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Summary

Severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2) causes coronavirus disease 2019 (COVID-19), a respiratory illness that
can result in hospitalization or death. We used exome sequence data to investigate associations between rare genetic variants and seven
COVID-19 outcomes in 586,157 individuals, including 20,952 with COVID-19. After accounting for multiple testing, we did not identify
any clear associations with rare variants either exome wide or when specifically focusing on (1) 13 interferon pathway genes in which
rare deleterious variants have been reported in individuals with severe COVID-19, (2) 281 genes located in susceptibility loci identified
by the COVID-19 Host Genetics Initiative, or (3) 32 additional genes of immunologic relevance and/or therapeutic potential. Our an-
alyses indicate there are no significant associations with rare protein-coding variants with detectable effect sizes at our current sample
sizes. Analyses will be updated as additional data become available, and results are publicly available through the Regeneron Genetics
Center COVID-19 Results Browser.

Severe acute respiratory syndrome coronavirus 2 (SARS- peractive immune responses, and death.’ Known risk
CoV-2)' causes coronavirus disease 2019 (COVID-19).> factors for severe disease include male sex, older age,
COVID-19 ranges in clinical presentation from asymptom- ancestry, obesity, and underlying cardiovascular, renal,
atic infection to flu-like illness with respiratory failure, hy- and respiratory diseases,”” among others. Since the start
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Table 1. Top associations between COVID-19 outcomes and protein-coding rare variants (p < 5E-8)

N affected N control
individuals with individuals with
Variant 0dds ratio 0|1]|2 copies of 0|1|2 copies of Effectallele Heterogeneity
Gene Variant® effect (95% CI) p value effect allele effect allele frequency p value
COVID-19 positive versus COVID-19 negative or unknown
ZC3HAV1 15769102632  missense 26.72 2.95E-8 13,950|7|0 401,218|8|0 0.00002 0.9517
(8.37, 85.38)
FLNB 151256764500 missense 26.6 3.97E-8 18,616|7|0 500,616|8|0 0.00001 0.4354
(8.25, 85.77)
COVID-19 positive versus COVID-19 negative
DISP3 burden pLoF and 1.88 2.26E-8 20,727|145|0 74,172|301|0 0.00234 0.9972
deleterious (1.51, 2.34)
missense with
MAF < 1073
COVID-19 hospitalized versus COVID-19 negative or unknown
WDR78 15754119466  splice region 49.21 2.81E-9 3,619|6/0 392,658|24|0 0.00004 1
(13.61,177.85)
TES 1s761377603  missense 38.91 2.44E-8 4,555|5/0 511,328|23|0 0.00003 0.6601
(10.75, 140.9)
MARK1 burden pLoF variants ~ 40.19 2.86E—-8 4,473|5]|0 530,595|34(0 0.00004 0.4035
with MAC=1 (10.9, 148.1)
SHC2 152287960 stop gained 42.94 4.42E-8 4,237|5|0 483,826|17|0 0.00002 0.6742
(11.17, 165.02)
COVID-19 severe versus COVID-19 negative or unknown
TLR7" burden pLoF and 4.53 4.28E-8 1,266|1|7 517,523|383|123  0.00062 0.7188
missense (2.64, 7.77)

variants with
MAF < 10°°

MAF, minor allele frequency; MAC, minor allele count; Cl, confidence interval.

2Effect allele for individual variants was rs769102632:A, rs1256764500:G, rs754119466:G, rs761377603:T, and rs2287960:T. For burden tests, individuals were
considered to have 0 copies of the effect allele if they were homozygous for the reference allele for all variants included in the burden test, 1 copy of the effect allele
if they were heterozygous for at least one variant, and 2 copies if they were homozygous for the alternate allele for at least one variant.

PTLR7 is located on the X chromosome. Hemizygous males are included in the N of individuals with two copies of the effect allele.

of the SARS-CoV-2 pandemic, host genetic analysis of com-
mon genetic variation among SARS-CoV-2 patients have
identified at least 15 genome-wide significant loci that
modulate COVID-19 susceptibility, including variants in/
near LZTFL1, IFNAR2, and DPP9.'°"'* However, to date,
there has been no exome-wide assessment of the contribu-
tion of rare coding genetic variation to COVID-19 disease
susceptibility or severity through large population-based
exome-wide association analyses.

To identify rare variants (RVs, minor allele frequency
[MAF] < 1%) associated with COVID-19 susceptibility
and severity, we received approval from institutional re-
view boards (supplemental methods) and analyzed
exome-wide sequencing data for 586,157 consented indi-
viduals from three studies (Geisinger Health System
[GHS], Penn Medicine BioBank [PMBB], and UK Biobank
[UKB]) across five continental ancestries (African, Ad-
mixed American, European, East Asian, and South Asian;
Table S1). Of these, 20,952 had COVID-19, and among
those, 4,928 (23.5%) were hospitalized and 1,304
(6.2%) had severe disease (i.e., requiring ventilation or re-
sulting in death; Table S2). Using these data, we tested
the association between RVs and seven COVID-19 out-

comes: five related to disease susceptibility and two
related to disease severity among individuals with
COVID-19 (Table S3). In a separate paper,'* we used these
same phenotypes to validate the association with com-
mon risk variants reported in previous COVID-19
genome-wide association studies (GWASs),'""'*!* thus
demonstrating that our phenotypes are calibrated with
those used in other studies.

For each phenotype, exome-wide association analyses
were performed separately in each study and ancestry via
REGENIE," testing individual RVs (~7 million) and a
burden of RVsin 18,886 protein-coding genes. The genomic
inflation factor (Agc) for RVs was often <1 in individual
studies, caused by a large proportion of variants having a
minor allele count (MAC) of 0 in affected individuals (Table
S4). In meta-analyses across studies and ancestries, we
found no RV associations at a conservative p < 9.6E—10,
which corresponds to a Bonferroni correction for the num-
ber of variants and traits tested. At a less conservative signif-
icance threshold of p < 5SE—8, we found eight genes with RV
associations (Table 1), of which, we highlight two with an
established role in anti-viral responses. First, we highlight
an association between higher risk of severe COVID-19
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and a burden of ultra-rare (MAF < 0.001%) predicted loss-of-
function (pLoF) and missense variants in the toll-like recep-
tor 7 gene (TLR7; p=4E—-8; OR=4.53;95% CI=2.64-7.77),
consistent with relatively small exome-sequencing studies
of males with severe COVID-19."'>'” TLR7 encodes a sin-
gle-stranded viral RNA sensor that recognizes coronavi-
ruses, including SARS-CoV-1, MERS, and most likely SARS-
CoV-2,'" and that activates the type-1 interferon pathway
in COVID-19.'° Second, we highlight an association be-
tween higher risk of COVID-19 and an ultra-rare missense
variant in ZC3HAV1 (rs769102632:A, MAF = 0.002%; p =
3E-8; OR = 26.7; 95% CI 8.37-85.38; Figure S1), a gene
that encodes a zinc finger antiviral protein'**" that inhibits
SARS-CoV-2 replication,”’ potentially by upregulating type
Iinterferon responses.”” Given the potential significance of
this finding, we attempted to replicate the ZC3HAVI
1s769102632:A association in an additional 6,223 individ-
uals with COVID-19 with exome or whole-genome
sequence data generated as part of the GenOMICC (n =
4,851),"" Columbia University COVID-19 Biobank (n =
1,152), and Biobanque Quebec (n = 220)** studies. We
found no carriers for this variant in these additional
COVID-19 cases (Table S5) when we expected about four
given the observed allele frequency in cases in our study
(three and one carriers expected in individuals of African
and European ancestry, respectively). Given these findings,
we conclude that itis unlikely that there is a true association
between rs532051930 and COVID-19 risk. Similarly, the as-
sociation with a promoter variant in EEF2 that we reported
in an earlier version of these analyses”* was considerably
attenuated (from p = 6E—9 to 3E—6), consistent with a
false-positive association.

Next, we addressed the possibility that associations with
protein-coding RVs might help pinpoint target genes of
common risk variants identified in GWASs of COVID-19.
To this end, we focused on 281 genes located within 500
kb of the 15 common risk variants identified by the
COVID-19 Host Genetics Initiative (HGI)'* and asked
whether there was any evidence for association between
our five COVID-19 susceptibility outcomes and a burden
of RVs in any of these genes. We considered associations
with pLoF variants alone (M1 burden test) or pLoF together
with deleterious missense variants (M3 burden test). No as-
sociations surpassed the Bonferroni significance threshold
of 3.5E—6, which accounts for the 14,050 gene burden
tests performed (281 genes X two burden tests x five allele
frequency cut-offs x five susceptibility phenotypes; Table
S6). As such, at current sample sizes, RV associations do
not point to potential effector genes underlying associa-
tions between common variants and COVID-19.

We then examined the association with 13 genes in the
interferon pathway,” given a previous report that delete-
rious RVs in these genes may be implicated in severe clin-
ical outcomes.*® Specifically, we examined whether there
was any evidence for association between the COVID-19
hospitalization phenotype (4,928 affected individuals
versus 558,763 control individuals) and the burden of

rare (MAF < 0.1%, as reported by Zhang et al.””) pLoF var-

iants (M1 burden test) or pLoF plus deleterious missense
variants (M3 burden test) in these 13 genes. There were
no significant associations with any gene, either individ-
ually or on aggregate (all burden tests with p > 0.05; Ta-
ble 2). Further, these results were unchanged when
testing severe cases of COVID-19 (n = 1,304) or when
restricting the burden tests to include variants with an
MAF < 1% or singleton variants (Table S7). Therefore,
in alignment with a similar report,”* we also found no ev-
idence for an association between RVs in these 13 inter-
feron-signaling genes.

Lastly, we performed the same analysis for an addi-
tional 32 genes that are involved in the etiology of
SARS-CoV-2 infection (ACE2, TMPRSS2), encode thera-
peutic targets for COVID-19 obtained through the Clin-
icalTrials database (see web resources) (e.g., IL6R, JAKI),
or have been implicated in other immune or infectious
diseases through GWASs (e.g., IL33). After correcting
for 1,600 burden tests performed (32 genes X five traits
x five allele frequency thresholds x two burden tests;
Bonferroni significance threshold p < 3.1E-5), there
were no significant associations with deleterious RVs
for this group of therapeutic target genes for COVID-19
(Table S8).

There are caveats to be considered when interpreting re-
sults from this study. First, the five continental ancestry
groups considered in our analysis included a small number
of individuals with admixed ancestry (specifically, those
with two continental ancestries with a likelihood > 0.3;
see supplemental methods). For example, individuals
with admixed African and European ancestry were
included in our analysis of African ancestry. This was
done to maximize the number and ancestral diversity of
the samples included in our analysis and was adequately
controlled for in the association analyses carried out
with the whole-genome regression approach imple-
mented in REGENIE (test statistics were not inflated). Sec-
ond, the burden tests we performed were not designed to
identify associations with genes that harbor both risk-
increasing and risk-lowering rare variants and are expected
to provide limited power in these instances. Other
approaches have been developed for these situations,
such as SKAT?°/SKAT-O.2” However, we have not tested
the robustness of these alternative burden tests in the
context of multi-ancestry meta-analyses, so we opted
against applying them in this study. Third, we used a strin-
gent Bonferroni correction to define significance thresh-
olds that account for multiple testing, which are most
likely conservative, given the high correlation between
traits and burden tests performed.

In summary, we explored the role of rare coding variants
on COVID-19 outcomes on the basis of exome-sequence
data, capturing genetic variation not assayed by array gen-
otyping or imputation. We did not find any convincing as-
sociations with current sample sizes but will continue to
expand our analyses and update results periodically at
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Table 2. Burden associations among interferon signaling genes

Variants included 0dds ratio N affected individuals N control individuals Heterogeneity p

in burden test Gene (95% CI) p value with RR|RA|AA genotype® with RR|RA|AA genotype® AAF value

pLoE, MAF < 0.1% IFNAR1 1.46 (0.51, 4.17) 0.4786 4,775|5|0 549,164|374/0 0.00034 09111
IFNAR2 1.96 (0.91, 4.19) 0.0844 4,92018|0 558,068|695|0 0.00062 0.0964
IKBKG" 0.51 (0.04, 6.57) 0.6048 4,394/0|0 500,582|32|10 0.00005 0.9584
IRF3 0.91 (0.39, 2.11) 0.8293 4,924(3|1 558,279]483|1 0.00043 0.6339
IRF7 1.15 (0.57, 2.31) 0.6975 4,92018|0 557,892|871|0 0.00078 0.5267
IRF9 0.36 (0.02, 6.96) 0.5024 4,4780|0 530,571|58|0 0.00005 0.9996
STAT1 0.36 (0.01, 19.89) 0.6207 4,394/0|0 500,584(40]|0 0.00004 0.9996
STAT2 0.36 (0.07, 1.91) 0.2311 4,644[0|0 541,214|144|0 0.00013 1.0000
TBK1 0.36 (0.04, 3.13) 0.3553 4,4780|0 530,539|90]0 0.00008 0.9995
TICAM1 0.81 (0.14, 4.73) 0.8160 4,477/1|0 530,454(175|0 0.00016 0.7587
TLR3 1.56 (0.47, 5.13) 0.4656 4,924|4/0 558,457|306|0 0.00027 0.7039
TRAF3 0.37 (0.0, 217.91) 0.7576 4,394/0/0 500,597|27|0 0.00003 1.0000
UNC93B1 0.77 (0.28, 2.06) 0.5974 4,641|3|0 540,929|429|0 0.00040 0.9294
all autosomal genes 0.81 (0.56, 1.18) 0.2709 4,655|23|0 514,810|3,219|0 0.00320 0.9492

pLOF and missense IFNAR1 1.51 (0.71, 3.18) 0.2831 4,918|10[0 557,991|772|0 0.00069 0.8283

predicted deleterious,

MAF < 0.1% IFNAR2 1.87 (0.88, 3.97) 0.1021 4,92018|0 558,045|718|0 0.00064 0.0862
IKBKG" 1.48 (0.18, 12.34) 0.7184 4,393]1]|0 500,544|70]|10 0.00009 0.6366
IRF3 0.9 (0.42, 1.92) 0.7778 4,923[4|1 558,128|634|1 0.00057 0.7436
IRF7 1.15 (0.67, 1.96) 0.6102 4,914[14|0 557,238|1,525|0 0.00137 0.3523
IRF9 0.36 (0.02, 6.96) 0.5024 4,4780]0 530,571|58|0 0.00005 0.9996
STAT1 0.35 (0.08, 1.49) 0.1563 4,762[0|0 547,803|231|0 0.00021 1.0000
STAT2 1.26 (0.73, 2.2) 0.4089 4,909[19|0 557,153|1,609|1 0.00145 0.7935
TBK1 1.0 (0.54, 1.85) 0.9951 4,917[11|0 557,567|1,195|1 0.00107 0.6983
TICAM1 0.8 (0.14, 4.66) 0.8084 4,477/1|0 530,451|178|0 0.00017 0.7558
TLR3 0.74 (0.49, 1.11) 0.1396 4,911|17|0 556,016|2,745|2 0.00245 0.8319
TRAF3 1.7 (0.44, 6.62) 0.4431 4,7782|0 549,284|254|0 0.00023 0.1923
UNC93B1 0.92 (0.56, 1.5) 0.7309 4,913|15/|0 557,079|1,684|0 0.00151 0.9180
all autosomal genes 0.94 (0.76, 1.17) 0.5835 4,590|88|0 507,793|10,233|3 0.00990 0.5285

Association between the phenotype COVID-19 positive hospitalized versus COVID-19 negative or unknown and 13 genes (12 autosomal) related to interferon signaling that were recently reported to contain rare (MAF <

0.1%) deleterious variants in individuals with severe COVID-1 9.%% AAF, alternative allele frequency; Cl, confidence interval.

RR, individuals who have genotype reference/reference for all variants included in burden test; RA, individuals who have genotype reference/alternate for at least one variant; AA, individuals who have genotype alternate/

alternate for at least one variant.
BIKBKG is located on the X chromosome. Hemizygous males are included in the N of individuals with two copies of the effect allele.




the Regeneron Genetics Center COVID-19 Results Browser
(web resources).

Data and code availability

All genotype-phenotype association results reported in this study
are available for download and browsing via the RGC’s COVID-19
Results Browser (https://rgc-covid19.regeneron.com). Data access
and use is limited to research purposes in accordance with the
Terms of Use (https://rgc-covid19.regeneron.com/terms-of-use).

Supplemental information

Supplemental information can be found online at https://doi.org/
10.1016/j.ajhg.2021.05.017.
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Web resources

BWA software (v.0.7.17), http://bio-bwa.sourceforge.net
ClinicalTrials database, clinicaltrials.gov

METAL software, https://github.com/statgen/METAL

PLINK (v.1.90b6.21), https://www.cog-genomics.org/plink2/
Picard software (v.1.141), https://broadinstitute.github.io/picard/
Regeneron Genetics Center COVID-19 Results Browser, https://
rgc-covid19.regeneron.com

REGENIE software, https://github.com/rgcgithub/regenie
Samtools (v.1.7), http://www.htslib.org

WeCall software (v.1.1.2), https://github.com/Genomicsplc/
wecall
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SUPPLEMENTARY FIGURES

Figure S1: Association of a rare missense variant in ZC3HAV1 and COVID-19.
A.

1s769102632

A
7 A ndex SNP

67 r2
i >0.8
° A A >06
>0.4
>0.2
>=0.1
< 0.1 or dist. > 1Mb*

-log10(P-value)

A Rare variants

A Burden masks

TRIM24 SVOPL TM“IJ;1 3 ZC3}-I|.IAV1 L TTC26 HD@H'Q-H I[_‘JEW.HM CLE‘I(I:2L
ATP6V0A4 KIAA1549 ZC3HAV1 C70Hrf55 KLRG2
C70rf55-LUC7L2
I 138,6(‘)0,000 138,8(‘)0,000 139,0(‘)0,000 139,2(‘]0,000 139,4(‘)0,000 I

N CASES N CONTROLS
STUDY RR|RAJAA  RR|RAJAA OR [95% CI] PVALUE AAF
UKB_Freeze 450 AFR  578|3|0 8178|2|0 27.928 [4.444,175.515] 3.8e-04  0.00029
UKB_Freeze 450 EUR 13372/4[0  393040|6[0 . 25.956 [5.8,116.159] 2.1e-05 1e-05
META 13950(7|0 401218(8]0 —=mme— 2 26.725 [8.366,85.377] 2.9e-08 2e-05
l ]
0 100

OR (95% CI)

Association between an ultra-rare missense variant in ZC3HAV1 (rs769102632:A) and higher risk
of COVID-19. (A) Regional association plot centered on rs769102632. Orange triangles:
individual rare variants (MAF<0.5%). Green squares: burden tests. Grey circles: individual
common variants (MAF>0.5%). (B) Forest plot showing association in the two individual datasets

included in the meta-analysis of this variant.
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Tables S1 to S8 are provided in a separate Excel document.
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COVID-19.
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SUPPLEMENTARY METHODS

Participating Studies

Geisinger Health System (GHS). The GHS MyCode Community Health Initiative study has been

described previously [1]. Briefly, the GHS study is a health system-based cohort from central and
eastern Pennsylvania (USA) with ongoing recruitment since 2006. A subset of 144,182 MyCode
participants sequenced as part of the GHS-Regeneron Genetics Center DiscovEHR partnership
were included in this study. All subjects consented to participation and the analysis was approved
by the Geisinger Institutional Review Board under project number 2006-0258. Information on
COVID-19 outcomes were obtained through GHS’s COVID-19 registry. Patients were identified
as eligible for the registry based on relevant lab results and ICD-10 diagnosis codes; patient charts
were then reviewed to confirm COVID-19 diagnoses. The registry contains data on outcomes,

comorbidities, medications, supplemental oxygen use and ICU admissions.

Penn Medicine BioBank (PMBB) study. PMBB study participants are recruited through the
University of Pennsylvania Health System, which enrolls participants during hospital or clinic
visits. After providing consent, participants donate blood or tissue and allow access to EHR
information[2]. The PMBB COVID-19 registry consists of patients who have positive qPCR
testing for SARS-COV-2. We then used electronic health records to classify COVID-19 patients
into hospitalized and severe (ventilation or death) categories and the study was approved by the

University of Pennsylvania Institutional Review Board (protocol #813913).

UK Biobank (UKB) study. We studied the host genetics of SARS-CoV-2 infection in participants
of the UK Biobank study, which took place between 2006 and 2010 and includes approximately
500,000 adults aged 40-69 at recruitment[3]. In collaboration with UK health authorities, the UK
Biobank has made available regular updates on COVID-19 status for all participants, including
results from four main data types: qPCR test for SARS-CoV-2, anonymized electronic health
records, primary care and death registry data. We report results based on the 8 March 2021 data
refresh and excluded from the analysis 28,547 individuals with a death registry event prior to 2020.
The study was approved by the research ethics committee under approval number 11/NW/0382.



COVID-19 phenotypes used for genetic association analyses

We grouped participants from each study into three broad COVID-19 disease categories (Table
S2): (i) positive — those with a positive qPCR or serology test for SARS-CoV-2, or a COVID-19-
related ICD10 code (U07), hospitalization or death; (ii) negative — those with only negative qPCR
or serology test results for SARS-CoV-2 and no COVID-19-related ICD10 code (U07),
hospitalization or death; and (iii) unknown — those with no qPCR or serology test results and no
COVID-19-related ICD10 code (U07), hospitalization or death. We then used these broad COVID-
19 disease categories, in addition to hospitalization and disease severity information, to create

seven COVID-19-related phenotypes for genetic association analyses, as detailed in Table S3.

Array genotyping

Genotyping was performed on one of four SNP array types: Illumina OmniExpress Exome array
(OMNI; 59345 samples from GHS), [llumina Global Screening Array (GSA; PMBB and 82,527
samples from GHS), Applied Biosystems UK BiLEVE Axiom Array (49,950 samples from UKB),
or Applied Biosystems UK Biobank Axiom Array (438,427 samples from UKB). We retained
variants with a minor allele frequency (MAF) >1%, <10% missingness, Hardy-Weinberg
equilibrium test P-value>107'5. Array data were then used: (i) to define ancestry subsets; and (ii)

as part of the exome-wide association analyses carried out in REGENIE (see below).

Exome sequencing

Sample Preparation and Sequencing. Genomic DNA samples normalized to approximately 16
ng/ul were transferred to the Regeneron Genetics Center from the UK Biobank in 0.5ml 2D matrix
tubes (Thermo Fisher Scientific) and stored in an automated sample biobank (LiCONiC
Instruments) at -80°C prior to sample preparation. Exome capture was completed using a high-
throughput, fully-automated approach developed at the Regeneron Genetics Center. Briefly, DNA
libraries were created by enzymatically shearing 100ng of genomic DNA to a mean fragment size
of 200 base pairs using a custom NEBNext Ultra II FS DNA library prep kit (New England
Biolabs) and a common Y-shaped adapter (Integrated DNA Technologies [IDT]) was ligated to
all DNA libraries. Unique, asymmetric 10 base pair barcodes were added to the DNA fragment
during library amplification with KAPA HiFi polymerase (KAPA Biosystems) to facilitate

multiplexed exome capture and sequencing. Equal amounts of sample were pooled prior to



overnight exome capture, approximately 16 hours, with either (i) a slightly modified version of
IDT’s xGen probe library (for UKB, PMBB and 81,620 samples of GHS); or (ii) NimbleGen
VCRome (58,856 samples of GHS). Captured fragments were bound to streptavidin-coupled
Dynabeads (Thermo Fisher Scientific) and non-specific DNA fragments removed through a series
of stringent washes using the xGen Hybridization and Wash kit according to the manufacturer’s
recommended protocol (Integrated DNA Technologies). The captured DNA was PCR amplified
with KAPA HiFi and quantified by qPCR with a KAPA Library Quantification Kit (KAPA
Biosystems). The multiplexed samples were pooled and then sequenced using: (i) for UKB
samples — 75 bp paired-end reads with two 10 base pair index reads on the [1lumina NovaSeq 6000
platform using S2 or S4 flow cells; (ii) for GHS samples captured with VCRome — 75 bp paired-
end reads with two 8 bp index reads on the Illumina HiSeq 2500; (iii) for GHS captured with IDT
— two 8 bp index reads on the Illumina HiSeq 2500 or two 10 bp index reads on the Illumina
NovaSeq 6000 on S4 flow cells; (iv) for UPENN-PMBB — two 10 bp index reads on the [llumina
NovaSeq 6000 on S4 flow cells.

Variant calling and quality control. Sample read mapping and variant calling, aggregation and
quality control were performed via the SPB protocol described in Van Hout et al. [4]. Briefly, for
each sample, NovaSeq WES reads are mapped with BWA MEM to the hg38 reference genome.
Small variants are identified with WeCall and reported as per-sample gVCFs. These gVCFs are
aggregated with GLnexus into a joint-genotyped, multi-sample VCF (pVCF). SNV genotypes with
read depth (DP) less than seven and indel genotypes with read depth less than ten are changed to
no-call genotypes. After the application of the DP genotype filter, a variant-level allele balance
filter is applied, retaining only variants that meet either of the following criteria: (i) at least one
homozygous variant carrier or (ii) at least one heterozygous variant carrier with an allele balance

(AB) greater than the cutoff (AB * 0.15 for SNVs and AB * 0.20 for indels).

Identification of low-quality variants from exome-sequencing using machine learning. Briefly, in
each study, we defined a set of positive control and negative control variants based on: (i)
concordance in genotype calls between array and exome sequencing data; (ii) Mendelian
inconsistencies in the exome sequencing data; (iii) differences in allele frequencies between exome

sequencing batches (UKB and GHS); (iv) variant loadings on 20 principal components derived



from the analysis of variants with a MAF<1%; (v) transmitted singletons. The model was then
trained on up to 30 available WeCall/GLnexus site quality metrics, including, for example, allele
balance and depth of coverage. We split the data into training (80%) and test (20%) sets. We
performed a grid search with 5-fold cross-validation on the training set to identify the
hyperparameters that return the highest accuracy during cross-validation, which are then applied
to the test set to confirm accuracy. This approach identified as low-quality a total of 7 million
variants in the UKB study (86% in the buffer region), 7.2 million across the two GHS datasets
(IDT and VCRome; 84% in the buffer region) and 1.1 million in the PMBB study (88% in the

buffer region). These variants were removed from analysis in the respective studies.

Gene burden masks. Briefly, for each gene region as defined by Ensembl [5], genotype information
from multiple rare coding variants was collapsed into a single burden genotype, such that
individuals who were: (1) homozygous reference (Ref) for all variants in that gene were considered
homozygous (RefRef); (ii) heterozygous for at least one variant in that gene were considered
heterozygous (RefAlt); (iii) and only individuals that carried two copies of the alternative allele
(Alt) of the same variant were considered homozygous for the alternative allele (AltAlt). We did
not phase rare variants; compound heterozygotes, if present, were considered heterozygous
(RefAlt). We did this separately for four classes of variants: (i) predicted loss of function (pLoF),
which we refer to as an “M1” burden mask; (ii) pLoF or missense (“M2”); (iii) pLoF or missense
variants predicted to be deleterious by 5/5 prediction algorithms (“M3”); (iv) pLoF or missense
variants predicted to be deleterious by 1/5 prediction algorithms (“M4”). Variants were annotated
using SnpEff 4.3[6] and the most severe consequence for each variant was chosen, considering
complete protein-coding transcripts for each gene. The following variants were considered to be
pLoF variants: frameshift-causing indels, variants affecting splice acceptor and donor sites,
variants leading to stop gain, stop loss and start loss. The five missense deleterious algorithms used
were SIFT [7], PolyPhen2 (HDIV), PolyPhen2 (HVAR) [8], LRT [9], and MutationTaster [10].
For each gene, and for each of these four groups, we considered five separate burden masks, based
on the frequency of the alternative allele of the variants that were screened in that group: <1%,
<0.1%, <0.01%, <0.001% and singletons only. Each burden mask was then tested for association

with the same approach used for individual variants (see below).



Genetic association analyses

Association analyses in each study were performed using the genome-wide Firth logistic
regression test implemented in REGENIE [11]. In this implementation, Firth’s approach is applied
when the p-value from standard logistic regression score test is below 0.05. As the Firth penalty
(i.e., Jeffrey’s invariant prior) corresponds to a data augmentation procedure where each
observation is split into a case and a control with different weights, it can handle variants with no
minor alleles among cases. With no covariates, this corresponds to adding 0.5 in every cell of a

2x2 table of allele counts versus case-control status.

In the UKB study, we included in step 1 of REGENIE (i.e. prediction of individual trait values
based on the genetic data) array variants with a minor allele frequency (MAF) >1%, <10%
missingness, Hardy-Weinberg equilibrium test P-value>10"1> and linkage-disequilibrium (LD)
pruning (1000 variant windows, 100 variant sliding windows and 2<0.9). In the GHS and PMBB
studies we instead used exome (not array) variants in step 1. We did this in the GHS study because
two different exome capture technologies (IDT and VCRome) were used to sequence the GHS
samples, and so it was important to capture in step 1 of REGENIE any differences in exome
sequencing performance between IDT and VCRome. For the PMBB study, array data were not yet
available for about 40K samples, and so we used exome data for step 1 to maximize the sample
size available for analysis. We excluded from step 1 any SNPs with high inter-chromosomal LD,

in the major histo-compatibility (MHC) region, or in regions of low complexity.

The association model used in step 2 of REGENIE included as covariates (i) age, age?, sex, age-
by-sex and age?-by-sex; (ii) 10 ancestry-informative principal components (PCs) derived from the
analysis of a set of LD-pruned (50 variant windows, 5 variant sliding windows and r?<0.5)
common variants from the array (imputed for the GHS study; exome for PMBB) data generated
separately for each ancestry; (iii) an indicator for exome sequencing batch (GHS: two IDT batches,
one VCRome batch; UKB: six IDT batches); and (iv) 20 PCs derived from the analysis of exome
variants with a MAF between 2.6x10 (roughly corresponding to a minor allele count [MAC] of
20) and 1% also generated separately for each ancestry. We corrected for PCs built from rare
variants because previous studies demonstrated PCs derived from common variants do not

adequately correct for fine-scale population structure [12, 13].



Within each study, association analyses were performed separately for different continental
ancestries defined based on the array data: African (AFR), Admixed American (AMR), European
(EUR) and South Asian (SAS). We determined continental ancestries by projecting each sample
onto reference principal components calculated from the HapMap3 reference panel. Briefly, we
merged our samples with HapMap3 samples and kept only SNPs in common between the two
datasets. We further excluded SNPs with MAF<10%, genotype missingness >5% or Hardy-
Weinberg Equilibrium test p-value < 10°. We calculated PCs for the HapMap3 samples and
projected each of our samples onto those PCs. To assign a continental ancestry group to each non-
HapMap3 sample, we trained a kernel density estimator (KDE) using the HapMap3 PCs and used
the KDEs to calculate the likelihood of a given sample belonging to each of the five continental
ancestry groups. When the likelihood for a given ancestry group was >0.3, the sample was assigned
to that ancestry group. When two ancestry groups had a likelihood >0.3, we arbitrarily assigned
AFR over EUR (Ngus =36 [0.9%], Nuks = 56 [0.6%], Nupenn-pmBB = 7 [0.1%]), AMR over EUR
(Ngus = 455 [22.5%], Nuks = 436 [47.8%], Nupenn-pmBB = 138 [23.5%]), AMR over EAS (Ngus
=210.05%], Nuks =2 [0.2%], Nupenn-pmBB = 1 [0.2%]), SAS over EUR (Ngus = 32 [7.8%], Nuks
=592 [9.6%], Nupenn-pmBB = 36 [6.3%]), and AMR over AFR (Ngus = 192 [9.5%], Nuks = 51
[5.6%], Nupenn-pmBe = 77 [13.1%]). Samples were excluded from analysis if no ancestry
likelihoods were >0.3, or if more than three ancestry likelihoods were > 0.3 (Ngus = 821, Nuks =
1205, Nupenn-pMBB = 384).

Results were subsequently meta-analyzed across studies and ancestries using an inverse variance-

weighed fixed-effects meta-analysis.

Frequency of ZC3HAV'I rare missense variant in COVID-19 cases from independent studies
To help understand if the association between COVID-19 risk and rs769102632 in ZC3HAVI was
likely to be a true-positive association, we determine its frequency in 6,223 cases from three
additional studies.

GenOMICC (n=4,851). Individuals with severe COVID-19 were ascertained as described
previously[ 14]. DNA samples were then whole-genome sequenced on the Illumina NovaSeq 6000

platform, aligned to the human reference genome hg38 and variant called to GVCF stage on the



DRAGEN pipeline (software v01.011.269.3.2.22, hardware v01.011.269) at Genomics England.
1$769102632 +/-50bp was genotyped with the GATK GenotypeGVCFs tool v4.1.8.1 and filtered
to minimum depth 8X. Ancestry for individuals with array genotyping (n=2,048) was inferred
using ADMIXTURE[15] populations defined in 1000 Genomes[16]. When one individual had a
probability > 80% of pertaining to one ancestry, then the individual was assigned to this ancestry
(n=1,837), otherwise the individual was considered to be of admixed ancestry (n=211), as
performed in the Million veteran program [17]. Of the remaining samples (n=3,014), Somalier
v0.2.12[18] was used to estimate ancestry from the whole-genome sequencing data: 2,606 samples
could be confidently (*92.5% probability) assigned to a population, while the remaining 408 were
assigned to admixed ancestry.

Columbia University COVID-19 biobank (n=1,152). This cohort has previously been
described in detail[19]. Briefly, 1,152 COVID-19 patients that were treated for COVID-19 at the
Columbia University Irving Medical Center were recruited to the Columbia University COVID-
19 Biobank between March and May 2020. All patients had PCR-confirmed SARS-CoV-2
infection and the vast majority had severe COVID-19 requiring hospitalization. For all cases,
exomes were captured with the IDT xGen Exome Research Panel V1.0 and sequenced on
[llumina’s NovaSeq 6000 platform with 150 bp paired-end reads according to standard protocols.
All cases were processed with the same bioinformatic pipeline for variant calling. In brief, reads
were aligned to human reference GRCh37 using DRAGEN and duplicates were marked with
Picard. Variants were called according to the Genome Analysis Toolkit (GATK) Best Practices
recommendations v3.66[20]. Finally, variants were annotated with ClinEff[6] and the IGM’s in-
house tool ATAV[21]. A centralized database was used to store variant and per site coverage data
for all samples enabling well controlled analyses without the need of generating jointly called VCF
files (see Ren et al. 2021 for details[21]). For each patient, we performed ancestry classification
into one of the six major ancestry groups (European, African, Latin, East Asian, South Asian and
Middle Eastern) using a neural network trained on a set of samples with known ancestry labels.
We used a 50% probability cut-off to assign an ancestry label to each sample and labeled samples
that did not reach 50% for any of the ancestral groups as “Admixed”. We only included samples
that had at least 90% of the consensus coding sequence (CCDS release 20[22]) covered at > 10x
and < 3% contamination levels according to VerifyBamID[23]. Additionally, we removed samples

with a discordance between self-declared and sequence-derived gender and samples with an



inferred relationship of second-degree or closer according to KING[24]. All cases had at least 10x
coverage at the position of rs769102632.

Biobanque Québec Covid-19 (n=220). The Biobanque Québec COVID-19
(www.BQC19.ca) is a provincial biobank prospectively enrolling patients with suspected COVID-
19, or COVID-19 confirmed through SARS-CoV-2 PCR testing and was previously described[19].

For this study, we used results from patients with available WGS data and who were recruited at
the Jewish General Hospital (JGH) in Montreal. The JGH is a university affiliated hospital serving
a large multi-ethnic adult population and the Québec government designated the JGH as the primary
COVID-19 reference center early in the pandemic. In total, Biobanque Quebec contained 533
participants with WGS, including 62 cases of COVID-19 who required invasive ventilatory support
(BiPAP, high flow oxygen, or endotracheal intubation) or died, 128 COVID-19 patients who were
hospitalized but did not require invasive ventilatory support, 30 individuals with COVID-19 did not
require hospitalization, and 313 SARS-CoV-2 PCR-negative participants. Using genetic PCAs
derived from genome-wide genotyping, 76% of participants were of European ancestry, 9% were
of African ancestry, 7% were of east Asian ancestry, and 5% were of south Asian ancestry. We
performed WGS at a mean depth of 30x on all individuals using Illumina’s Novaseq 6000 platform
(Illumina, San Diego, CA, USA). Sequencing results were analyzed using the McGill Genome
Center bioinformatics pipelines[25], in accordance with Genome Analysis Toolkit (GATK) best
practices recommendations[20]. Reads were aligned to the GRCh38 reference genome. Variant
quality control was performed using the variantRecalibrator and applyVQSR functions from

GATK.
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