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The COVID-19 pandemic is estimated to have caused over 
4.6 million deaths so far1,2. The predominant cause of mor-
tality is pneumonia and severe acute respiratory distress 

syndrome3. However, COVID-19 can cause multiple organ failure 
through cytokine release, microvascular and macrovascular throm-
bosis, endothelial damage, acute kidney injury and myocarditis4–6. 
Genome-wide association studies (GWAS) are important for iden-
tifying candidate genes and pathways that predispose to complex 
diseases7; genetically validated drug targets are more likely to lead 
to approved drugs8. Two large GWAS were carried out to determine 
whether common variants drive susceptibility to severe COVID-19 
(refs. 9,10). Both studies identified a region of chromosome 3p21.31 
as having the strongest association, while a third study also iden-
tified this locus as conferring susceptibility to infection11. The 
3p21.31 risk haplotype, which arises from Neanderthal DNA12 and 
is currently unexplained with regards to the causal variant(s), causal 
gene(s) and specific role in COVID-19, confers a twofold increased 
risk of respiratory failure from COVID-19 (refs. 9,10) and an over 
twofold increased risk of mortality for individuals under 60 (ref. 13). 
Additionally, the risk variants at this locus are carried by >60% of 
individuals with South Asian ancestry (SAS), compared to 15% of 
European ancestry (EUR) groups, partially explaining the ongoing 
higher death rate in this population in the UK14,15.

Identifying the causal gene(s) and mechanism(s) behind GWAS 
hits poses several challenges. First, a causative variant is usually in 
linkage disequilibrium (LD) with many other variants and these 
can take different forms (SNPs, insertions, deletions and structural 
polymorphisms). Second, the genetic signals are completely cell 
type-agnostic, which makes it challenging to identify appropriate 
experimental models for further investigation. Third, there are mul-
tiple mechanisms by which variants can have an effect. Alteration 
of the protein-coding sequence or RNA splicing, both of which are 
relatively straightforward to disentangle, account for fewer than 
20% of associations in polygenic disease16. The remaining variants 
and their target gene(s) can be very difficult to decode. Many are 
thought to lie within cis-regulatory elements17, such as enhanc-
ers, which are short DNA sequences that often control tissue- and 
developmental stage-specific gene expression. Deciphering the vari-
ants that affect enhancers is challenging because many enhancers 
are only active in specific cell types or at specific times; enhancers 
are often distant in the linear DNA sequence (often 104–106 base 
pairs (bp)) from the genes they control and the effects of sequence 
changes are not straightforward to predict.

We developed a comprehensive platform for decoding the effects 
of sequence variation identified by GWAS16 (Extended Data Fig. 1a). 
This combines computational and wet lab approaches to delineate 
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the identity of causative variants, the cell types involved and effec-
tor genes. Initially, GWAS-identified haplotypes were screened for 
potential protein-coding sequence variants. Variants altering splice 
sites were then assessed using a combination of machine learning18 
and RNA sequencing (RNA-seq) analysis. Conventional genomic 
approaches were then combined with machine learning19 to define 
whether variants were found within, and affected, cis-regulatory 
sequences from a panel of disease-relevant cell types; this allows for 
the identification of the key cell type(s) and the determination of the 
likely causative variant. Subsequently, chromosome conformation 
capture (3C) analysis20–22 was used to identify the gene promoters, 
which physically contacted the candidate enhancer sequence in the 
relevant cell type(s); these data were integrated with gene-expression 
analyses. Finally, genome editing was used to validate the regulatory 
effects of prioritized variants.

In this study, we applied this approach to identify rs17713054 
as a probable causative variant and LZTFL1 as a candidate effec-
tor gene in pulmonary epithelial cells as contributing to the strong 
COVID-19 association at the 3p21.31 locus, with EMT identified as 
a relevant infection response pathway.

Results
The rs17713054 risk allele generates a CCAAT/enhancer binding 
protein beta motif. The 3p21.31 region contains variants associated 

with the autoimmune diseases type 1 diabetes23 and multiple scle-
rosis24, although the lead and tag variants identified in these studies 
are not in high LD with those associated with COVID-19 severity 
(Extended Data Fig. 1b). There are 28 candidate risk variants in LD 
with the original genome-wide significant SNPs9 at 3p21.31 (r2 > 0.8, 
EUR; Extended Data Fig. 1c). None of these variants affect cod-
ing sequences. One SNP, rs35624553, is in the 3′-UTR of the gene 
LZTFL1 (Fig. 1) but this is not a conserved microRNA (miRNA) 
binding site25 and neither miRdSNP26 nor MicroSNiPer27 predict 
that the variant alters miRNA binding. Four other variants are 
within LZTFL1 introns, including the lead SNP rs11385942 (ref. 9).  
None of these are predicted to alter messenger RNA splicing of 
LZTFL1, either by machine learning with SpliceAI18 or splicing 
quantitative trait locus (sQTL)-based approaches28, and the near-
est exon junction to these variants is approximately 500 bp (Fig. 1). 
Therefore, a cis-regulatory mechanism is the most likely explana-
tion for this haplotype.

We first examined open chromatin from 24 diverse immune 
cell populations29 (including T, B, natural killer and dendritic 
cells) in resting and stimulated states but did not identify any of 
the 28 severe COVID-19-associated variants at 3p21.31 in open 
chromatin (Extended Data Fig. 1d), making it unlikely that a 
cis-regulatory mechanism in these immune cell types is responsi-
ble. By considering open chromatin data from 95 diverse cell types,  
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we identified 2 SNPs, rs17713054 and rs76374459, which are found in 
open chromatin30 (Fig. 1 and Extended Data Fig. 2). Machine learn-
ing approaches have proven accurate at predicting allele-specific 

changes in transcription factor binding and chromatin accessibil-
ity31,32, including de novo gain-of-function changes33. We previously 
developed a machine learning model, deepHaem19, which uses 694 
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DNase I hypersensitivity and assay for transposase-accessible chro-
matin using sequencing (ATAC-seq) datasets to predict changes 
to active regulatory elements. Importantly, deepHaem predicted 
that the 26 variants not found in open chromatin have no strong 
gain-of-function effect in any cell type (Extended Data Fig. 3).

Of the two variants in open chromatin, rs76374459 is unlikely 
to be causative. It is not contained within the Vindija Neanderthal 
risk haplotype12 and is not in tight LD with the 3p21.31 lead SNPs 
from either of two GWAS9,10 (rs11385942, r2 = 0.737/0.058, EUR/
SAS; rs73064425, r2 = 0.747/0.058, EUR/SAS). In addition, it is in 
an erythroid-specific enhancer, a cell type not strongly implicated 
in SARS-CoV-2 infection; it is not predicted by machine learning 
to cause damaging effects (Fig. 1 and Extended Data Figs. 2 and 4). 
In contrast, rs17713054 is likely to be a causative SNP since it is in 
tight LD with both lead SNPs (rs11385942, r2 = 1.0/1.0, EUR/SAS; 
rs73064425, r2 = 0.986/0.995, EUR/SAS), is located in open chroma-
tin in numerous COVID-19-relevant cell types, including epithelial 
and endothelial cells (Fig. 1 and Extended Data Fig. 2), where it is 
marked by epigenetic modifications associated with active enhanc-
ers (histone H3 lysine 4 monomethylation (H3K4me1) and his-
tone H3 lysine 27 acetylation (H3K27ac)). Inspection of single-cell 
ATAC-seq (scATAC-seq) from healthy lung34,35 showed that this 
enhancer is present in several lung epithelial cell types, includ-
ing the ciliated epithelium and club cells that line the respiratory 
tract, and in type 1 and type 2 pneumocytes, which form the alveoli 
(Fig. 1 and Extended Data Fig. 5). Interestingly, deepHaem pre-
dicted that the rs17713054 risk allele, which is the minor allele A 
(minor allele frequency (MAF): 0.0817 EUR, 0.377 SAS36), acts as a 
gain-of-function mechanism by augmenting an existing enhancer, 
resulting in increased chromatin accessibility in both epithelial and 
endothelial cells and particularly in primary lung tissue (Fig. 2a).  
Analysis of ATAC-seq for human aortic endothelial cells from 48 
individuals37 showed that the rs17713054-containing enhancer was 
significantly more accessible in heterozygous A/G donors than 
homozygous G/G donors (Fig. 2b); in heterozygous samples, more 
reads originated the risk A allele than the non-risk G allele (Fig. 2c).

Sequence analysis showed that the risk allele generates a second 
CCAAT/enhancer binding protein beta (CEBPB) motif38 in the 
enhancer (Fig. 2d). The biological relevance of this new motif is 
supported by strong expression of CEBPB in lung tissue28 and chro-
matin immunoprecipitation followed by sequencing (ChIP-seq) of 
CEBPB in HeLa, A549 alveolar basal epithelial adenocarcinoma 
and IMR-90 lung fibroblast cells39––which are homozygous G/G 
non-risk––showing weak binding at the enhancer (Extended Data 
Fig. 6a–d). Furthermore, deepHaem predicted that rs17713054-A 
would lead to increased CEBPB binding in IMR-90 and A549 cells 
(Extended Data Fig. 6e). An orthogonal DNase I hypersensitivity 
footprinting-based approach, Sasquatch40, uses genome-wide, cell 
type-specific motif footprints to predict how sequence-specific 
changes alter transcription factor binding. This found that motifs 
containing either allele have strong DNase I footprints. When com-
paring motifs with the risk A allele with the non-risk G allele, risk 
A motifs showed a weak gain in accessibility in fetal lung and IMR-

90 lung fibroblast cells (Fig. 2e), corroborating a gain-of-function 
mechanism.

The rs1773054 enhancer interacts with the LZTFL1 promoter. 
The 3p21.31 locus is gene-dense and contains several candidates 
that could potentially be involved in COVID-19 pathogenesis. 
These include three chemokine receptors: CCR9 (which encodes 
a lymphocyte-expressed C-C chemokine receptor41); CXCR6 
(which is associated with sarcoidosis and is a coreceptor for 
HIV42,43); and XCR1 (which encodes a X-C chemokine receptor). 
Transcriptome-wide association study (TWAS) analysis also identi-
fied CCR2, CCR3 and FYCO1, which lie up to 500 kilobases (kb) 
away, as candidate effector genes for the 3p21.31 COVID-19 associ-
ation10. In addition, there are the two nearest genes that are less well 
studied: SLC6A20 (the SIT1 imino acid transporter associated with 
glycinuria44) and LZTFL1 (ref. 45), the homozygous loss of which 
causes the classical ciliopathy Bardet–Biedl syndrome46,47.

To identify candidate target genes of the rs17713054 enhancer 
we performed NuTi Capture-C20,21 from the promoters of genes 
in surrounding regulatory domains (Methods) in primary human 
umbilical vein endothelial cells (HUVECs) where the rs17713054 
enhancer is accessible, as well as resting and stimulated primary 
CD4+ T cells, primary CD14+ monocytes, CD71+ CD235+ erythroid 
cells and H1 human embryonic stem cells (H1-hESCs), where the 
enhancer is not accessible. In all cell types tested, all 28 COVID-19- 
associated variants fell within a domain of interaction that con-
tained only the promoters of LZTFL1, SLC6A20 and CCR9, and is 
delimited by convergent CTCF boundary motifs (Fig. 3a). Within 
this domain, the promoters of both LZTFL1 and SLC6A20 inter-
acted more strongly with the rs17713054 enhancer than CCR9 
(Fig. 3b). Reciprocal Capture-C from the rs17713054 enhancer also 
showed that its interactions were primarily constrained to the same 
domain (Extended Data Fig. 7a). Notably, inside this domain, sev-
eral tissue-specific enhancers could be seen for immune, erythroid 
and endothelial cell types, altering the interaction profile of the 
ubiquitously accessible LZTFL1 promoter and indicating dynamic 
regulation (Supplementary Fig. 1).

We went on to perform Micro Capture-C (MCC), a 3C method 
that provides higher resolution data than conventional approaches22, 
from the rs17713054 enhancer in endothelial cells. MCC in 
HUVECs delineated significant tissue-specific interaction with the 
LZTFL1 promoter and the nearest upstream boundary CTCF site 
but no other significant peaks of interactions with any of the other 
gene promoters in the region (Fig. 3c and Extended Data Fig. 7a). 
Importantly, we did not find a peak of interaction with SLC6A20, 
probably because ENCODE datasets show that SLC6A20 carries 
Polycomb repression marks in endothelial (HUVEC) and nor-
mal human lung fibroblast (NHLF) cells (Extended Data Fig. 7b). 
Additionally, the LZTFL1 promoter was more consistently acces-
sible in cells where rs17713054 was also accessible (Extended Data 
Fig. 7c,d). Therefore, LZTFL1 is the most likely direct regulatory 
target of the rs17713054-containing epithelial–endothelial–fibro-
blast enhancer.

Fig. 3 | The interaction landscape of the severe COVID-19 risk locus. a, DpnII Capture-C-derived mean interaction count (n = 3 for all except CD14+, n = 2) 
and 1 s.d. (shading) for gene promoters in HUVECs, resting and activated T cells (CD4+ nonactivated/activated), monocytes (CD14+), CD71+ CD235+ 
erythroid cells and H1-hESCs. The enhancer containing rs17713054 is highlighted by a gray box. ATAC-seq/DNase I for each cell type is shown underneath 
in black. The CTCF track shows binding of the CCAAT-binding factor that acts as a boundary with forward and reverse motif orientation shown with 
arrowheads (red and blue, respectively). Three broad regulatory domains were identified as regions with overlapping interactions (region: chr3:45,400,000–
46,200,000, hg38). Per-fragment interactions were smoothed using 400-bp bins and an 8-kb window. b, The rs17713054 regulatory domain in endothelial 
cells (HUVECs). Overlaid DNase I shows accessible sites in 95 cell types and H3K27ac shows active elements (region: chr3:45,730,000–45,930,000, 
hg38). Per-fragment interactions were smoothed using 250-bp bins and a 5-kb window. The solid line shows the mean interaction count (n = 3 independent 
samples) with 1 s.d. (shading). c, MCC of the rs17713054 enhancer in endothelial (HUVECs, blue) and erythroid (HUDEP-2, red) cells with tissue-specific 
open chromatin tracks (n = 3). Peak analysis of MCC using LanceOtron to compare the HUVEC and HUDEP-2 profiles identified two significantly enriched 
peaks in HUVEC cells (black triangles, P ≤ 1 × 10−999) that correspond to the LZTFL1 promoter and upstream CTCF site.
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rs17713054 A is associated with higher gene expression in the  
lung. Disease biology, deepHaem, TWAS analysis10 and a phenome- 
wide association study11 identified lung tissue and function as key 
for the 3p21.31 COVID-19 association. Analysis of whole-lung 
RNA-seq28 showed that LZTFL1 is strongly expressed in the lung  
(Fig. 4a) and single-cell RNA-seq (scRNA-seq)48 showed that LZTFL1 
is present throughout the respiratory epithelium but predominantly 
expressed in ciliated cells (Fig. 4b,c). Of the other candidate genes 

identified in this study and elsewhere10,49,50 (SLC6A20, CCR2, CCR3, 
CCR9, CXCR6 and FYCO1), only SLC6A20 and FYCO1 were con-
sistently expressed in both lung bulk and scRNA-seq datasets, 
although CCR2 and CXCR6 were found in bulk RNA-seq. FYCO1 
was found in most cell types and SLC6A20 was restricted to goblet 
cells and alveolar type 2 pneumocytes (Fig. 4 and Extended Data 
Fig. 8). Analysis using the Genotype-Tissue Expression28 (GTEx) 
portal for expression quantitative trait loci (eQTLs) showed that the 
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rs17713054 A risk allele was associated with higher levels of expres-
sion in the lung of LZTFL1 and SLC6A20 but not the other genes 
(Fig. 4d and Extended Data Fig. 8). Colocalization analysis51 showed 
that these GWAS and eQTL associations are more likely as a result 
of a single variant (posterior probability (PP) = 0.2657) than two 
distinct variants (PP = 0.0566).

CRISPR–Cas9 genome editing52 allows the possibility to test 
the role of the rs17713054 enhancer in the regulation of LZTFL1 
and SLC6A20. Since the enhancer shows accessibility in epithe-
lial, endothelial and mesenchymal cells (Extended Data Fig. 9a), 
we used CRISPR–Cas9 ribonucleoprotein (RNP) editing to delete 
either a 108- or 191-bp region at high efficiency (>70%) from 
H441 distal lung epithelial cells, adult blood outgrowth endothe-
lial cells, HUVECs and IMR-90 lung fibroblast cells (Extended Data  
Fig. 9b–d and Supplementary Fig. 2). Using real-time quantitative 
PCR (qPCR) we detected no effect on LZTFL1 expression after 
enhancer deletion (Extended Data Fig. 9e), which is consistent 
with a study that CRISPR interference in the 16HBE14o- bron-
chial epithelial cell line had no effect on nearby gene expression50. 
Since SLC6A20 is Polycomb-repressed in fibroblasts and endothe-
lial cells, it was undetectable by qPCR with reverse transcription 
(RT–qPCR). To understand the unexpected result, we generated 
H3K27ac ChIP-seq in all four cell types (Extended Data Fig. 9f,g). 
The rs17713054 enhancer lacked strong H3K27ac and was probably 
inactive, explaining the lack of effect seen by deletion. Therefore, a 
suitable cell model for testing the effects of rs17713054, particularly 
in the lung epithelium, is not currently available.

Epithelial dysfunction in the COVID-19 lung. Given that the 
rs17713054 enhancer is present and LZTFL1 is expressed in lung 

epithelial cells, the respiratory epithelium is of particular inter-
est for understanding the association at 3p21.31. EMT, a devel-
opmental pathway that allows terminally differentiated epithelial 
cells to dedifferentiate and acquire mesenchymal identity, plays a 
key role in the innate immune response, is a consequence of lung 
inflammation and is involved in both the development and resolu-
tion of pneumonitis53–56. SARS-CoV-2 is known to induce EMT in 
both lung carcinoma cell lines and in the respiratory tract57,58 and 
LZTFL1 is known to regulate EMT through Wnt/β-catenin, hedge-
hog and transforming growth factor-β (TGF-β) signaling59,60. In the 
context of malignancy, increased levels of LZTFL1 inhibits EMT, 
whereas decreased LZTFL1 promotes EMT45,59,60.

Defining EMT in complex tissues is challenging due to its diverse 
and dynamic nature but can be achieved through a combined assess-
ment of cellular reorganization, an abundance of fibroblasts (which 
are a product of EMT), presence of EMT-promoting signaling path-
ways and coexpression of epithelial and mesenchymal markers61. 
Consistent with the work by others62,63, we saw widespread epithe-
lial dysfunction and diffuse alveolar damage with reorganization 
indicative of EMT evident in postmortem biopsies of three patients 
with COVID-19. Dysfunction in ciliated airways included denuda-
tion, hyperplasia and squamous metaplasia (Fig. 5a). Features of 
diffuse alveolar damage included pneumocyte hyperplasia, hya-
line membrane deposition, immune inflammation, fine and focal 
fibrosis and squamous metaplasia (Fig. 5b). Between the areas of 
interstitial expansion and fibrotic foci, there was an accumulation 
of fibroblasts, which is generally absent from healthy lung tissue.

We previously generated selective spatial transcriptomics from 46 
areas of postmortem biopsies from patients with critical COVID-19 
covering a spectrum of alveolar injury64. To explore the expression 
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profiles of EMT-relevant genes we used both a cell deconvolution 
approach65, to estimate cell abundance through gene transcripts, 
and a weighted gene correlation network analysis66 (WGCNA), to 
identify modules of coregulated gene-expression patterns that were 
assigned to cell types or biological processes. As expected, epithelial 
marker genes (CDH1, EPCAM) were naturally associated with alve-
olar type (AT) 1 and AT2 pneumocytes, as well as both of the epithe-
lial and AT2 pneumocyte WGCNA modules (Fig. 5c and Extended 
Data Fig. 10). However, AT1 was also positively associated with the 
hallmark EMT gene ACTA2 (actin alpha 2, smooth muscle; Hmisc 
rcorr asymptomatic P = 0.0014), as were both the AT2 and epithelial 
modules (P = 0.0069 and P = 9.59 × 10−9, respectively). These two 
modules were also positively associated with a second mesenchy-
mal EMT marker gene, the receptor tyrosine kinase encoding AXL 

(P = 0.0002 and P = 0.0031). We next investigated EMT-associated 
transcription factors, finding SNAI1 (snail family transcriptional 
repressor 1) positively associated with the epithelial module 
(P = 0.0491) and AT1 cells (P = 0.0432), while fibroblasts were asso-
ciated with SNAI2 (P = 1.08 × 10−6) and the fibroblast module was 
associated with both SNAI2 (P = 1.54 × 10−8) and ZEB2 (zinc finger 
E-box binding homeobox 2; P = 0.0144). Finally, we investigated the 
Wnt/β-catenin and TGF-β pathways, finding that both pneumocyte 
subtypes (AT1, AT2) and both epithelial modules were associated 
with TGF-β signaling receptor genes (TGFBR1 and TGFBR2) and 
Wnt signaling genes that encode β-catenin and frizzled receptors 
(CTNNB1 and FZD6). By contrast, neither CD8+ T cells nor the cyto-
toxicity and T cell module expressed epithelial or mesenchymal genes 
but they expressed TGFB1 (P = 0.0029 and P = 0.0005, respectively).  
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The colocalized expression of mesenchymal genes with epithelial 
cells, along with the expression of EMT transcription factors and 
associated signaling pathways is indicative of the EMT process, 
highlighting the relevance of this cellular reorganization pathway 
in COVID-19. Therefore, the modulation of EMT by LZTFL1 may 
be of relevance to the pathological outcome of COVID-19 infection.

Discussion
We applied a machine learning and molecular biology platform 
for decoding GWAS hits and identified a relatively unstudied gene, 
LZTFL1, as a candidate causal gene potentially responsible for the 
twofold increased risk of respiratory failure from COVID-19 asso-
ciated with 3p21.31. The risk allele of the SNP, rs17713054 A, leads 
to increased transcription through augmentation of an epithelial–
endothelial–fibroblast enhancer, facilitated by the addition of a sec-
ond CEBPB binding motif.

MCC identified LZTFL1 as the only gene to specifically inter-
act with the rs17713054 enhancer. However, it is possible LZTFL1 
may not be the sole causal gene at 3p21.31. Two TWAS identi-
fied 11 candidate genes at this locus10,49, including LZTFL1 and 
SLC6A20, but only these two genes have strong 3C contacts with 
the rs17713054 enhancer and lung eQTLs. TWAS cannot differenti-
ate between direct and indirect regulation67. The absence of a 3C 
interaction with COVID-19 severity-associated variants suggests 
that there may be an indirect effect for other genes, with the caveat 
that it is possible that a direct effect may occur in an untested cell 
type. While the ultrahigh resolution MCC approach only identi-
fied physical contacts between LZTFL1 and rs17713054, traditional 
3C found both CCR9 and SLC6A20 to be in the same regulatory 
domain. CCR9 is not expressed in the lung and rs17713054 is not in 
an active enhancer in immune cells, where CCR9 is expressed. Both 
LZTFL1 and SLC6A20 have higher expression in the presence of the 
rs17713054 risk allele; it is plausible that in cells where SLC6A20 is 
not Polycomb-repressed (for example, goblet cells and AT2 pneu-
mocytes), it also directly interacts with the rs17713054 enhancer 
and would thus be affected by the risk allele.

The biological relevance of SLC6A20 to COVID-19 is unclear. 
It is primarily expressed in the kidneys and gastrointestinal tract 
and its associated Mendelian disease causes renal calculi due to 
failure of reuptake of glycine in the nephron44. Nevertheless, its 
function as an imino acid transporter is modulated by levels of 
angiotensin-converting enzyme 2 (ref. 68) (ACE2), which is a cell 
receptor for SARS-CoV-2 (ref. 69). Conversely, LZTFL1 is widely 
expressed in pulmonary epithelial cells, including ciliated epithe-
lial cells, which have been identified as one of the main cellular 
targets for SARS-CoV-2 infection70. Furthermore, homozygous 
loss of LZTFL1 causes a classical ciliopathy––Bardet–Biedl syn-
drome46,47. The association of 3p21.31 variants with susceptibility 
to SARS-CoV-2 infection, as well as disease severity, highlights the 
importance of the respiratory epithelium for this locus11. LZTFL1 
encodes a cytosolic leucine zipper protein, which associates with 
the epithelial marker E-cadherin and is involved in the trafficking 
of numerous signaling molecules45,71–74. We note that upregula-
tion of LZTFL1 in the context of malignancy inhibits EMT45,59,60, 
a pathway known to be part of both wound healing and immune 
responses53–56.

Examination of postmortem COVID-19 lung biopsies demon-
strated widespread epithelial dysfunction with EMT signatures62,63. 
Consistently, scRNA-seq showed a reduction in the total numbers 
of epithelial cells after infection75, with a lower epithelial compo-
sition correlating with a more rapid progression from symptom 
onset to death76. The samples analyzed in this study showed few 
areas of healthy tissue and it is possible that inflammation or neu-
trophil extracellular traps, rather than direct viral infection, was 
driving this epithelial dysfunction58 and that LZTFL1 acts earlier in 
disease progression, contributing to poor structural resolution of  

inflammation. Expression profiling of nasal epithelia from patients 
with COVID-19 detected EMT signals in the upper respiratory 
tract57. Similarly, SARS-CoV-2 infection of both a reconstructed 
human bronchial epithelium model and Syrian hamster induced 
dedifferentiation of airway ciliated cells77, highlighting the rele-
vance of this pathway and cell type. As such, an effect of the 3p21.31 
locus in the early epithelial response may contribute to suscepti-
bility to SARS-CoV-2 infection11. Although both influenza and 
SARS-CoV-2 have been shown to induce EMT57,78, its role in viral 
infection is not entirely clear. While chronic EMT leads to fibrosis 
and severe inflammation, acute EMT may be a beneficial response. 
In the context of viral infection, EMT leads to a reduction of two of 
the cell receptors of SARS-CoV-2: ACE2 and transmembrane prote-
ase serine 2 (TMPRSS2) (refs. 57,79). A reduction in these cell surface 
markers as a result of EMT could reduce viral load by decreasing 
infection efficiency and preventing severe disease. Conversely, EMT 
allows for epithelial cells to proliferate, repair damaged tissue and 
replace lost cells, which may be required to overcome severe disease.

For the 3p21.31 COVID-19 risk locus, higher risk is associated 
with increased expression of LZTFL1, a known EMT inhibitor. 
Higher levels of LZTFL1 may delay the positive effects of an acute 
EMT response, blocking a reduction in ACE2 and TMPRSS2 levels 
and/or through slowing EMT-driven tissue repair. Further inves-
tigation of the potential role of LZTFL1 and EMT in pulmonary 
pathogenesis is needed. Our findings suggest that a gain-of-function 
variant in an inducible enhancer, causing increased expression of 
LZTFL1, may be associated with a worse outcome. This raises the 
possibility that LZTFL1 could be a potential therapeutic target for 
the treatment or prevention of COVID-19.
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Methods
Human research ethics compliance. All samples and information were collected 
with written and signed informed consent. For erythroid cells, peripheral blood 
was obtained with approval from the North West Research Ethics Committee of 
the NHS National Research Ethics Services (03/08/097). Blood samples for CD4+ 
cells were obtained from donors recruited from the Cambridge BioResource. The 
study was approved by the East of England––Cambridgeshire and Hertfordshire 
Research Ethics Committee (05/Q0106/20). CD14+ samples were isolated from 
healthy donors with approval from the Oxfordshire Research Ethics Committee 
COREC (06/Q1605/55). Patient samples were acquired and analyzed with approval 
from the ethics committee of the University of Navarra (15/05/2020) and the 
Medical Sciences Interdivisional Research Ethics Committee of the University of 
Oxford (approval no. R76045/RE001). Hematopoietic stem and progenitor cells 
from healthy donors were stored in accordance with the Human Tissue Authority 
(license no. 12433).

Cell isolation, culture and stimulation. The H1-hESC (https://scicrunch.
org/resolver/CVCL_9771) WA01 WiCell cell line (research resource identifier 
(RRID):CVCL_9771) was grown on Matrigel-coated (Corning) plates in mTeSR1 
medium (STEMCELL Technologies). Cells were collected as a single-cell 
suspension using Accutase (Merck Millipore); fixation was carried out in 
mTeSR1 medium. Primary neonatal HUVECs (catalog no. CC-2517, Lonza; 
catalog no. C0035C, Gibco; catalog no. C-12200, PromoCell) were expanded in 
endothelial cell growth medium (Sigma-Aldrich) up to five passages according 
to the manufacturer’s protocol. For passaging, HUVECs were grown to 60% 
confluence, washed with Hanks’ Balanced Salt Solution at room temperature and 
subcultured after light trypsinization using trypsin-EDTA (Sigma-Aldrich) at 
room temperature with trypsin inhibitor (Sigma-Aldrich) added on rounding of 
the cells to achieve gentle release from the flask. HUVECs were fixed in Roswell 
Park Memorial Institute (RPMI) 1640 supplemented with 10% FCS. For erythroid 
cells, CD34+ hematopoietic stem and progenitor cells were isolated from the 
peripheral blood of 2 healthy males and 1 healthy female and differentiated ex 
vivo for 13 d as described previously82. CD4+ T cells were enriched from whole 
blood (93–99% pure, RosetteSep Human CD4+ T Cell Enrichment Cocktail; 
STEMCELL Technologies) and were plated at 250,000 cells per well in U-96 well 
plates (Greiner) and cultured in medium alone or stimulated with anti-CD3/
CD28 T-activator beads (Dynabeads; Thermo Fisher Scientific) at a ratio of 0.3 
beads per cell for 4 h at 37 °C in X-VIVO 15 (Lonza), 1% AB serum (Lonza) and 
penicillin-streptomycin (Thermo Fisher Scientific). Nonactivated or activated 
CD4+ T cells were pooled after 4 h of culture and fixed in growth medium. For 
CD14+ cells, peripheral blood mononuclear cells (PBMCs) were obtained by 
Ficoll-Paque (GE Healthcare) density centrifugation of whole blood collected 
into EDTA tubes (BD Vacutainer system) or leukocyte cones (NHS Blood and 
Transplant). Monocyte isolation was carried out by positive selection using 
magnetic-activated cell sorting with CD14+ beads (Miltenyi Biotec) according 
to the manufacturer’s instructions. IMR-90 (https://scicrunch.org/resolver/
CVCL_0347) lung fibroblasts (CCL-186, RRID:CVCL_0347; ATCC) were 
cultured in Eagle’s minimal essential medium supplemented with 10% FCS, 
1 mM of sodium pyruvate (Gibco), 1× MEM nonessential amino acids (Gibco) 
and penicillin-streptomycin (100 U ml−1 each). Cells were subcultured every 3 d 
after light trypsinization using 0.05% trypsin-EDTA (Gibco). Blood outgrowth 
endothelial cells (BOECs) were isolated as described previously83. Briefly 
20–40 ml of fresh blood was diluted 1:1 with PBS, layered over Histopaque-1077 
(Sigma-Aldrich) and centrifuged for 15 min at 500 g, brake off. PBMCs were 
washed with PBS then resuspended in EGM-2 BulletKit growth medium 
(Lonza) supplemented with 10% heat-inactivated FCS. Cells were cultured 
for 21–28 d in collagen-coated flasks until BOEC colonies formed. BOEC 
colonies were passaged by light trypsinization. BOEC cells were passaged twice 
before any experimentation to ensure endothelial cell purity, which was also 
confirmed by FACS and immunofluorescence. BOEC cells were fixed in growth 
medium. NCI-H441 (https://scicrunch.org/resolver/CVCL_1561) cells (HTB-
174, RRID:CVCL_1561; ATCC) were grown in RPMI 1640 medium (Gibco) 
supplemented with 10% non-heat-inactivated FCS (Sigma-Aldrich) and 1% 
penicillin-streptomycin (Gibco); cells were given fresh medium every 2 d and 
passaged by light trypsinization twice weekly. Human umbilical derived erythroid 
progenitor line 2 cells84 (HUDEP-2 (https://scicrunch.org/resolver/CVCL_VI06), 
RRID:CVCL_VI06) were provided by RIKEN and were maintained at 0.7–1.5 × 106 
cells ml−1 in HUDEP expansion medium (serum-free expansion medium, 
50 ng ml−1 of stem cell factor, 3 IU ml−1 of erythropoietin, 10 µM of dexamethasone, 
1% L-glutamine, 1% penicillin-streptomycin) and changed into fresh medium 
containing 2× doxycycline every 2 d.

Variant effect sequence predictions. Linkage analysis was determined using the 
LDlink web tool v.5.1 (LDproxy, LDpair; https://ldlink.nci.nih.gov/). Candidate 
variants either achieved genome-wide significance in the first COVID-19 
GWAS9 or were in tight linkage (r2 > 0.8) with lead variants from the first two 
large COVID-19 GWAS9,10. The deepHaem convolutional neural network19 
was trained with 4,384 ENCODE peaks calls (694 open chromatin DNase I/
ATAC-seq, 1,750 transcription factor ChIP-seq and 1,940 histone modification 

ChIP-seq) and is available via GitHub (model 4; https://github.com/rschwess/
deepHaem). Identification of CEBPB motifs was performed by Find Individual 
Motif Occurrences (FIMO)85 analysis of reference and variant containing the 
enhancer sequence (chr3:45,817,661–45,818,660, hg38) with the JASPAR86 motif 
MA0466.1. Sasquatch40 was run using the default Workflow 3 settings (v1.0, 7-mer, 
propensity-based (erythroid), exhaustive) on the web interface (https://sasquatch.
molbiol.ox.ac.uk/cgi-bin/foot.cgi). Masked SpliceAI18 predictions for each variant 
were extracted from the coding genome scan for substitutions, 1-base insertions 
and 1–4 base deletions (https://github.com/Illumina/SpliceAI). Conserved miRNA 
binding sites were identified using TargetScan25 (v7.2, http://www.targetscan.org/
vert_71/). SNP predictions were identified using the miRdSNP26 database (v11.03, 
http://mirdsnp.ccr.buffalo.edu/browse-genes.php) and the MicroSNiPer27 web tool 
(release 19, http://vm24141.virt.gwdg.de/services/microsniper/index.php), using 
6-mer, 7-mer, 8-mer and 9-mer settings.

Colocalization analysis. Harmonized summary statistics for severe COVID-
19 (ref. 9) were downloaded from the GWAS Catalog87 (GCST90000256). 
Summary statistics for all lung eQTL–variant pairs (V8) in individuals with 
European-American ancestry were downloaded from the GTEx portal28. 
Coloc51 v.5.0.1 analysis of variants within 200 kb of the predicted causal variant 
(rs17713054) was implemented in R. Inputs of GWAS size (n = 3,795), GWAS case 
frequency (0.419), eQTL study size (n = 515) and association β, s.e.m., MAFs and 
z-scores were used in a sensitivity analysis88 that showed a prior probability of 
colocalization (p12) of 1 × 10−5 tested approximately equal prior probability of both 
H3 (two distinct causal variants for the GWAS and eQTL trait) and H4 (a single 
causal variant).

3C. Gene promoters were selected for Capture-C using 10-kb resolution Hi-C 
data on the 3D Genome Browser89 (http://3dgenome.fsm.northwestern.edu/
index.html) from a range of cell types to identify putative regulatory domains and 
interactions with rs17713054. Capture-C was performed as described previously 
with either the NG or NuTi method20,21,90. Briefly 5–20 million cells were fixed 
with 2% formaldehyde and 3C libraries were generated using the high-resolution 
DpnII enzyme. Targeted enrichment was performed using SeqCap reagents 
(Roche) and 100-mer biotinylated oligonucleotides (Supplementary Table 2) 
at the optimal titrated concentration21. Libraries were sequenced using 75 bp 
paired-end reads on an Illumina NextSeq Platform to generate over 250,000 reads 
per viewpoint per sample. For MCC22, aliquots of 1–2 × 107 cells were fixed for 
10 min with 2% formaldehyde in 10 ml of growth medium. Formaldehyde was 
quenched with 125 mM of glycine and cells were pelleted (5 min, 500 g, 4 °C) and 
washed with PBS. Cells were resuspended in 1 ml of PBS and permeabilized with 
0.005% digitonin. Cells were pelleted and resuspended in 800 µl of reduced calcium 
content micrococcal nuclease buffer (10 mM of Tris-HCl, pH 7.5, 1 mM of CaCl2). 
Chromatin was digested for 1 h at 37 °C inside intact, permeabilized cells in three 
separate reactions using 5–120 Kunitz units of micrococcal nuclease (New England 
Biolabs). Digestion was quenched by with 5 mM of EGTA (Sigma-Aldrich). Cells 
were pelleted and washed with PBS before end-repair and phosphorylation; 
cells were resuspended in 400 µl of DNA ligase buffer (Thermo Fisher Scientific) 
supplemented with 400 µM of each of deoxyATP, deoxyCTP, deoxyGTP and 
deoxyTTP and 5 mM of EGTA, 200 U ml−1 of T4 Polynucleotide Kinase (New 
England Biolabs) and 100 U ml−1 DNA Polymerase I, Large (Klenow) Fragment 
(New England Biolabs) for 2 h at 37 °C. To ligate DNA fragments, T4 DNA ligase 
(Thermo Fisher Scientific) was added at 300 U ml−1 and the reaction was incubated 
at room temperature for 8 h. Chromatin was de-crosslinked with proteinase K at 
65 °C for over 4 h and DNA was extracted using either phenol chloroform with 
RNase treatment (Roche) and ethanol precipitation or using the DNeasy Blood 
and Tissue Kit (QIAGEN). MCC libraries were sonicated to 200-bp fragments and 
indexed using NEBNext Ultra II indexing reagents (New England Biolabs) with the 
following modifications: 2 µg of DNA was indexed; 5 µl of adapter was used; bead 
cleanups were performed with 1.5 volumes of AMPure XP beads; and Herculase 
II PCR reagents (Agilent) were used for the indexing PCR. Target enrichment 
was performed using double capture with 120-bp biotinylated oligonucleotides 
(Supplementary Table 3) with SeqCap Reagents (Roche). Enriched libraries were 
sequenced on the NextSeq platform using 150-bp paired-end reads to generate 
approximately 1 M reads per viewpoint.

3C data analysis. NuTi Capture-C data were mapped to the hg38 using 
CCseqBasicS91 (v5, https://github.com/Hughes-Genome-Group/CCseqBasicS) 
using Bowtie 2. Briefly, CCseqBasic5 (ref. 92) trims adapter sequences, flashes read 
pairs, digests fragments in silico and uses map reads before identifying sequences 
as either capture and reporter. Replicates were compared using CaptureCompare93 
(v1, https://github.com/Hughes-Genome-Group/CaptureCompare), which 
normalizes cis reporter counts per 100,000 cis reporters, generates per-fragment 
mean counts for each cell type and then bins reporter counts in equally sized 
regions to generate a windowed profile. For MCC, adapters were removed using 
TrimGalore94 v.0.3.1, then fragments were reconstructed with FLASH95 v.1.2.11 
into single sequences using the central area of overlapping reads. Fragments were 
mapped to the oligonucleotide DNA sequence ±350 bp using BLAT96 v.35 to 
identify ligation junctions, allowing splitting of reads into new paired FASTQ files 
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using MCCsplitter.pl v1 and subsequent mapping to hg38 with Bowtie 2 (ref. 97) 
v.2.3.5. PCR duplicates were removed from the alignment files with MCCanalyser.
pl v1 using both sonicated ends and ligation junction with a wobble of ±2 bp. 
MCCsplitter.pl and MCCanalyser.pl are available for academic use through the 
Oxford University Innovation software store (https://process.innovation.ox.ac.uk/
software/p/16529a/micro-capture-c-academic/1). MCC tissue-specific peaks for 
rs17713054 were called using LanceOtron98 on the web tool ‘Find and Score Peaks 
with Inputs’ (v2, https://lanceotron.molbiol.ox.ac.uk) using the HUDEP-2 MCC 
profile as an input track.

Genome editing. For the deletion of the rs17713054 enhancer, cells were 
transfected with 5 µg of Alt-R S.p. Cas9 nuclease V3 RNP (Integrated DNA 
Technologies) and 0.1 nmol each of two guide RNAs (Supplementary Table 4). 
All transfections were carried out with 1–2 × 105 cells in 20-µl reactions using a 
4D-Nucleofector (Lonza); IMR-90 fibroblast cells were electroporated using Amaxa 
Cell Line Nucleofector Kit V reagents (Lonza) with program CM-120. HUVECs 
and BOECs were electroporated using Amaxa P5 Primary Cell 4D-Nucleofector 
X Kit S reagents (Lonza) with program CA-167 and H441 epithelial cells were 
electroporated using P3 Primary Cell 4D-Nucleofector X Kit S reagents (Lonza) 
with program EL-10. Cells were cultured for 24 h in 2 ml of antibiotic-free growth 
medium in a single well of a 6-well plate before expansion in fully supplemented 
media. Bulk DNA was extracted using the DNeasy Blood and Tissue Kit and the 
edited region (chr3:45,817,769–45,818,459; hg38) was amplified using the Platinum 
PCR SuperMix (Invitrogen) with 5′-GGAAAGAACACGCATAAACCATA-3′ 
(forward primer) and 5′-CTCATCCCACAGTGAACTAAGAA-3′ (reverse 
primer). Editing efficiency was determined using a D1000 TapeStation and Sanger 
sequencing with the forward primer and Synthego ICE analysis (https://ice.
synthego.com/#/).

RT–qPCR. For expression analysis, cells were grown to >80% confluence in 
a single well of a 6-well plate. Cells were lysed by adding 1 ml of TRI Reagent 
(Sigma-Aldrich), snap-frozen and stored at −80 °C for less than 6 months. RNA 
was separated by adding 100 µl of 1-bromo-3-chloropropane, centrifuged in a 
Phase Lock Gel Heavy tube (5Prime) for 5 min at 10,000 g and precipitated in 
an equal volume of isopropanol (500 µl) with 1 µl of GlycoBlue (Thermo Fisher 
Scientific). DNA was removed using the DNA-free DNA Removal Kit (Invitrogen) 
and complementary DNA (cDNA) was generated using 1 µg of total RNA with 
SuperScript III First-Strand Synthesis SuperMix reagents (Thermo Fisher 
Scientific). qPCR was performed using a 1:10 dilution of cDNA, TaqMan Universal 
PCR Master Mix II without UNG (Thermo Fisher Scientific) and TaqMan Gene 
Expression Assays (Thermo Fisher Scientific) for LZTFL1 (Hs00947898_m1), 
SLC6A20 (Hs00610960_m1) and RPL18 (Hs00965812_g1) with FAM dye label. 
LZTFL1 expression was normalized to RPL18 and relative expression calculated by 
normalizing to the mean expression of LZTFL1 in RNP-treated cells from samples 
of the same cell type processed in the same batch.

ChIP-seq. For ChIP-seq, single-cell suspensions of 106 cells ml−1 in growth 
medium were generated after light trypsin treatment. Cells were fixed by adding 
1% formaldehyde for 10 min at room temperature, which was quenched by adding 
glycine at a final concentration of 125 mM. Fixed cells were washed with PBS and 
snap-frozen. Cell lysis and immunoprecipitation was carried out using the ChIP 
Assay Kit (Merck Millipore) on 5 × 106 cells in 2 ml of dilution buffer incubated 
overnight at 4 °C with 1 µl of rabbit polyclonal anti-H3K27ac (1:2,000 dilution; 
catalog no. ab4729, 0.3 µg, Abcam). DNA was isolated by phenol/chloroform 
isoamyl alcohol extraction and ethanol precipitation then indexed using the 
NEBNext Ultra II DNA Library Prep Kit for Illumina (New England Biolabs). 
Libraries were sequenced using 39-bp paired-end reads on a NextSeq platform. 
Reads were mapped to hg38 using Bowtie 2 (ref. 97), PCR duplicates filtered using 
SAMtools99 and BigWig files generated with deepTools100 v2.2.2.

FACS analysis. For FACS, approximately 105 cells were resuspended in 
100 µl of staining buffer (PBS with 10% FCS) and incubated with 1 µl each of 
allophycocyanin-conjugated mouse anti-CD14 (1:100 dilution, 2 ng, clone M5E2, 
catalog no. 301807; BioLegend), phycoerythrin-conjugated mouse anti-CD309/
VEGFR2 (1:100 dilution, 2 ng, clone 7D4-6, catalog no. 359903; BioLegend), 
fluorescein isothiocyanate (FITC)-conjugated mouse anti-CD31/PECAM 
(1:100 dilution, 2 ng, clone WM59, catalog no. 303103; BioLegend) and PE/
Cyanine7-conjugated mouse anti-CD34 (1:100 dilution, 0.5 ng, clone 561, catalog 
no. 343616; BioLegend) for 20 min at 4 °C. Cell were diluted with 90 µl of staining 
buffer with 1:5,000 Hoechst 33258 (Thermo Fisher Scientific) and analyzed on an 
Attune NxT Flow Cytometer. Voltages and compensation were set using single-stain 
samples with UltraComp eBeads (Thermo Fisher Scientific) for antibodies and cells 
for Hoechst. Negative and positive populations were established using fluorescence 
minus one controls. Mononuclear cells were gated using forward scatter (FSC) and 
side scatter; single cells were gated using FSC-area and FSC-height and live cells 
were selected using a Hoechst-negative gate in FlowJo v.10.7.

ATAC-seq. ATAC-seq was performed as published elsewhere101,102 with 7.5 × 104 
cells per technical replicate and 2–4 technical replicates per samples. After spinning 

at 500 g for 15 min, cells were resuspended in lysis buffer (10 mM of Tris-HCl, 
pH 7.5, 10 mM of NaCl, 3 mM of MgCl2, 0.1% IGEPAL CA-630), centrifuged 
and nuclei washed with PBS. Nuclei were pelleted, PBS was discarded and nuclei 
were resuspended in tagmentation buffer (25 µl of 2× tagmentation DNA buffer, 
2.5 µl of Tn5 Transposase (Illumina) and 22.5 µl of water) then incubated at 37 °C 
for 30 min. After transposition DNA was extracted using the MinElute PCR 
Purification Kit (QIAGEN), half the DNA was amplified for sequencing using 
the NEBNext High-Fidelity 2× PCR Master Mix (New England Biolabs) and 
further purified with the QIAquick PCR Purification Kit (QIAGEN). Libraries 
were sequenced using 39-bp paired-end reads on a NextSeq platform. Reads were 
mapped to hg38 using Bowtie 2 in NGseqBasic102 v20.

Immunofluorescence staining and microscopy. Cells were grown for 24–48 h 
on sterilized coverslips under standard growth conditions and fixed in 4% vol/vol 
paraformaldehyde in 0.25 M of HEPES for 15 min, followed by permeabilization in 
0.2% vol/vol Triton X-100 in PBS for 10 min. After blocking with 10% vol/vol FCS 
in PBS, von Willebrand’s factor was detected using mouse anti-von Willebrand’s 
factor 1:100 (clone F8/86, catalog no. MA5-14029; Invitrogen) and goat anti-mouse 
Alexa Fluor 488 1:500 (catalog no. A32723; Thermo Fisher Scientific). DNA was 
stained with 1 µg ml−1 of 4,6-diamidino-2-phenylindole (DAPI) in PBS; after 
washing, coverslips were mounted in VECTASHIELD (Vector Laboratories). 
Widefield fluorescence imaging was performed on a DeltaVision Elite system 
(Applied Precision) using a Universal Plan Fluorite 40× 1.30 numerical aperture 
oil immersion objective (Olympus), a CoolSnap HQ2 charge-coupled device 
camera (Photometrics) and DAPI (excitation 390/18, emission 435/40) and FITC 
(excitation 475/28, emission 525/45) filters; 12-bit image stacks were acquired with 
a z-step of 200 nm giving a voxel size of 161.3 × 161.3 × 200 nm. All images were 
acquired using the same exposure settings. Using Fiji103 v2.1.0, three-dimensional 
images were flattened by maximum intensity projection and displayed at the same 
minimum/maximum intensity settings. Images were cropped for publication in 
Adobe Photoshop v.22.4.1.

Patients tissue analyses. Healthy lung samples were sourced from patients with 
chronic obstructive pulmonary disease during lung tumor resection, with a 
sample of normal lung acquired away from the tumor. The medical records of 
patients with COVID-19 were reviewed retrospectively104 and 3 were selected for 
in-depth analysis based on their clinical manifestation of acute respiratory distress 
syndrome, typical COVID-19 histology (with a 4–5 score on the Brescia-COVID 
Respiratory Severity Scale) and a lung-restricted (absence in heart, liver and 
kidney biopsies) presence of SARS-CoV-2. Postmortem lung tissues were obtained 
through open biopsy shortly after death and processed as described previously104. 
Briefly, tissues were immediately fixed in neutral-buffered formalin for <24 h and 
then paraffin-embedded. Sections (5 µm each) were cut from wedge biopsies (mean 
size = 1.78 cm2, s.d. = 0.55 cm2) for hematoxylin and eosin (H&E) analysis. Sections 
were analyzed by NanoString GeoMx Digital Spatial Profiling with normalization 
and downstream analysis by WGCNA66 and cell deconvolution65 as described 
previously64. For deconvolution with SpatialDecon in R v.1.0.0, cell profiles were 
obtained from the Human Cell Atlas healthy lung and scRNA-seq-appended with 
neutrophil data105 using the R ‘Lung_plus_neut’ dataset. Seven relevant cell types 
were selected for expression analysis from a total of 26 cell types. WGCNA was 
performed using the WGCNA R package v.1.70-3 and generated 17 biologically 
assignable modules of which 6 were selected for further analysis. Spearman 
correlation and unadjusted P value generation was performed with the Hmisc R 
package v.4.5-0 and visualized with corrplot v.0.84.

Public dataset analysis. Unless stated, ENCODE datasets were accessed 
using the UCSC Genome Browser106,107, which was also used to generate 
track figures. ENCODE DNase I BigWig files (hg38) were downloaded from 
the ENCODE portal (https://www.encodeproject.org/) and analyzed with 
deepTools100 (multiBigwigSummary; https://deeptools.readthedocs.io/en/develop/
content/tools/multiBigwigSummary.html). Capture-C was analyzed using the 
CaptureCompendium suite v191 mapping to hg38 with Bowtie 2 (ref. 97) and 
using default settings. ATAC-seq and H3K27ac ChIP-seq data from erythroid 
progenitors, immune cells29,80,81 and aortic endothelium37 were downloaded from 
the Gene Expression Omnibus (GEO) (accession nos. GSE74912, GSE115684, 
GSE118189, GSE139377) and analyzed using NGseqBasic102 with default settings 
for Bowtie 2 (ref. 97). Aortic endothelial samples were genotyped by counting 
two or more reads from either allele in the combined ATAC-seq and ChIP-seq 
data. For allelic skew analysis, aortic endothelium ATAC-seq from heterozygous 
individuals was mapped with Bowtie 2 (ref. 97) and processed using WASP 
v0.3.4108 to correct for reference genome mapping bias. Three replicates with fewer 
than four remaining reads were excluded from the analysis. Mature erythroid 
chromatin modification and CTCF data (GSE125926) were previously reported 
by our group16, CTCF motifs were identified using the MEME Suite85 tools (v5.3.0, 
meme--dna--nmotifs 1--w 19--mod zoops--maxsize 1102788; fimo--thresh 
1e-4--motif 1). scRNA-seq data35,48 were sourced from online portals (Lung Cell 
Atlas https://asthma.cellgeni.sanger.ac.uk/, Gene Expression Profiling https://
www.lungepigenome.org/gene-expression/) on 9 October 2020 and 19 May 2021, 
respectively. scATAC-seq data34,35 were sourced from online portals (descartes 
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https://descartes.brotmanbaty.org/bbi/human-chromatin-during-development/
dataset/lung, Lung Genome Browser https://www.lungepigenome.org/) on 19 May 
2021. The GTEx Project was supported by the Common Fund of the Office of the 
Director of the National Institutes of Health and by the National Cancer Institute, 
National Human Genome Research Institute, National Heart, Lung, and Blood 
Institute, National Institute on Drug Abuse, National Institute of Mental Health 
and National Institute of Neurological Disorders and Stroke. The multi-tissue 
eQTL and expression level data were obtained from the GTEx Portal V8 on the 14 
October 2020 (https://gtexportal.org/home/snp/rs17713054).

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
Capture-C, Micro Capture-C, ATAC-seq and ChIP-seq data generated for this 
study (Fig. 3, Extended Data Figs. 7 and 9 and Supplementary Figs. 1 and 2) 
are available from the GEO under accession nos. GSE159867 and GSE175791). 
Processed Capture-C data can be visualized on the UCSC Genome Browser 
(http://datashare.molbiol.ox.ac.uk//datashare/project/fgenomics/publications/
Downes_2021_Covid_GWAS/hub.txt) or on the CaptureSee website (https://
capturesee.molbiol.ox.ac.uk/projects/capture_compare/3718). Numerical values 
for Figs. 2a–c and 5d and Extended Data Figs. 2–4, 6, 7, 9 and 10 are available in 
the Source data. Expression data (Fig. 3 and Extended Data Figs. 6 and 8) was 
from publicly available sources: GTEx Portal (https://gtexportal.org); Lung Cell 
Atlas (https://asthma.cellgeni.sanger.ac.uk/); and Lung Genome Browser (https://
www.lungepigenome.org/). Publicly available open chromatin data (ATAC-seq/
DNase-seq), transcription factor binding data (ChIP-seq) and epigenetic 
modification (ChIP-seq) data (Figs. 1 and 2, Extended Data Figs. 1, 2, 4–7 and 9 
and Supplementary Figs. 1 and 2) were sourced from the ENCODE portal (https://
www.encodeproject.org/), the GEO (accession nos. GSE74912, GSE115684, 
GSE118189, GSE125926), the UCSC Genome Browser (https://genome.ucsc.edu), 
descartes Human Chromatin Accessibility during Development atlas (https://
descartes.brotmanbaty.org/bbi/human-chromatin-during-development/); and the 
Lung Genome Browser. Masked splicing prediction effects were downloaded from 
the SpliceAI database (https://github.com/Illumina/SpliceAI). The CEBPB motif 
(MA0466.1) was downloaded from the JASPAR database (http://jaspar.genereg.
net). Conserved miRNA sites were identified on miRdSNP (http://mirdsnp.ccr.
buffalo.edu/browse-genes.php). Source data are provided with this paper.

Code availability
All custom analysis code and links to software are available on GitHub (https://
github.com/Hughes-Genome-Group/Downes_2021_LZTFL1_Covid.git). 
MCCsplitter.pl and MCCanalyser.pl are only available for academic use through 
the Oxford University Innovation software store (https://process.innovation.ox.ac.
uk/software/p/16529a/micro-capture-c-academic/1).
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Extended Data Fig. 1 | See next page for caption.

Nature Genetics | www.nature.com/naturegenetics

http://www.nature.com/naturegenetics


ArticlesNATuRE GEnETICS

Extended Data Fig. 1 | 3p21.31 severe COVID-19 locus SNPs are not in immune regulatory elements. a, To decode GWAS variants either all genome wide 
significant variants and/or variants in linkage disequilibrium with sentinel variants are assessed for protein coding changes with ANNOVAR. Remaining 
variants are then assessed for changes in splicing of expressed genes using the SpliceAI machine learning approach18 or splicing quantitative trait loci 
(sQTL). Variants are then intersected with open chromatin with a panel of disease relevant cell types to asses cis-regulatory element altering potential. 
This potential is assessed for effects on open chromatin with deepHaem19 or transcription factor binding with both deepHaem and Sasquatch40. Finally, 
variants in enhancers are linked to target effector genes using high resolution chromosome conformation capture with NG/NuTi Capture-C20,21 or Micro 
Capture-C22. b, Heatmap of linkage disequilibrium (European; EUR) between a severe COVID-19 lead SNP (rs11385942) with lead SNPs for other GWAS 
traits identified in the region (chr3:45,710,500-45,954-500, hg38). c, Linkage analysis for a 3p21.31 severe COVID-19 lead SNP (rs11385942 - circle) 
showing variants within 100 kb and r2 > 0.2. No variants with r2 > 0.6 were seen beyond this range. d, Overlaid tracks of ATAC-seq from sorted populations 
of resting (blue) and stimulated (red) immune cells29. Overlapping signal appears black. Abbreviations: Memory (Mem.), Immature (Imm.), Mature 
(Mat.), Natural Killer cells (NK), Plasmacytoid Dendritic cells (pDC), Myeloid Dendritic cells (mDC), Monocytes (Mono.), Effector (Eff.), Helper (H.), 
Regulatory (Reg.), and Central (C.). Region: chr3:45,800,000-45,870,000, hg38.
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Extended Data Fig. 2 | DNase I accessibility over COVID-19 SNPs. a. DNase I signal in each of 95 ENCODE datasets for rs17713054 (chr3:45,817,661-
45,818,660, hg38) and rs7634459 (chr3:45,859,001-45,859,500, hg38) which were found in open chromatin. Datasets are grouped according to 
cell-type, numbers indicate tissue of origin (see panel c). Violin plots of ENCODE DNase I accessibility over rs17713054 grouped by cell type (b) and tissue 
of origin (c). Each sample is shown as a red dot, dashed lines show mean, dotted lines show quartiles.
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Extended Data Fig. 3 | deepHaem prediction of de novo open chromatin elements. deepHaem19 negative damage scores, which predict 
gain-of-accessibility, for the 28 candidate COVID-19 severity variants in 694 cell-types. Positive scores (loss-of-function) were adjusted to zero. In general, 
variants generating de novo regulatory elements33 have scores lower than -0.1, which was not true for any variant in any cell type.
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Extended Data Fig. 4 | See next page for caption.
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Extended Data Fig. 4 | rs76374459 is likely benign in an erythroid enhancer. ATAC-seq from progenitor80 and differentiating erythroid cells81. 
Haematopoietic Stem Cells (HSC), Multi-Potent Progenitors (MPP), Common Myeloid Progenitors (CMP), Myeloid-Erythroid Progenitors (MEP) from 
bone marrow or peripheral blood and erythroid Colony Forming Units (CFU-E), Pro-erythroblasts (ProE1, ProE2), Basophilic Erythroblasts (BasoE), 
Polychromatic Erythroblasts (PolyE), Orthochromatic Erythroblasts (OrthoE) and Orthochromatic/Reticulocytes (OrthoRet). ChIP-seq tracks from CD71+ 
CD23+ mature erythroid cells16 show presence of marks associated with active transcription (H3K27ac), enhancers (H3K4me1), promoters (H3K4me3) 
and boundaries (CTCF). b, deepHaem damage score for the risk-C allele versus non-risk-G allele of rs76374459 associated with severe COVID-19 in 694 
cell-types. rs763774458 is found in open chromatin through-out erythropoiesis. A positive score predicts loss of accessibility, a negative score predicts 
increased accessibility.
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Extended Data Fig. 5 | Single nucleus ATAC-seq in adult lungs. Chromium single nucleus ATAC-seq from non-diseased adult lung35 (n = 3) with 17 
epithelial, endothelial, mesenchymal and hematopoietic populations, including Alveolar Type (AT) 1 and 2 Pneumocytes, Macrophage (MΦ) and Natural 
Killer (NK) cells. The rs17713054 containing element is highlighted in grey.

Nature Genetics | www.nature.com/naturegenetics

http://www.nature.com/naturegenetics


ArticlesNature Genetics

Extended Data Fig. 6 | Pulmonary expression and binding analysis of CEBPB. a, GTEx top five expressed tissues for CEBPB. For violin plots, minima 
and maxima are the top and bottom of the violin, black lines show means, ends of the pale regions denote first and third quartiles, and black dots 
denote outliers. Data from independent samples for Whole blood (n = 755), Lung (n = 578), Adipose (n = 541), Fallopian Tube (n = 9), Artery (n = 663). 
b, Chromium single nucleus RNA-seq from non-diseased adult lung35 (n = 3 independent samples) with 22 epithelial, endothelial and mesenchymal 
populations, including Alveolar Type (AT) 1 and 2 Pneumocytes and Pulmonary Neuroendocrine cells (PNECs). c, 10x Genomics Chromium droplet 
single-cell RNA sequencing (scRNA-seq) from upper and lower airways and lung parenchyma34 from healthy volunteers or deceased transplant donors 
with ten epithelial populations (i) with expression profiles for CEBPB (ii). d, ENCODE ChIP-seq for CEBPB in A549 alveolar basal epithelial adenocarcinoma 
cells, HeLa cells, and IMR-90 lung fibroblast cells with inset region (chr3:45,805,000-45,855,000; hg38) showing the rs17713054 containing 
enhancer. e, DeepHeam ChIP-seq binding prediction score for CEBPB in lung fibroblast (IMR-90), alveolar basal epithelial adenocarcinoma (A549), the 
erythroleukaemia line (K562), human endothelial kidney cells (HEK293), and the GM12878 lymphoblastoid cell line (LCL) predicts increased binding to 
the risk-A allele.
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Extended Data Fig. 7 | See next page for caption.
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Extended Data Fig. 7 | LZTFL1 is a direct target of rs17713054. a, NuTi Capture-C and Micro Capture-C from the rs17713054 enhancer in Endothelial 
cells (HUVEC) shows specific interaction with only the promoter of LZTFL1 and an upstream CTCF site. CTCF track shows binding of the CCCTC-binding 
factor which acts as a boundary. b, ENCODE ChIP-seq for the active chromatin mark (H3K27ac), the repressive chromatin mark (H3K27me3) and 
EZH2, a member of the Polycomb Repressive Complex 2, in endothelial (HUVEC) and normal human lung fibroblast (NHLF) cells. Green bar denotes 
the 3C regulatory domain as identified by 3 C analysis. c, ENCODE DNase I seq tracks from a range of cell types and tissues, including airway epithelium 
and bronchial epithelium, where the rs17713054 enhancer is active. In these cell types the LZTFL1 promoter is DNase I accessible, but neither the CCR9 
promoter nor the SLC6A20 promoter are. Region shown is chr3: 45,730,000-45,930,000 (hg38). d, Paired accessibility analysis of read counts per 
kilobase (RPK) over the LZTFL1 and SLC6A20 promoters and the rs17713054 enhancer in 156 ENCODE, immune and erythroid open chromatin datasets. 
Only the LZTFL1 promoter is widely accessible in the same cells as the affected enhancer.
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Extended Data Fig. 8 | Expression and eQTL analysis of 3p21.31 candidate lung effector genes. a, Genomic position of genes identified as 3p21.31 
candidate causal genes with method of identification, including two TWAS10,49. b, GTEx whole lung RNA-seq expression profiles for candidate causal genes 
as transcripts per million (TPM) with rs17713054 eQTL two-sided P value for lung. For violin plots, minima and maxima are the top and bottom of the 
violin, black lines show means, ends of the pale regions denote first and third quartiles, and black dots denote outliers. n = 578 independent samples. c, 
Chromium single nucleus RNA-seq35 from non-diseased adult lung (n = 3), including Alveolar Type 1 (AT1) and Type 2 (AT2) Pneumocytes and Pulmonary 
Neuroendocrine cells (PNECs).
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Extended Data Fig. 9 | See next page for caption.
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Extended Data Fig. 9 | CRISPR-Cas9 deletion of the rs17713054 enhancer. a, ENCODE DNase I-seq in HUVEC and IMR-90 cells and ATAC-seq in Blood 
Outgrowth Endothelial Cells (BOECs) and H441 epithelial cells showing the rs17713054 containing enhancer with schematic of generated deletions and 
short guide RNA (sgRNA) binding sites. b, Example D1000 trace of genotyping PCR product amplified from cells transfected with Cas9 protein only, Cas9 
protein with sgRNA1 + 2 (∆108), or Cas9 protein with sgRNA1 + 3 (∆191). c, Example Sanger sequencing trace following ICE analysis over the sgRNA1 
and sgRNA2 binding sites in unedited cells, and the double strand break repair site in cells containing the 108 bp deletions. sgRNA sequence shown by 
black boxes, protospacer adjacent motif sites shown with red letters. d, Calculated deletion efficiency for each sgRNA pair and cell type. Transfections 
failing to achieve >70% deletion (blue circles) were excluded from expression analyses. n shown are for independent transfections e, Expression of LZTFL1 
normalized to RPS18 and expressed as relative to the mean expression in Cas9 only treated cells for each cell type. Corrected P values from an ordinary 
one-way ANOVA with Dunnett’s multiple comparisons test. n shown are for independent samples from at least 3 independent transfections. For d,e 
bars show mean and one standard deviation. f, ChIP-seq for the active transcription marker (H3K27ac) was performed in umbilical vein endothelial cells 
(HUVECs), blood outgrowth endothelial cells (BOECs), H441 lung epithelial cells, and IMR-90 lung fibroblast cells. The rs17713054 enhancer (grey box, g) 
lacks strong modification under standard growth conditions in these cells.
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Extended Data Fig. 10 | COVID-19 patient lungs show signals of EMT. Spearman correlation of gene expression profiles for EMT-related genes with the 
cell-types identified by deconvolution. AT1: Alveolar Type 1 pneumocytes, AT2: Alveolar Type 2 pneumocytes. P values were identified by two-sided Hmisc 
analysis (without multiple test correction), values for significant correlations are shown and all correlation and P values are in Source Data.
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