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Genetic proxies for clinical traits
are associated with increased risk
of severe COVID-19

N.J. M. Chaddock?, S. S. R. Crossfield', M. Pujades-Rodriguez?, M. M. lles??3 &
A.W. Morgan%23%

Routine use of genetic data in healthcare is much-discussed, yet little is known about its performance
in epidemiological models including traditional risk factors. Using severe COVID-19 as an

exemplar, we explore the integration of polygenic risk scores (PRS) into disease models alongside
sociodemographic and clinical variables. PRS were optimized for 23 clinical variables and related traits
previously-associated with severe COVID-19 in up to 450,449 UK Biobank participants, and tested

in 9,560 individuals diagnosed in the pre-vaccination era. Associations were further adjusted for (i)
sociodemographic and (ii) clinical variables. Pathway analyses of PRS were performed to improve
biological understanding of disease. In univariate analyses, 17 PRS were associated with increased
risk of severe COVID-19 and, of these, four remained associated with COVID-19 outcomes following
adjustment for sociodemographic/clinical variables: hypertension PRS (OR=1.1, 95%Cl 1.03-1.18),
atrial fibrillation PRS (OR=1.12, 95%Cl 1.03-1.22), peripheral vascular disease PRS (OR=0.9,

95%Cl 0.82-0.99), and Alzheimer’s disease PRS (OR =1.14, 95%Cl 1.05-1.25). Pathway analyses
revealed enrichment of genetic variants in pathways for cardiac muscle contraction (genes N=5;
beta[SE]=3.48[0.60]; adjusted-P=1.86 x10~°). These findings underscore the potential for integrating
genetic data into epidemiological models and highlight the advantages of utilizing multiple trait PRS
rather than a single PRS for a specific outcome of interest.

As genetic testing becomes more cost-effective, interest has grown over its potential utility in epidemiological
modelling and ultimately clinical care. Indeed, its use in healthcare has become increasingly common over the
past decade, with polygenic risk scores (PRS) developed for several diseases and the first pilot study introducing
PRS to clinical practice currently being performed in the UK National Health Service (NHS)!->. However,
limited evidence exists regarding the performance of genetic data in epidemiological models when incorporated
alongside common sociodemographic and clinical variables.

There is great potential value in integrating genetic data into epidemiological studies, particularly for
complex diseases that are influenced by heritable risk factors. An individual’s germline genotype data could be
used to develop a proxy measure of their propensity to develop each of these risk traits. The use of PRS, which
summarise an individual’s genetic propensity to a trait®, may reduce the need for time-consuming collection of
clinical data and minimize the impact of human bias on disease risk modelling.

Clinical traits and biomarkers may not always be available in electronic health records, and can be difficult
to collect consistently across institutions and countries, due to variation in diagnostic criteria and subjective
clinical decision making”®. Predictive models based on historical clinical diagnostic records may also miss a
large section of the affected or at-risk population, including those with a high probability of developing future
disease but lacking diagnoses (e.g. pre-diabetics®), limiting their efficacy. Therefore, the use of PRS as genetic
proxies for both the disease of interest and for related traits where possible could benefit epidemiological studies
and ultimately healthcare systems.

Coronavirus disease 2019 (COVID-19), the condition caused by the spread of the highly transmissible severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-2), had a devastating effect on health and economies
worldwide’. However, the rapid scientific response to the COVID-19 pandemic has resulted in a wealth of genetic
and clinical data, from which several sociodemographic (e.g. obesity, male sex, older age), clinical (e.g. diabetes,
comorbidity count) and genetic risk factors for poor COVID-19 outcomes have been identified>!%-'°. The large
volume of data generated during the COVID-19 pandemic, and the strong genetic component observed in
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COVID-19 outcomes (with heritability estimates of up to 41% for COVID-19 severity)*’, make it an ideal case
study to investigate the integration of PRS into epidemiological models.

In this study, we tested several trait PRS for associations with hospitalization, critical care admission and
death from COVID-19, and sequentially adjust associations for sociodemographic and clinical variables. We
highlight the value of integrating genetic data into epidemiological models along with established risk factors,
and use in silico pathway analyses of PRS to reveal a shared aetiology of traits which could be leveraged to
provide better insights into disease pathogenesis.

Methods

Data source

This study was approved by UK Biobank (Application 24559), the population-based cohort that links sources of
biological and phenotypic data on >500,000 individuals in the UK. All methods were performed in accordance
with the relevant guidelines and regulations. Self-report questionnaires and baseline biological measurements
were recorded from the years 2006-2010, when participants (then aged 40-69 years) were recruited?!.

Study population

Details of the study population and COVID-19 datasets used in this work may be found in Crossfield et al.
(2022)2. To summarize, UK Biobank participants with baseline assessment data, who passed genetic quality
control (QC) were included in the study. Individuals included were from assessment centres in England, alive
at the start of the study period (1 January 2020) and had not withdrawn consent (Fig. 1). COVID-19 diagnosis
was defined as ICD-10 code U071 or U072 from hospital or death certificate data, or a positive laboratory test
result. Furthermore, both a transethnic population and a “white European” subpopulation were included in the
study. The white European subpopulation was defined as those who lay within the European genetic principal
component (PC) cluster, as well as having one of several self-reported “white European” ethnicities in baseline
data (n=404,534/450,577 =89.78% of entire cohort)2.
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Fig. 1. Summary of the cohort selection flow used in this study.
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Study outcomes

The primary outcome for this study was severe COVID-19, a composite formed from those with a hospital
or critical care admission within 28 days of COVID-19 diagnosis (including admissions 1-3 days preceding
diagnosis, to account for laboratory testing delays), with a secondary outcome of death within 100 days of
COVID-19 diagnosis. Disease controls were defined as those who had a COVID-19 diagnosis but were not
hospitalized, had no critical care admission (both within 28 days), and did not die within 100 days following
diagnosis. All analyses were performed in both a transethnic cohort (2,109 cases and 5,970 controls for severe
COVID-19 and 636 cases and 7,443 controls for COVID-19 mortality) and the white European subset of these
(1,833 cases and 5,162 controls for severe COVID-19 and 570 cases and 6,425 controls for COVID-19 mortality).

Variable selection

Clinical variables, including related traits, were selected for PRS modelling based on our previous COVID-19
severity and mortality models®. Additional covariates included previously defined sociodemographic variables
(e.g. age and Townsend deprivation index), a previously developed COVID-19 PRS optimised in a white
European population (hereafter named “PRS _,” maintaining the nomenclature used in our original publication)
and selected clinical variables and related traits based on prior observational evidence (e.g. cardiovascular
disease [CVD], angina, and comorbidity count; Supplementary Methods; Supplementary Tables 1-2)2.

Statistical analyses

Statistical analyses were performed in R v3.6.2%* to model the risk of severe COVID-19 using logistic regression,
and model risk of death (over a period of 100 days post-diagnosis) using Cox proportional hazards regression.
Details regarding the modelling of specific variables may be found in Supplementary Methods.

Polygenic risk score associations

PRS were optimized for prediction of the selected clinical variables and related traits in an independent cohort
and then tested for association with severe COVID-19 (Fig. 2). Details of QC and PRS optimization are outlined
in Supplementary Methods. Briefly, for each PRS, a genome-wide association study (GWAS) was performed in
PLINK v1.9%, regressing the phenotype on each genetic variant using either linear or logistic regression in the
white European subpopulation, including the top 10 PCs from principal component analysis (PCA) as covariates
to adjust for population stratification. Samples from the COVID-19 cohort were removed from the UK Biobank
cohort prior to trait GWAS analyses, to ensure no overlap between the cohorts at the PRS optimization stage.
Summary statistics from each clinical variable GWAS were provided as training datasets to optimize PRS using
the clumping and thresholding approach implemented in PRSice v2.3.3, adjusting for the top 10 PCs from PCA
as covariates®*.

PRS were then tested for association with each COVID-19 outcome in univariate analyses (in both the
transethnic and white European cohorts) and those PRS with a likelihood ratio (LR) test P-value<0.05 were
combined in a model of severe COVID-19, and another of COVID-19 mortality. To remove highly correlated
PRS, a correlation matrix was formed using the regression coefficients from each of these models separately,
and one PRS from each pair with a regression coefficient correlation R*>0.8 was removed, retaining the most
clinically relevant trait guided by a review of the literature. To further refine the model and remove redundant
variables, backwards stepwise regression was performed and PRS with a LR test P<0.05 were retained in the
models (henceforth known as “SeverityM1PRS” and “MortalityM1PRS”; Supplementary Methods). PRS odds
ratios (ORs) are reported per unit change in standard deviation.

Adjustment for sociodemographic and clinical covariates
PRS in the SeverityM1PRS and MortalityM1PRS models were then adjusted for previously reported socio-
demographic variables?, creating “SeverityM2SocioPRS” and “MortalityM2SocioPRS” respectively.

Prior to adjustment of PRS for clinical variables and related traits in our models, univariate analyses were
performed to identify clinical traits associated with COVID-19 severity or COVID-19 mortality, and variables
with a LR test P-value of < 0.05 were further adjusted for sociodemographic variables. To remove highly correlated
clinical variables, a correlation matrix was formed using the regression coefficients of the clinical variables and
one variable from each pair with a regression coefficient correlation R*>0.8 was removed, guided by a review
of the literature. Removal of redundant variables was then performed using backwards stepwise regression,
with sociodemographic variables retained in models due to prior evidence of COVID-19 outcome associations,
creating “SeverityM3ClinicoDem” and “MortalityM3ClinicoDem” (Supplementary Methods).

Clinico-demographic adjusted PRS associations

Finally, PRS associations in SeverityM2SocioPRS were further adjusted for clinical factors which had a LR
test P-value<0.05 in earlier analyses, creating the “SeverityM4ClinicoDemPRS” model. This was repeated for
PRS associated with COVID-19 mortality in MortalityM2SocioPRS, creating “MortalityM4ClinicoDemPRS”
(Supplementary Methods).

Comparisons of model fit

To compare the epidemiological models created in this work, model fit was assessed using the Akaike Information
Criterion (AIC) and Bayesian Information Criterion (BIC) statistics. This was repeated to compare models for
the COVID-19 mortality outcome.
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Fig. 2. Outline of the analysis steps taken in this study. BMI, body mass index; BMR, basal metabolic rate;
WHR, waist-hip ratio; BE, body fat percentage; MI, myocardial infarction; TIA, transient ischaemic attacks;
AF, atrial fibrillation; PVD, peripheral vascular disease; HE, heart failure; T1D, type 1 diabetes; T2D, type 2
diabetes; HbAlc, glycated haemoglobin; GWAS, genome-wide association study; FUMA, Functional Mapping
and Annotation of Genome-Wide Association Studies; CVD, cardiovascular disease; CRD, chronic respiratory
disease; COPD, chronic obstructive pulmonary disease; CKD, chronic kidney disease; CLD, chronic liver
disease.
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Pathway analysis

Pathway analysis was performed on those PRS associated with COVID-19 outcomes in the final
SeverityM4ClinicoDemPRS and MortalityM4ClinicoDemPRS models. This was conducted using the Functional
Mapping and Annotation of Genome-Wide Association Studies (FUMA) v1.4.0 tool?, a package that combines
multiple in-silico tools (including the Multi-marker Analysis of GenoMic Annotation (MAGMA) gene-based
test°) to provide functional interpretation of SNPs in PRS. SNPs analysed by FUMA were restricted to loci found
in each PRS, and linkage disequilibrium (LD) thinning was performed using the same parameters as PRSice
(R?<0.1 in 250 kb blocks) and the 1000 Genomes Phase 3 European panel as reference. More information may
be found in the Supplementary Methods.

Results

Polygenic risk score associations

GWAS were performed for 23 UK Biobank clinical variables and related traits, identifying a total of 41,530
independent (LD R?<0.6) SNP associations (P<5x 10~%) (Supplementary Table 1). PRS were then optimized
using summary statistics produced by these analyses, adjusting for 10 PCs, and associations were found between
17 PRS and COVID-19 outcomes in univariate analyses (Table 1; Supplementary Tables 3-16).

Adjustment for sociodemographic and clinical variables
We then sought to determine whether clinical trait PRS were associated with the COVID-19 outcomes and
whether these associations persisted after adjustment for known sociodemographic variables.

No PRS were found to be highly correlated (R?>>0.8). Following removal of redundant PRS using
backwards stepwise regression (SeverityMI1PRS), and adjustment for sociodemographic variables in the

COVID-19 Severity COVID-19 Mortality
Transethnic White European Transethnic White European
Variable OR(95%CI) P(LR-test) | OR(95%CI) P(LR-test) | OR(95%CI) P(LR-test) | OR(95%CI) P(LR-test)
Eﬁgmerele“gth 0.92 (0.87-0.97) 0.004 0.92 (0.87-0.98) 0.007 0.92 (0.84-1.01) | 0.066 0.95 (0.86-1.04) | 0.231
BMI PRS 117 (1.1-1.24) <0.001 1.18 (1.11-1.25) <0.001 1.08 (0.99-1.18) | 0.079 1.08 (0.99-1.18) | 0.099
BMR PRS 111 (1.05-1.17) <0.001 1.12 (1.05-1.18) <0.001 1.05 (0.96-1.14) | 0.311 1.05 (0.96-1.15) | 0.312
WHR PRS 1.11 (1.05-1.17) <0.001 1.12 (1.05-1.19) <0.001 1.04 (0.95-1.13) | 0.415 1.04 (0.95-1.14) | 0.417
Weight PRS 1.13 (1.07-1.19) <0.001 1.14 (1.08-1.21) <0.001 1.08 (0.99-1.17) | 0.098 1.07 (0.98-1.17) | 0.146
BF PRS 1.12 (1.06-1.18) <0.001 1.13 (1.06-1.19) <0.001 1.04 (0.95-1.13) | 0.374 1.04 (0.95-1.14) | 0.368
MI PRS 1.09 (1.03-1.15) 3x107% | 1.09 (1.02-1.15) 0.007 1.03 (0.95-1.13) | 0.479 1.03 (0.94-1.13) | 0.500
Angina PRS 1.09 (1.03-1.15) 0.003 1.1 (1.04-1.17) 0.002 1.06 (0.98-1.16) | 0.161 1.05 (0.96-1.16) | 0.262
Stroke PRS 1.1 (1.04-1.16) <0.001 1.12 (1.06-1.19) <0.001 1.07 (0.98-1.17) | 0.108 1.08 (0.98-1.18) | 0.110
TIA PRS 1.04 (0.98-1.1) 0.166 1.02 (0.96-1.09) 0.447 0.98 (0.89-1.06) | 0.572 0.97 (0.89-1.06) | 0.535
Eﬁrs‘)mb"emb"hc 1.02 (0.97-1.08) 0.389 1.02 (0.96-1.08) 0.496 0.99 (0.91-1.09) | 0.902 0.99 (0.9-1.08) | 0.768
AF PRS 1.06 (1.01-1.12) 0.032 1.07 (1.01-1.14) 0.022 1.15 (1.06-1.26) | 0.001 1.15 (1.05-1.26) | 0.002
PVD PRS 0.96 (0.91-1.02) 0.153 0.96 (0.9-1.01) 0.136 0.93 (0.85-1.02) | 0.102 0.91 (0.83-0.99) | 0.037
HF PRS 1.04 (0.99-1.1) 0.126 1.05 (0.99-1.11) 0.108 1.01 (0.93-1.1) | 0.782 1(0.92-1.1) 0.950
Emphysema PRS | 1.05 (0.99-1.11) 0.077 1.04 (0.98-1.11) 0.149 1.01 (0.92-1.1) | 0.873 0.99 (0.9-1.08) | 0.786
Asthma PRS 1(0.95-1.07) 0.774 1.02 (0.96-1.08) 0.505 1.01 (0.93-1.1) | 0.815 1(0.91-1.1) 0.989
Cystatin CPRS | 1.07 (1.01-1.13) 0.021 1.06 (1-1.13) 0.039 1.05 (0.96-1.15) | 0.255 1.05 (0.95-1.15) | 0.332
T1D PRS 1.04 (0.99-1.1) 0.133 1.04 (0.98-1.1) 0.187 1.04 (0.95-1.13) | 0.408 1.01 (0.92-1.11) | 0.852
T2D PRS 1.13 (1.07-1.19) <0.001 1.14 (1.07-1.21) <0.001 1.06 (0.97-1.16) | 0.178 1.08 (0.98-1.18) | 0.111
HbAlc PRS 1.1 (1.04-1.16) <0.001 1.11 (1.05-1.18) <0.001 1.03 (0.94-1.12) | 0.561 1.04 (0.95-1.14) | 0.376
Hypertension PRS | 1.15 (1.08-1.21) <0.001 1.15 (1.08-1.22) <0.001 1.08 (0.99-1.18) | 0.085 1.07 (0.98-1.18) | 0.125
Albumin PRS 0.9971 (0.9432-1.0541) | 0.919 0.9957 (0.9384-1.0566) | 0.888 0.99 (0.91-1.08) | 0.884 1(0.91-1.09) | 0.951
Alzheimer’s PRS | 1.03 (0.97-1.09) 0.298 1.03 (0.97-1.09) 0.303 1.16 (1.07-1.26) | 6.04x10°* | 1.16 (1.06-1.26) | 0.002

Table 1. Univariate PRS associations with COVID-19 severity and COVID-19 mortality in both the
transethnic and white European populations. Severe COVID-19: hospitalization or critical care admission
within 28 days of COVID-19 diagnosis or death within 100 days of COVID-19 diagnosis. COVID-19
mortality: death within 100 days of COVID-19 diagnosis. P-value from the likelihood ratio test for association.
OR, odds ratio; HR, hazard ratio; CI, confidence intervals; P, P-value; LR, likelihood ratio; PRS, polygenic risk
score; BMI, body mass index; BMR, basal metabolic rate; BF%, body fat percentage; WHR, waist-hip ratio; IS,
immunosuppressant; CVD, cardiovascular disease; MI, myocardial infarction; HF, heart failure; TIA, transient
ischaemic attack; AF, atrial fibrillation; PVD, peripheral vascular disease; HbA ¢, glycated haemoglobin; T1D,
type 1 diabetes; T2D, type 2 diabetes; COPD, chronic obstructive pulmonary disease; PRSe2, PRSe2, White
European polygenic risk score 2.
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SeverityM2SocioPRS, three PRS remained associated with severe COVID-19 in the transethnic and/or white
European models (Supplementary Table 17): BMI PRS (adjusted odds ratio [AOR]=1.14 95% confidence
intervals [CI] 1.07-1.21, P-value [P]=9.51x 107> [transethnic]; AOR=1.15, 95%CI 1.07-1.23, P=8.00x 10~
[white European]), stroke PRS (AOR=1.08, 95%CI 1.01-1.15, P=0.02 [white European]) and hypertension
PRS (AOR=1.11, 95%CI 1.04-1.18, P=2.63 x 1073 [transethnic]; AOR=1.09, 95%CI 1.02-1.17, P=0.01 [white
European]). More details of correlations, backwards stepwise regression and COVID-19 mortality models
(MortalityM1PRS and MortalityM2SocioPRS) may be found in Supplementary Results.

Details of PRS associations with COVID-19 mortality in MortalityM2SocioPRS (Supplementary Table 18)
may be found in Supplementary Results. Associated PRS included the AF PRS (AOR=1.12, 95%CI 1.03-1.22,
P=0.01 [transethnic]; AOR=1.11, 95%CI 1.02-1.22, P=0.02 [white European]), the PVD PRS (AOR=0.9,
95%CI 0.83-0.99, P=0.03 [white European]), and the Alzheimer’s disease PRS (AOR=1.14, 95%CI 1.05-1.24,
P=2.50x 1073 [transethnic]; AOR=1.14, 95%CI 1.04-1.25, P=4.44 x 10~ [white European]). Of note, “PRS,,”
was no longer significant in these models.

To select clinical variables/traits for further adjustment of our SeverityM2SocioPRS and MortalityM2SocioPRS
models, univariate associations between severe COVID-19 and clinical variables were defined, sociodemographic
factors were included in the models (SeverityM3ClinicoDem and MortalityM3ClinicoDem) and highly
correlated and residual redundant clinical variables were sequentially removed (Supplementary Tables 19-21).

After the PRS associations were further adjusted for clinical variables in SeverityM4ClinicoDemPRS, one
PRS remained associated with severe COVID-19 (Table 2): the hypertension PRS (AOR=1.1, 95%CI 1.03-
1.18, P=4.83x 1073 [transethnic]). An additional three PRS were associated with COVID-19 mortality in the
MortalityM4ClinicoDemPRS, including the Alzheimer’s PRS (AOR=1.14, 95%CI 1.05-1.25, P=2.54x 1073
[transethnic] and AOR =1.14, 95%CI 1.04-1.25, P=5.22x 10~ [white European]), AF PRS (AOR =1.12, 95%CI
1.03-1.22, P=9.98 x 1073 [transethnic] AOR=1.13, 95%CI 1.03-1.23, P=0.11 [white European]) and PVD PRS
in the white European population (AOR=0.9, 95%CI 0.82-0.99, P=0.02) (Table 3).

Comparison of model fit

Model fit was compared between epidemiological models in this work, revealing that the addition of
sociodemographic variables to the PRS model improved model fit (SeverityMI1PRS AIC=7361.77;
SeverityM2SocioPRS AIC=6332.91 [transethnic]), and the addition of clinical variables to SeverityM2SocioPRS
further improved model fit (SeverityM2SocioPRS AIC=6332.91; SeverityM4ClinicoDemPRS AIC=6119.35
[transethnic]; Table 4).

Pathway analysis

Pathway analysis was performed (using FUMA v1.4.0) on PRS with severe COVID-19 or COVID-19 mortality
associations in the SeverityM4ClinicoDemPRS or MortalityM4ClinicoDemPRS models (Supplementary Tables
22-24). This revealed several pathways of potential interest, including enrichment of SNPs in the 994,087 SNP
hypertension PRS in the GO ‘voltage gated calcium channel activity involved in cardiac muscle cell action
potential’ pathway (N genes=5; beta[SE]=3.48 [0.60]; adjusted-P=1.86x107°). Other pathways highlighted
were the KEGG ‘vascular smooth muscle contraction’ pathway (N genes in gene set=115; N genes=24;
adjusted-P=5.18 x 10~3) and ‘gonadotropin-releasing hormone (GNRH) signalling’ pathway (N genes in gene
set=101; N genes present =22; adjusted-P=>5.18 x 10~%) in the Alzheimer’s disease PRS, and the GO ‘membrane
repolarization” pathway (N genes=43; beta[SE]=1.25[0.06]; adjusted-P=4.45x10"13), in the AF PRS. Further
details may be found in Supplementary Results.

Discussion

To our knowledge, this study is the first to successfully highlight associations between clinical trait PRS and
poor COVID-19 outcomes even following adjustment for other sociodemographic and clinical variables,
demonstrating the potential benefits of integrating genetic data into epidemiological models, alongside other
risk factors. This work also shows the importance of investigating PRS of multiple clinical traits, which may
exhibit stronger associations in models including sociodemographic and clinical variables, compared to using
a single PRS optimized for the clinical outcome of interest. In addition to this, pathway analysis of the PRS
retained in the fully-adjusted models revealed shared pathogenic mechanisms between several variables and
COVID-19 disease, including ‘GNRH signaling’ and ‘cardiac muscle contraction’

Univariate associations with COVID-19 severity and/or mortality were found for 17 trait PRS, and these PRS
were included in a single model, and further adjusted for sociodemographic factors. The weak correlations found
between regression coefficients of PRS in the model suggested that the retained PRS had limited overlap and
independently contributed predictive value to the model not conferred by other PRS. Four of these associations
remained following adjustment for both sociodemographic and clinical factors: the hypertension PRS, AF PRS,
Alzheimer’s disease PRS and the PVD PRS. For three of these four results (hypertension, AF and Alzheimer’s
disease), the association between the COVID-19 outcome and the PRS proxy of the trait (e.g. hypertension PRS)
was stronger than that between the COVID-19 outcome and the trait itself (e.g. hypertension).

There are several reasons why some PRS might be more effective predictors of COVID-19 outcomes
compared with their clinical counterparts in these models. Firstly, this enables the identification of individuals
who may have a genetic predisposition to certain traits or diseases, even if they have not developed the disease
or received a formal diagnosis. By incorporating this information, we can avoid overlooking individuals who
may have been missed when relying solely on clinical data to establish associations. Furthermore, including this
“at risk” information in the analysis in the form of a continuous predictor may improve the statistical power to
detect associations, particularly when the clinical trait under consideration is traditionally defined as a binary
variable. Secondly, inconsistencies between clinical definitions are evident in healthcare and epidemiology”. This
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Transethnic White European
Variable OR(95%CI) P(LR-test) | OR(95%CI) P(LR-test)
Age
1 1 2.00x107% | 1 7.26x 10780
2 0.95 (0.72-1.25) 1.12 (0.83-1.5)
3 1.8 (1.42-2.29) 2.02 (1.54-2.67)
4 3.82 (3.02-4.87) 4.07 (3.1-5.37)
5 6.04 (4.75-7.73) 6.01 (4.59-7.93)
Telomere length
1 1 3.28x107% |1 0.02
2 0.91 (0.75-1.09) 0.91 (0.75-1.12)
3 1(0.83-1.21) 1.07 (0.87-1.31)
4 0.78 (0.63-0.95) 0.82 (0.66-1.01)
5 0.82 (0.67-1) 0.84 (0.67-1.04)
Sex
Female 1 4.32x1071 |1 3.53x1074
Male 1.53 (1.34-1.74) 1.54 (1.16-2.05)
Ethnicity
White 1 6.59x1073 | NA NA
Black 2.03 (1.32-3.1)
Other 0.98 (0.73-1.3)
Smoking
Never 1 1.34x107¢ |1 121x107°
Former 1.11 (0.97-1.28) 1.06 (0.91-1.23)
Current 1.62 (1.33-1.98) 1.63 (1.31-2.02)
Townsend
1 1 1.73x107° |1 1.39x1073
2 0.94 (0.76-1.17) 0.93 (0.74-1.16)
3 0.78 (0.63-0.98) 0.79 (0.63-0.99)
4 1.06 (0.86-1.3) 1.11 (0.9-1.39)
5 1.31 (1.07-1.6) 1.21 (0.98-1.5)
BMI
1 1 226x1077 | NA NA
2 1.01 (0.81-1.26)
3 1.06 (0.85-1.31)
4 1.12 (0.9-1.39)
5 1.6 (1.28-2)
BMI PRS" 1.03 (0.96-1.1) | 0.370 1.05 (0.97-1.12) | 0.220
BF%
NA NA 1 4.44%1073
1.18 (0.94-1.48)
1.12 (0.88-1.43)
1.4 (1.06-1.87)
1.56 (1.12-2.16)
WHR
NA NA 1 0.040
1.01 (0.78-1.3)
1.26 (0.97-1.65)
1.45 (1.09-1.94)
1.42 (1.04-1.95)
IS 2.18 (1.57-3.04) | 2.42x107° | 2.09 (1.46-2.98) |9.44x107°
CVD NA NA 1.35 (1.12-1.63) | 0.002
Stroke PRS" NA NA 1.05(0.99-1.13) | 0.120
Emphysema 2.06 (1.31-3.27) | 1.71x 1073 | 1.85(1.15-3.02) | 0.010
COPD 422(1.84-11) | 7.01x10"* |4.38(1.83-12.23) | 1.10x1073
Cystatin C
1 ‘ 1 530x107'" | 1 9.05x107°
Continued
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Transethnic White European

Variable OR(95%CI) P(LR-test) | OR(95%CI) P(LR-test)

2 1.18 (0.93-1.5) 1.14 (0.88-1.48)

3 1.46 (1.16-1.86) 1.43 (1.11-1.84)

4 1.42 (1.12-1.81) 1.36 (1.05-1.75)

5 2.19 (1.73-2.79) 2 (1.55-2.59)
Diabetes NA NA 1.7 (1.28-2.26) | 0.02
HbAlc

1 1 441x1071 | 1 7.31x1073

2 1.1 (0.88-1.38) 1.04 (0.81-1.33)

3 1.17 (0.94-1.46) 1.08 (0.86-1.37)

4 1.34 (1.08-1.66) 1.3 (1.03-1.64)

5 1.73 (1.4-2.16) 1.34 (1.06-1.71)
g’{gf“ensmn L1(1.03-1.18) | 4.83x10°3 | 1.07 (1-1.15) 0.060
Other neurological | 1.92 (1.3-2.84) |1.25x107% | 1.91(1.28-2.86) | 2.30x107?
Comorbidity count*

1 1 1.16x107* |1 3.79x107°

2 1.22 (1.05-1.41) 1.23 (1.06-1.42)

3 1.50 (1.24-1.81) 1.53 (1.27-1.85)

Table 2. Clinico-demographic and PRS adjusted odds ratios of severe COVID-19 associations in patients
diagnosed with COVID-19 in the transethnic (N'=6,462) and white European (N=5,632) cohorts.
SeverityM5ClinicoPRS model, including variables with statistically significant severe COVID-19 associations
in SeverityM3SocioPRS and SeverityM4Clinical. Severe COVID-19: hospitalization or critical care

admission within 28 days of COVID-19 diagnosis or death within 100 days of COVID-19 diagnosis. Clinico-
demographic and PRS-adjusted model included age (as continuous), sex, ethnicity (in transethnic population),
smoking status, Townsend deprivation quintile, immunosuppressant use, co-morbidities, anthropomorphic
and biochemical traits (each as continuous), and PRS (as continuous). In this model, co-morbidity count

is adjusted for these variables excepting the following comorbidities: cardiovascular disease, diabetes and
neurological disease. *Count of the following co-morbidities: cardiovascular disease, chronic respiratory
disease, chronic kidney disease, diabetes, hypertension, chronic liver disease, neurological disease. AAdjusted
for top 10 principal components from principal component analysis. P-value from the likelihood ratio test
for association. OR, odds ratio; CI, confidence intervals; P, P-value; LR, likelihood ratio; PRS, polygenic risk
score; BMI, body mass index; BMR, basal metabolic rate; BF%, body fat percentage; WHR, waist-hip ratio; IS,
immunosuppressant; CVD, cardiovascular disease; COPD, chronic obstructive pulmonary disease; HbAlc,
glycated haemoglobin.

can result in variation in disease definitions and therefore classifications of individuals in the study, particularly
when collating information from self-reports or different healthcare settings. This may lead to inaccurate
estimates of effect sizes when testing for associations with the clinical trait. Contrastingly, PRS are calculated
systematically using a single algorithm, reducing the impact of bias or variation on classification of individuals
and leading to greater consistencies when testing for associations within epidemiological studies. Thirdly, some
variables, such as BMI and BF%, may be measured crudely in small epidemiological cohorts, whereas PRS for
these traits may benefit from optimization using data from large, consistently measured datasets, improving
their uniformity within the sample of interest. Nevertheless, it is important to acknowledge that clinical risk
factors played a significant role in enhancing COVID-19 outcome models in this study. Therefore, it is advisable
that PRS be considered as supplementary rather than substitutive components in such models when clinical
variables are accessible.

ThePVDPRSwaspresentinanepidemiologicalmodelfor COVID-19mortality (MortalityM4ClinicoDemPRS)
alongside its clinical counterpart, PVD. Both the PVD trait and the PVD PRS had a LR P-value < 0.05, suggesting
that both traits independently contributed to risk of the COVID-19 mortality outcome in this study. These
results provide further evidence that PRS may provide risk information above and beyond that of their clinical
counterpart alone. However, it is noteworthy that the effect size of PVD and the PVD PRS were in opposing
directions in this study. Several explanations may account for this outcome. Firstly, there may be unmeasured
confounding influencing the effect of these traits on severe COVID-19. For example, pleiotropic SNPs in the PVD
PRS could be influencing COVID-19 outcome risk through an alternate pathway to PVD itself. Likewise, PVD
is a complex trait which is likely influenced by numerous genetic factors, each with differing effects on disease
risk. The PVD PRS described here may capture just a subset of PVD risk, leading to discrepancies between the
PRS effect size and the PVD effect size on severe COVID-19 risk. Finally, collider bias could be influencing this
association due to the adjustment of genetic PCs. If genetic information in the PCs are also associated with other
severe COVID-19 risk factors (e.g. blood group), the observed association between the PVD PRS and severe
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Transethnic ‘White European
Variable HR(95%CI) P(LR-test) | HR(95%CI) P(LR-test)
Age
1 1 <22x1071 | 1 <22x10716
2 2.18 (0.94-5.06) 1.57 (0.67-3.67)
3 5.44 (2.59-11.44) 3.99 (1.88-8.48)
4 11.3 (5.47-23.34) 8.3 (3.99-17.29)
5 23.53 (11.44-48.4) 16.34 (7.91-33.79)
Telomere length
1 1 142x107* |1 4.56x107*
2 0.78 (0.62-0.99) 0.79 (0.61-1.02)
3 0.82 (0.64-1.05) 0.86 (0.66-1.12)
4 0.51 (0.38-0.7) 0.56 (0.41-0.77)
5 0.68 (0.5-0.92) 0.68 (0.49-0.94)
Sex
Female 1 8.65x107° 1 2.75x1074
Male 1.48 (1.21-1.79) 1.6 (1.13-2.26)
Ethnicity
White 1 0.03 NA NA
Black 1.75 (0.97-3.18)
Other 0.81 (0.49-1.36)
Smoking
Never 1 5.17x107¢ |1 7.98x107¢
Former 1.15(0.94-1.41) 1.18 (0.95-1.46)
Current 1.77 (1.36-2.31) 1.86 (1.41-2.46)
Townsend
1 1 1.76x1072 |1 0.04
2 0.8 (0.59-1.1) 0.77 (0.56-1.07)
3 0.8 (0.59-1.08) 0.86 (0.62-1.17)
4 0.99 (0.74-1.32) 1.02 (0.75-1.38)
5 0.99 (0.75-1.31) 0.99 (0.74-1.32)
BMI
1 1 7.64x1072 | NA NA
2 0.98 (0.72-1.34)
3 0.75 (0.55-1.02)
4 0.76 (0.56-1.04)
5 1.09 (0.8-1.48)
BMR
1 NA NA 1 5.53x1073
2 0.73 (0.51-1.05)
3 0.86 (0.57-1.28)
4 0.69 (0.44-1.08)
5 0.57 (0.35-0.93)
WHR
1 NA NA 1 0.02
2 0.89 (0.59-1.35)
3 1.07 (0.7-1.65)
4 1.17 (0.75-1.82)
5 1.36 (0.86-2.15)
AF PRS" 1.12 (1.03-1.22) 9.98x 1073 1.13 (1.03-1.23) 0.01
PVD 3.28 (1.21-8.89) 0.03 2.99 (1.09-8.19) 0.04
PVD PRS" NA NA 0.9 (0.82-0.99) 0.02
Asthma 0.76 (0.57-1.02) 0.07 NA NA
Cystatin C
1 1 240%x1073 |1 6.43x107*
2 0.94 (0.61-1.46) 0.89 (0.56-1.42)
3 1.18 (0.79-1.77) 1.23 (0.81-1.87)
Continued
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Transethnic ‘White European

Variable HR(95%CI) P(LR-test) | HR(95%CI) P(LR-test)

4 1.33 (0.89-1.97) 1.26 (0.84-1.91)

5 1.48 (1-2.18) 1.53 (1.03-2.29)
Diabetes 1.46 (1.13-1.89) 0.018562 1.53 (1.16-2.03) 0.007754
Alzheimers PRS" | 1.14 (1.05-1.25) 2.54x107° | 1.14 (1.04-1.25) 5.22x1073
Hypertension 1.35 (1.12-1.64) 7.81x1073 | 1.32 (1.08-1.6) 0.03
Comorbidity count*

1 1 559x107¢ |1 2.51x1074

2 1.35 (1.07-1.69) 1.18 (2.10-1.49)

3 1.80 (1.40-2.33) 1.59 (1.24-2.04)

Table 3. Clinico-demographic and PRS adjusted hazard ratios of COVID-19 mortality associations in
patients diagnosed with COVID-19 in the transethnic (N=6,462) and white European (N=5,632) cohorts.
MortalityM5ClinicoPRS model, including variables with statistically significant COVID-19 mortality
associations in MortalityM3SocioPRS and MortalityM4Clinical. COVID-19 mortality: death within 100 days
of COVID-19 diagnosis. Clinico-demographic and PRS-adjusted model included age (as continuous), sex,
ethnicity (in transethnic population), smoking status, Townsend deprivation quintile, immunosuppressant
use, co-morbidities, anthropomorphic and biochemical traits (each as continuous), and PRS (as continuous).
In this model, co-morbidity count is adjusted for these variables excepting the following comorbidities:
diabetes and hypertension. *Count of the following co-morbidities: cardiovascular disease, chronic respiratory
disease, chronic kidney disease, diabetes, hypertension, chronic liver disease, neurological disease. "Adjusted
for top 10 principal components from principal component analysis. P-value from the likelihood ratio test
for association. HR, odds ratio; CI, confidence intervals; P, P-value; LR, likelihood ratio; PRS, polygenic risk
score; BMI, body mass index; BMR, basal metabolic rate; WHR, waist-hip ratio; AF, atrial fibrillation; PVD,
peripheral vascular disease.

COVID-19 severity COVID-19 mortality

Transethnic White European Transethnic ‘White European

N variables N variables
Model in model AIC BIC df | AIC BIC inmodela | AIC BIC df | AIC BIC
PRS 8 7361.77 | 7415.95 | 8 | 6441.20 | 6494.29 | 2 865230 | 8660.75 | 3 | 7718.28 | 7730.65
Sociodemographic 11 636291 | 6437.42 | 9 | 554138 | 5601.11 | 10 8083.74 | 8125.97 | 8 | 7194.45 | 7227.45
Sociodemographic & PRS (M3SocioPRS) 15 6332.89 | 6434.49 |13 | 5511.81 | 5598.08 | 13 8073.61 | 8128.50 | 12 | 7183.94 | 7233.43
Clinico-demographic (M4Clinical) 25 6111.58 | 6280.92 |22 | 5327.84 | 5473.84 | 19 8029.34 | 8109.57 | 19 | 7148.80 | 7227.17
Clinico-demographic & PRS (M5ClinicoPRS) | 21 6119.35 | 6261.59 | 23 | 5325.25 | 5477.89 | 19 8019.69 | 8099.92 | 18 | 7135.93 | 7210.17
chiitﬁi;‘;giggﬂﬁlgécfzlpoclz)csMSCMCOPRS 29 6127.74 | 6324.17 | 30 | 5336.03 | 5535.11 | 27 8041.36 | 8155.37 | 28 | 7137.44 | 7252.93

Table 4. Akaike information criterion and Bayes information criterion values for each of the COVID-19
severity and COVID-19 mortality models, in both the transethnic and white European populations. AIC,
Akaike information criterion; BIC, Bayes information criterion; df, degrees of freedom; PRS, polygenic risk
scores; PCs, principal components.

COVID-19 could be a type one error masking the true causal risk factor. Future studies may employ Mendelian
randomization techniques to test for a causal relationship between PVD and COVID-19 outcomes through this
PRS, as well as testing for potential confounding pathways.

As anticipated, the fit of the PRS model improved with the addition of sociodemographic and clinical
variables. Interestingly, when comparing epidemiological models formed in this study, we observed that
the fit of the sociodemographic & PRS model (SeverityM2SocioPRS) was better than a model containing
sociodemographic variables alone. This was also found when comparing models with sociodemographic,
clinical and PRS variables (SeverityM4ClinicoDemPRS) with just sociodemographic and clinical factors
(SeverityM3ClinicoDem). Together, these results suggest that the addition of PRS could improve the fit of
epidemiological models containing classic sociodemographic and/or clinical risk factors alone. Such findings
should be further investigated in future epidemiological and risk prediction studies.

A statistically significant association was found between the 6,887 SNP Alzheimer’s disease PRS and
COVID-19 mortality in the transethnic and white European MortalityM5ClinicoPRS models. This association
had a positive direction of effect, wherein an increase in Alzheimer’s disease PRS was associated with an elevated
risk of both Alzheimer’s disease and COVID-19 mortality, even after adjustment for other clinico-demographic
variables. This PRS was enriched for SNPs in both the ‘GNRH signaling’ and ‘vascular smooth muscle cell
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contraction’ gene sets, highlighting a possible shared aetiology of Alzheimer’s disease and severe COVID-19
through the PRS’s effect on these biological pathways. These results highlight another potential benefit of testing
for associations between trait PRS and disease outcomes in epidemiological modelling. By performing pathway
analyses on genetic variants in the trait PRS, it is possible shed light on the pathogenic mechanisms underpinning
predisposition to not only the trait itself, but also the disease outcome studied in the epidemiological model.
However, results of such enrichment studies should be interpreted with caution, given that the inclusion of some
false positive SNP associations are inherent to PRS methodologies®.

Shortcomings of this work included the limited availability of non-white European samples in the study cohort.
Whilst the study attempted to repeat risk analyses in a transethnic population, because of the predominance of
white European samples in the UK Biobank cohort?’, this was difficult to conduct. PRS were therefore optimized
in a white European population (to minimize issues related to population stratification), meaning that PRS may
not be as effective at predicting risk of COVID-19 outcomes in non-European populations due to differences in
LD structure and genetic architecture. This is representative of a wider problem in the genetics community, with
work needed to recruit more diverse populations into cohort studies.

The optimization of PRS and prediction of risk in COVID-19 outcomes is also limited by statistical power
in the current study, which is constrained by sample sizes of current datasets and the need for a complete case
approach. For example, instances in this work wherein associations were found for risk factors in predicting
COVID-19 severity but not COVID-19 mortality (e.g. hypertension PRS), could be in part due a loss of power
in the smaller cohort sizes of the COVID-19 mortality outcome. Interestingly, the use of PRS as clinical proxies
in future epidemiological studies could mitigate these issues, as this circumvents the issue of missing values for
clinical variables.

It is also important to note that whilst associations were identified between PRS and COVID-19 outcomes
after adjustment for clinico-demographic factors, the models created here are not risk prediction models. More
work is needed before PRS are integrated in a clinical setting, including cross-validation studies*%28. This may
be possible using other population-based cohorts such as 23andMe?® or the upcoming Our Future Health project
in the UK®. Improvements in PRS performance will occur over time with increasing cohort sizes, particularly
in transethnic populations.

This study identified associations between PRS for clinical traits (e.g. hypertension and AF) and poor
COVID-19 outcomes, highlighting the value of including multiple trait PRS over a single PRS optimised for the
outcome of interest, and identifying shared biological pathways between these traits. This work demonstrates
that genetic data can improve the fit of sociodemographic models for COVID-19 outcomes, and highlights the
potential benefits of incorporating PRS in disease modelling. As PRS for complex diseases are further refined,
concurrent improvements in disease modelling will be attained.

Data availability

UK Biobank data were provided under a licence that does not permit sharing data. The code-lists used in defi-
nitions and the derived results are published in Crossfield et al. (2022)2. UK Biobank data is available online
(https://www.ukbiobank.ac.uk/). To request further information, please contact AW Morgan.
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