Ratio Calculation

Odds ratio and risk ratio (also known as “relative risk”) are
two important metrics measuring the strength ofassociation
between a risk factor and risk. Odds ratio is well-suited for
case-control studies and offers a bridge to logistic regression
models where covariates can beadjusted (more below),
while risk ratio is easily interpretable; hence the two
metrics complement each other. In case of PRS,a risk ratio
shows how much increased (or decreased) risk is associated
with having a certain level of PRS compared to the population
average. For conditions with a small proportion of cases
(e.g., < 5%) or a moderate effect of PRS (e.g., odds ratio <
3), which include most of the diseases included in this
report, odds ratios give very similar values to risk ratios.

There are two ways to calculate the odds ratio: with or
without adjustment of covariates. To calculate odds ratios
without adjustment of covariates, we first defined a reference
subset of the validation cohort to be the individuals within
the 40 to 60 PRS percentile bin (“control group”) as this
group includes people having the average scores. Then, we
compared subsets of the cohort in other percentile ranges
(“carrier groups”: 0 — 10™, 10 — 25, 25 — 40", 60 — 75™, 75
—90™, 90 — 95™, 95 — 99", 99 - 100™") to the reference subset.
Specifically, for each comparison we tabulated the number of
cases and controls in both the control and carrier groups in a
2x2 contingency table and the observed odds ratios were
calculated following the standard odds ratio formula for the
contingency table. The observed risk ratios were calculated
in a similar fashion.

To calculate odds ratios with adjustment of covariates, we
defined the control and carrier groups similarly as before.
Then, we used a logistic regression model to predict the
case/control outcome of individuals in the two groups,
where the predictors were the binary group membership
variable, and the covariates. The adjusted odds ratio is equal
to the exponential of the coefficient of the binary group
membership variable. Because ofsuch different procedures,

© SIMPLIFY GENOMICS

we referred to the non-adjusted odds ratios as “observed”
and the adjusted odds ratios as “predicted” (Table 3 and Fig.
2 for each disease). Aside from adjusting for the
potential confounding bias introduced by the covariates,
the adjusted odds ratios also typically enjoy a tighter
confidence interval, since the covariates explain part of the
residual variance.

3.2.5 Prevalence Calculation

We also examined the risk of actually developing a
disease for the individuals with a given genetic burden. For
each of the PRS percentile bins as defined above (Figure
3 for each disease), we calculated the observed prevalence
by dividing the number of cases by the total number of
individuals in each bin. Like in case of the AUC and odds ratio,
we additionally calculated the predicted prevalence as the
average of the predicted probabilities of the individuals in
each percentile range returned by logistic regression models
with or without the covariates.
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3.3 Limitations

Even though UK Biobank is the most comprehensivedataset
for the evaluation of PRS models, and we have utilized high-
quality current GWAS articles for PRS models, there are a
number of limitations that need to be considered.

3.3.1 Limitations Affecting Model Development

PRS models only describe the contribution of genetic
background and do not account for other important
contributors, such as lifestyle and environmental factors.
This limitation is the main reason for the lower AUCs
displayed by genetic-only models when attempting to
predict disease risk.

PRS models only describe the contribution of genetic
background and do not account for other important
contributors, such aslifestyle and environmentalfactors.
This limitation is the main reason for the lower AUCs
displayed by genetic-only models when attempting to
predict disease risk.

PRS models provide genetic risk information based on
an assessment of specific genetic variants described in
the report supplement®, The models do not report on
the entire genetic profile and most importantly, by design,
exclude rare variants that contribute to the development
of monogenic forms of diseases.

Some variants that are significant in the GWAS studies
were removed from the models since they fall outside
of the CLIA-validated scope of Simplify Genomics’” Whole
Genome Sequencing Assay. See section 3.1.1 for more
detail.

3.3.2 Limitations Affecting Model Validation

EFFECTIVE: 06/02/2026 v1.02

UK Biobank is affected by the “healthy volunteer effect”?>3
as people who volunteer for research studies tend to
be, on average, more healthconscious. @ Compared
with the generalpopulation, UK Biobank participants
were less likely to be obese, to smoke, or to drink alcohol

© SIMPLIFY GENOMICS

on a daily basis and had fewer self-reported health
conditions® . At age 70-74 vyears, rates of all-cause
mortality and total cancer incidence were 46.2%
and 11.8% lower, respectively, in men and 55.5% and
18.1% lower, respectively, in women than in the general
population of the same age. As contribution of lifestyle
factors to the development of the studied common
diseases is significant, it is possible that due to healthier
lifestyle, less participants of the dataset developed the
corresponding conditions than expected in general
population, thus affecting the models’ performance.

For some models (venous thromboembolism and
osteoporosis) the validation data set is not independent
since the original GWASs were performed using UK
Biobank.

No validation was done in other ethnicities. The PRSs
developed were based on GWASsconducted based
on, predominantly, individualsof European descent. The
resultant models are expected to provide less accurate
results for individuals of other ethnicities. However,
no validation has been performed to quantify these
differences.

The variant sets for each model implemented in the
Genomic Clinical Report are not exactly identical to the
ones used for the validation in UK Biobank. The differences
arise from exclusion of indels from PRS calculation in
the UK Biobank cohort due to differences in their
detection between assays utilized by UK Biobank and
Simplify Genomics (see section 3.2.2 for more detail).
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Table A: The PRS models® detalls {number of variants, initial GWAS article, explained disease heritability) and performance metrics (AUC, odds ratio) accompanied by the performance metrics found in the
literature for comparable models. Covariates refer to age, sex and ancestry.

Homber Number of
of Validation . | Disease Heritability .
\Category Disease variants g:f:‘;l Cohort S:TI:‘ZE:L'“ ?;i' :c‘icarlatesiig:vcafraﬁ:} AUC[PRS)  Heritability |Explained m;;:%g?}s' Odds ratio (Literature)
in PRS Size Cohort v | (Literature)  ((Literature) |(Literature)
model |
Basal Cell | - 063 Ly 3 -
iinni 29 [23]  |408,885 |15,391(4.0) |0.606 [0.666 10696 s 40% 10.89% 2.06 - 2.64 (>86%,/<96%)
Bladder Cancer |12 (28]  |4p8,885 [2,758(0.7) |0.566 [0.764 lo.770 . Unknown |- 1.63 - 2.94 (>75%/<25%)'5
] -0.55-0.68 - 2.32 (>90%,/0-89%) 15
Braast Cancer 151 [321  [221,005 |14,609 (6.6) |0.617 [0.600 l0.654 Bk 305239 18%3 2.35 1,80 (-96%/<06%)>
-0.62
Colorectal Cancer |29 [42]  |408,885 |6,016 (1.5) |0.580 [0.682 l0.698 (women),  35%% 11.90% 1.62 - 1.69 (90-99%/25-75%) 57
0.64 {men)* |
|Cancer
|Predisposition ERronic
2 Lymphoeytic 37 [46]  |4D8,885 |726(02) |0.676 [0.699 10.755 - 20%* 2594 l4.07 - 3.64 (>80%,/40-60%)
Leukemia | o
| A 5
Melanoma 13 [50]  |4D8,885 [5,003(1.2) [0.578 [0.587 |0.617 ‘g'::n 1B0% 9% 1.70
Pancreatie Caneer 22 (521 |4ps,885 |939(02) [0.595 [0.681 l0.704 - 0.615 I I 2.03 - 1.98 (>B0%,/40-60%)"
] -0.59- - 3.3 (>75%/<25%)%
56 5
Prostate Cancer  [138 [55]  [187,880 |8,155 (4.3) [0.658 [0.721 l0.773 Qegrsa [50% 28436 3.32 158 (75%/<25K)5
Thyreid Cancer (10 [61]  |4D8,885 |619(02) |0.616 [0.632 lo.683 - I I 3.20 - 3.2 (>75%/<25%)%
| - 2.5 {>B0%/40-60%)%*
- L [ o L]
Celiae Disease 56 (65, 66] 408,885 [2,783 (0.7) |0.808 [0.579 l0.814 0.85 7% 549% 16.69 7.2 (B0K0-20%)
Digestive Health -0.75(c0} | . 40.64 (CD) and 16.45 (UC)
| Infl to 13% {CD) and
E"D:::;’;e;:e 231 |[71,72] 393,379 |5938(15) (0641 [0532 (0645  [and070 (70N B 2%{“2;:' 580 (80%,/<10%) 7
g™ ' - 2.43 (>90%,/0-90%) 5
| - 2.74 (»90%/0-50%) 5"
h +3 trl e
|Atrial Fibrillation (82 [76]  |4D8,885 [19,572(4.8) (0.622 [0.740 10.765 -0.647 50% la2% 2.45 281 (~30%/0-89%y
|Heart and Coronary Artery | Qs - 4.17 (>80%,/<20%)"
I I . - - LR -
Riicsiies itk Disasia 41 [79] 408,885 (22,387 (5.5) [0.576 |0.757 10.767 Ini::;:i;i 50— 0% 171 - 2,89 (=00%,/0-90%)150
Venaous ! - . i - 2.43 g -
. Thromboembolm 10 [84] 407,351 |14,122(3.5) |0.600 [0.616 ,.o.ass 40 -50%%  5.24% 4.62-4.90 (>95%/<95%)
| | - 0.58%% “ 1.47 - 2.17 (hazard ratio,
|Mental Health [Schizophrenia 160 [88]  |408885 |1096(0.3) |0.559 [0.584 l0.599 E 80% .  50%,/< 10%) =
HDLL Chol I 312 (93]  [317,466 |20,610 (9.6) |0.689 [0.705 10.786 - 40-50%>5 |12 337 3.57 -
LOL Cholesterol (218 93]  [345,736 {2;26’:]37 0.643 |0.567 (0861 2 l30.508245 |5 gun 5 14
. ) 135,959 ] % e
Metabolic Triglycerides 249 (931 pasor2 |t 0,629 |0.614 0672 . 50% 11% 2.43
‘Health -
Total Cholesteral  [225 93]  [346,335 f;'ii‘]""" 0.628 |0.567 10.647 -0.63% lmm”-* 8.9%% 2.20 - 2.54 (>960%,/<06%)™
= ; 064" | - 2.49 (>90%)™
Type 2 Diabetes |47 [99]  |408,885 |28,649(7.0) |0.593 [0.649 10.674 i o.ssuim 1.94 [ 504 o508y
::::::""’ 25 [101] |l4os,gss (4,318 (L1) |0.681 |0.737 l0.730 B ‘m’"' 115 4.09 1.78 [>75%/<25%) 1"
| - 1.16 (»90%,/<10%)**
! i 5 106 05
| uscutosketetal 21 29 [105]  |408,885 |8,574(2.1) |0.641 [0.775 10.807 0.68 |ams 7% 2.85 | 8,20 (30 /<1 0%
'Health ! - 059111 |
Osteoporosis 1,146 [[108] (272,623 (3,799(1.4) [0.678 |0.661 0725 o e |5o-goaaws.uu i 3.82
::;:m:mm 94 [113] |aps.gss (7,844 (L9) |0.579 [0.631 0652 I ‘mm 1847%5 2,09
Alzhelmer's -0.715- | i |
[ |pisease 20 [117] |408,885 |873(02)  |0.696 [0.787 10.830 0745 60-80% 5.03
Health Multiple Sclerosis 102 11122;] 408,885 |1,871(0.5) |0.692 |0.623 l0.724 - 0.70% 25-76%1  [28%% l4.62
Parkinson’s Disease |46 [127] |408,885 |1,762(0.4) [0.593 [0.739 lo.756 - 06112 |3s-gosie |- 1.95 . 3.16 (»80%,/<20%)'2
 — lAsthma 17 [131] (321,105 |[57,385 (17.9)/0.559 [0.540 los70 . 0.63% |35.059132  [3,506131 1.55 - 2.71 (>96%,/<06%)=
|Respi a0 g ee I Pol s s !
|Health coro 22 [134] [112,543 |10,555 (9.4) |0.566 [0.665 10676 ‘oi:,s,: 60%1"* R 1.52
lage-Related
[Sensory Health Macular 46 [138] 408,885 |6,648 (1.6) |0.564 [0.706 0.714 . 0.82140 45-709%%  [27.20¢1 2.22 - 44,0 (>90%,/<10%)*
Degeneration |
Women's End osis 19 [142] 221,005 |6,734(3.0) [0.552 [0.624 l0.633 - 50%1% 175914 1.53 -
[Health Uterine Fibroids 21 [145] [208,801 [16,092(7.9) [0.571 [0.506 los71 - 0% 10.8% 1.69 - 1.58 - 2.94 (>75%/<25%) %
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Table B: Case and control cohort definitions in UK Biobank. Cases: The ICD-9, ICD-10, and OPCS-4 codes were used to identify individuals in the tables: 41202 [Diagnoses - main 1CD10), 41204 (Diagnoses -
secondary ICD10), 40001 (Underlying {primary) cause of death: ICD10), 41203 (Diagnoses - main 1CD9), 41205 [Diagnoses - secondary 1009), 41200 (Operative procedures - main OPCS4), 41210 (Operative
procedures - secondary OPCS4). When provided ICD-9, ICD-10, or OPCS-4 code have subcodes, all subcodes were included {e.g., code C50 has subcodes C50.0-C50.9 and all subcodes were included).
Additionally, tables and codes specified in columns “Other” were used, primarily, 20001 {Cancer code, self-reported) and 20002 (Non-cancer iliness code, self-reported). Controls: participants who did not
have the codes specified for cases were included in the controls cohorts. Where ICD-10, ICD-9 and OPCS-4 codes are provided for controls, those individuals were excluded from controls.

Case Cohort Definitions Control Cohort Definitions
Categary Disease
IC0-10 ICD-9 OPCS-4 Other 1C0-10 {excl.) 1CD-9 (excl) | OPCS-4 (excl)
Basal Cell CarcinomajCa4 173 20001: 1061
Bladder Cancer 67 158 20001: 1035
Breast Cancer (50 174 20001: 1002
(Chirantc.Lymphocyid o4 2001 20001: 1055
\Cancer Leukemia
Predisposition Colarectal Cancer  |C18, €19, €20 153, 154 20001: 1020, 10232, 1023
Melanoma ca3 7z 20001: 1059
Pancreatic Cancer  |C35 |57 20001: 1026
Prostate Cancer C61 185 MEL 20001: 1044
Thyroid Cancer 173 153 20001: 1065
Celiac Disease K900 5730 20002: 1456, 21068: 1
Pigasthve Health: linfiammatary Bowell, o vy lsss 20002: 1461, 1462, 1463 [K52
Disease
|Atrial Fibrillation 148 14273 K571, K621, K622, K623, K624 20002: 1471
Heart and Vascular
ey Coronary Artery 121, 122, 123, 1241, |410, 4110, 412, K410, K402, K403, KAD4, KALL KAL2, |, o o o0
Disease 1252 142979 K413, K414, K451, K452, K453, K454, g % :
K455, K491, K492, K4S, K499, K502,
K751, K752, K753, K754, K758, K759
4510, 4512
Venous 1801, 1802, 1822, ; 181, 1820, 1800, 1803, £ 3
Thromboembolism 1260, 1268 |4511, 4532, 4151 |L791, 902 20002: 1068, 1094 1208, 1809, DS 14518, 4519,
4538, 286
F20, F21, F22,
Mental Health Schizophrenla F213, F24, F25, (295 20002: 1289, 20544: 2
F28, F29

(Only participants who had HDL cholesterol measurements in table 30760 were considered. People who were on a lipid-lowering medication or did not respond

HOL Cholesteral whether they are on a lipid-lowering medication were excluded from both cases and controls. Participants with HOL cholesterol level <= 40 mgfdL were
rconsidered cases and participants with HDL cholesterol level > 40 mg/dL were considered controls.
Only participants who had LDL cholesterol measurements in table 30780 were considered. People who were on a lipid-lowering medication or did not respond
LDL Cholesterol whether they are on a lipid-lowering medication were excluded from both cases and controls. Participants with LDL cholesteraol level >= 130 mg/dL were

rconsidered cases and participants with LDL cholesterol level < 130 mg/dL were considered controls.

(Only participants who total cholesterel measurements In table 30780 were considered. People who were on a lipid -lowering medication or did not respond
whether they are on a lipid-lowering medication were excluded from both cases and controls. Participants with total cholesterol level >= 200 mg/fdL were
considered cases and participants with total cholesterol level < 200 mg/dL were considered controls.

1Only participants who had triglycerides measurements in table 30780 were considered. People who were on a lipid -lowering medication or did not respond

Metabolic Health
Total Cholesteral

Triglycerides whether they are an a lipid-lowering medication were excluded from both cases and controls. Participants with triglycerides level == 150 mg/dL were considered
cases and participants with triglycerides level < 150 mg/dL were considered controls.
Type 2 Diabetes Eil 20002: 1223, 2443:1,6177: 3
Dupuytren’s disease M720 7286 20002: 1544
Gout M10 274 20002: 1466
Musculsekalatal (Only participants who had heel bone mineral density (BMD) T-score (fields 77, 78) measurements or respanded on whether they had any fractured/broken bones
Health Osteoporosis in last 5 years (field 2463) prior to the baseline assessment were cansidered. Participants with either BMD T-seore of less than -2.5 or having a fracture were
wonsidered cases and the rest were considered controls.
Rheumatoid
larthritis M0s, MOG 7140 20002: 1464
Alzheimer's Disease [G30, FOD 20002: 1263
Neurological Health [Multiple Sclerosis  [G35 (340 20002: 1261
Parkinson’s Disease (G20 332 20002: 1262
:.232:,15213‘ Lf;‘ LLZ;; 477, 680, 691,
: ; . , L24, L25,
lasthma 45 lies (;‘152. 8, 20002: 1111, 22127 26, 127, 128, (26, f:;i::ig:?
o _ 130, T784, 140, 141, 496' ’
espiratary Healt! 142, 143, 184
(Only participants who had spirometric measurements FEV1, predicted FEV1 and FVC in tables 20150, 20153 and 20151, respectively, were considered.
COPD Participants with FEV1 / predicted FEV1 ratio < 80% and FEV1 / FVC ratio < 70% were considered cases, and participants with the two ratios > 80% and > 0%,
respectively, were considered controls as described in'*.
Age-Related
[Sensory Health Macular H353 (3625 20002: 1528, 6148: 5
Degeneration
Endometriosis NEO 6197 20002: 1402
Women's Health acez, aoz,
Uterine Fibroids D25 (218 20002: 1351 ‘008, Qos, Qis,
a1z
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