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 32 

Prioritization of candidate causal genes for eight identified genomic loci  33 

To further explore the causal effects of nine index SNPs in eight genomic loci on severe 34 

COVID-19, we performed a prioritization analysis by leveraging the Open Target Genetics (OTG, 35 

https://genetics.opentargets.org/) tool [1]. The OTG tool is a web-access integrative resource that 36 

aggregates human GWAS summary statistics, including UK Biobank data and NHGRI-EBI GWAS 37 

catalog, and functional genomic data, including protein quantitative trait loci data (pQTLs), 38 

expression QTL (eQTL) from eQTL Catalogue, eQTLGen and GTEx, and promoter capture hiC 39 

(PCHI-C) from 27 different cell types, and DNase I hypersensitive site (DHS)-gene promoter 40 

correlation and other datasets from a wide range of cell types and tissues. Based on the 41 

Variant2Gene (V2G) algorithm, for the index SNP rs2166172 in 1p22.2, we prioritized BARHL2 42 

as a candidate causal gene for severe COVID-19. With the highest V2G score, CCHCR1 was 43 

highlighted as candidate causal gene for the index SNP rs143334143 in 6p21.33, VSTM2A as 44 

candidate causal gene for rs622568 in 7p11.2, OAS1 as candidate causal gene for rs2269899 in 45 

12q24.13, DPP9 as candidate causal gene for rs2109069 in 19p13.3, and IFNAR2 as candidate 46 

causal gene for rs13050728 in 21q22.11. The index SNP of rs13050728 (P = 1.91×10-11) in 47 

21q22.11 is highly LD with the reported SNP of rs9976829 (R2 = 1) [2] and rs2236757 (R2 = 0.8266) 48 

[3]. The index SNP of rs2269899 in 12q24.13 (P = 3.24×10-8) shows high LD with the reported 49 

SNP of rs10735079 (R2 = 0.9282) [3].  50 

 51 

Combination of GWAS summary statistics with scRNA-seq data (dataset #1) by using the 52 

MAGMA algorithm  53 

As an independent technical approach to validate genetics-related peripheral immune cells in 54 

PBMCs implicated in severe COVID-19 identified from the RolyPoly algorithm, we applied a 55 

generalized linear regression (GLR) model in the MAGMA (v1.06, 56 

https://ctg.cncr.nl/software/magma) [4, 5]. Conditioning on the 10% most specific genes from the 57 

single cell data for each cell type, we examined gene-level genetic associations of severe COVID-58 

19-associated immune cell types by adding these variables as covariates for the linear regression 59 

model [5-7]. The specificity of each gene for each cell type was calculated by using the mean gene 60 

expression of cell type divided the sum of mean gene expression across all cell types. A window of 61 

50 kb upstream to 50 kb downstream for a given gene coordinates was set to calculate gene-level 62 

https://genetics.opentargets.org/
https://ctg.cncr.nl/software/magma
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association statistics. The 1,000 Genome Project European Phase 3 panel [8] was used as the 63 

reference panel for both methods. We restricted the GLR analysis to SNPs in the autosomes, and 64 

any SNPs with minor allele frequency < 5% were excluded. The major histocompatibility complex 65 

region (Chr6: 25-35 Mbp) was also excluded due to the extensive linkage disequilibrium (LD) in 66 

this region. 67 

 68 

Using the Cell-ID method to assess the enrichment in specific gene signatures of individual 69 

cells in single cell RNA-seq dataset on severe COVID-19 70 

To deeply investigate the which individual cells in the scRNA-seq dataset are enriched in the 71 

gene lists associated to the GWAS hits (N = 34 genes, Additional file 3: Figure S13B), as well as 72 

functional terms (Counts > 10 genes as the Cell-ID default) of inflammatory and cytokine genes (N 73 

= 324 genes, Additional file 2: Table S10), cytokine-cytokine receptor interactions (N = 294 genes), 74 

chemokine signaling pathway (N = 189 genes), T cell activation (GO: 0042110), response to 75 

interferon alpha (GO: 0035455), response to interferon beta (GO: 0035456), leukocyte migration 76 

(GO: 0050900) we re-performed the analysis by using the Cell-ID tool [9], a clustering-free 77 

multivariate statistical method for the robust extraction of per-cell gene signatures from single cell 78 

sequencing data. The Cell-ID conducts a dimensionality reduction of gene expression matrix 79 

through multiple correspondence analysis (MCA), a statistical algorithm that offers a simultaneous 80 

representation of observation (e.g., cells) and variables (e.g., genes) in low-dimensional space [10, 81 

11]. Both genes and cells are projected in a common orthogonal space. In such space, a gene is 82 

closer to a cell, suggesting the gene is more specific to the cell.  83 

 84 
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