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Abstract
While genome-wide association studies (GWAS) have linked common genetic variants to COVID-19 susceptibility 
and severity, rare high-impact variants may also contribute to phenotypic heterogeneity. Inborn errors of type I 
interferon immunity (IFN-I-IEIs), including X-linked TLR7 deficiency, account for ~ 2% of critical COVID-19 cases. In 
this study, we investigated rare potentially deleterious variants in IFN-I-IEI and GWAS-prioritized genes in young, 
severely affected COVID-19 patients from the German National Pandemic Cohort Network (NAPKON). Genome 
sequencing was performed on 110 hospitalized COVID-19 patients, including 82 males and 28 females, all under 
60 years of age and without relevant pre-existing medical conditions. Rare potentially deleterious variants in 
TLR7 and 25 additional IFN-I-IEI genes, as well as 23 GWAS risk genes for COVID-19 severity, were analyzed based 
on allele frequency, predicted functional impact, and inheritance pattern models and subsequently classified 
based on the American College of Medical Genetics and Genomics (ACMG) criteria. Polygenic Risk Scores (PRS) 
were additionally calculated as an exploratory and case-only analysis to assess the contribution of common 
variant-derived genetic predisposition for severe COVID-19. Consistent with prior findings from other studies in 
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Introduction
Severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2) infection represents one of the greatest recorded 
challenges to global healthcare to date, with hundreds of 
millions of cases and at least 7 million associated deaths 
worldwide [1]. SARS-CoV-2 causes coronavirus disease 
2019 (COVID-19) with highly heterogeneous clinical 
manifestations, ranging from asymptomatic infection to 
severe respiratory failure [2], and the reason underlying 
these inter-individual differences is yet to be completely 
understood. Although established demographic and clin-
ical factors (e.g., advanced age [3], male sex [4, 5], obe-
sity, existing medical conditions [6, 7], or auto-antibodies 
[8]) correlate with COVID-19 severity, these risk factors 
do not fully explain the variability in disease outcomes. 
Increasing evidence suggests that host genetics play an 
important role in shaping infection susceptibility and dis-
ease severity [9], enabling insights into COVID-19 patho-
genesis and informing therapeutic approaches.

As with many common disorders, COVID-19 is geneti-
cally complex, involving variants across the entire allelic 
spectrum. Genome-wide association studies (GWAS) 
have identified common variants in more than 70 loci 
associated with COVID-19 severity and susceptibility, 
typically characterized by an allele frequency (AF) greater 
than 1% and low effect sizes (odds ratio = 0.5–2.4) [10–
16]. These loci include potentially causal genes involved 
in the type I interferon (IFN) pathway, such as IFNAR2, 
OAS1, TYK2, JAK1, IRF1, and IFNα-coding genes [16]. 
On the other side of the allelic spectrum, exome sequenc-
ing studies in young patients with severe COVID-19 have 
also uncovered rare predicted loss-of-function variants 
(pLOF) in genes associated with inborn errors of type I 
IFN immunity (IFN-I-IEIs) [17, 18], further highlighting 
the role of this antiviral pathway in disease pathogenesis. 
The best-established risk gene for severe COVID-19, first 
identified in individual pedigrees and subsequently rep-
licated through rare variant association approaches, is 
the X-chromosomal toll-like receptor 7 gene (TLR7) [19–
21]. TLR7 is an important part of innate viral immunity, 
encoding an endosomal receptor that recognizes single-
stranded RNA viruses, leading to upregulation of the 

type 1 and type 2 interferon pathways [22]. Recent esti-
mates suggest the presence of TLR7 deficiency in around 
1–2% of male individuals with life-threatening COVID-
19 under 60 years of age [20, 23].

Moreover, multiple lines of evidence indicate that 
autoimmunity to type I IFNs also contributes to critical 
COVID-19 pneumonia, as shown by the presence of pre-
existing neutralizing autoantibodies (autoAbs) against 
type I IFNs in ~ 15% of critical cases, with higher preva-
lence in individuals over 70 years of age [8, 24, 25]. Pres-
ent at low-levels (~ 0.3–1%) until a sharp increase post 
70  years of age (up to 4–7% in individuals aged 80–85) 
[25], IFN-I autoAbs can also be found in children and 
young adults, where their presence is likely to reflect 
a germline genetic etiology, as observed in rare IEIs 
including AIRE-related autoimmune polyendocrinopa-
thy syndrome type 1 (APS-1), FOXP3-related immune 
dysregulation (IPEX), and RAG1/RAG2-associated com-
bined immunodeficiencies [26, 27]. Notably, APS-1 
patients have been reported to be at high risk of severe 
COVID-19 [28–31]. Collectively, these findings indicate 
the central role of type I IFNs in protective immunity 
against SARS-CoV-2 and suggest that IFN-I-IEIs, includ-
ing those underlying the production of autoantibodies, 
may account for a subset of severe COVID-19 cases in 
young adults.

The implication of the IFN-I pathway by both rare and 
common variant studies demonstrates how genetic vari-
ants with different effect sizes can converge on the same 
biological pathway contributing to COVID-19 severity. 
This raises the possibility that other genes prioritized by 
GWAS may also harbor rare high-impact variants that 
contribute to severe disease in a monogenic manner. 
Building on this hypothesis, and on prior epidemiologi-
cal evidence that severe COVID-19 in young individu-
als without comorbidities may represent patients with 
higher genetic risk or monogenic predisposition to severe 
outcome [32], we aimed to identify potentially deleteri-
ous variants with large effect sizes in (i) known IEI genes 
that affect both production or response to type I IFNs, 
and (ii) GWAS-prioritized genes for severe COVID-19, 

German cohorts, no candidate variants or large deletions were identified in TLR7. However, 7 variants of uncertain 
significance in IFN-I-IEI genes as well as 13 candidate variants of potential deleterious effect in GWAS risk genes 
were present in 19 individuals (17.3%). We observed nominally significant differences in PRS distributions, with 
younger individuals (< 40 years) having higher PRS (p = 0.045) compared to older individuals, and carriers of 
rare variants having lower PRS compared to non-carriers (p = 0.037). These patterns are consistent with an age-
dependent contribution of polygenic risk to severe COVID-19 and a potentially lower polygenic burden among 
rare-variant carriers, although confirmation in larger well-controlled cohorts will be required. The candidate variants 
identified in IFN-I-IEI and GWAS risk genes represent targets for further functional studies to clarify their potential 
contribution to disease risk. These findings highlight the need for future integrative genomic approaches to better 
understand the joint contribution of common and rare variants to COVID-19 severity.
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within a cohort of young hospitalized patients without 
relevant pre-existing medical conditions from Germany.

Methods
Patient selection
The National Pandemic Cohort Network (NAPKON) was 
established in early 2020 as part of the German Network 
of University Medicine to develop the most comprehen-
sive COVID-19 cohort in Germany. It includes over 7000 
participants across all healthcare sectors, with partici-
pants enrolled in three complementary cohort platforms 
(cross-sectoral (SUEP), high-resolution (HAP), and pop-
ulation-based (POP)) where they were monitored from 
the initial infection for up to three years. Comprehensive 
phenotypic data were collected, including detailed clini-
cal and imaging data as well as quality-of-life assessments 
and other patient-reported outcomes [33]. To inves-
tigate rare variants predisposing young individuals to 
severe COVID-19 in this study, we obtained biomaterials 
(DNA samples or buffy coats) and phenotypic data from 
NAPKON participants who met the following inclusion 
criteria (i) age under 60 years; (ii) absence of significant 
pre-existing medical condition (including cardiovascular, 
lung, kidney, liver, neurologic/psychiatric diseases; type 
1 diabetes; active cancer; organ transplant; rheumato-
logic/immunologic disorders, HIV infection), and (iii) a 
minimum WHO severity score [34] of 4 within the first 
eight weeks of infection. A total of 110 individuals across 
all three platforms from 22 university hospitals across 
Germany, fulfilled these criteria and were included in the 
analysis. Cohort demographics are presented in Table  1 
and Supplementary Table 1.

Ethics statement
Written informed consent was obtained from each par-
ticipant. NAPKON’s study protocols and ethical guide-
lines have been approved by the institutional review 
boards of all participating study sites [33]. The specific 
investigations herein were approved by the ethics com-
mittee of the Medical Faculty of the University of Bonn 
(171/20; amended on April 11th, 2022).

Genome sequencing (GS)
As described previously [31], library preparation and 
sequencing were carried out using standardized work-
flows at the Bonn site of the West German Genome Cen-
ter (WGGC). Enrichment followed the TruSeq DNA 
PCR-Free protocol, with DNA fragmented to 350 bp. The 
resulting libraries were sequenced as 150 bp paired-end 
reads on an Illumina NovaSeq6000, yielding ~ 120  Gb 
of data per sample. Demultiplexing and FastQ file gen-
eration were conducted using bcl2fastq2 (version 
2.20.0.422), and quality control (QC) metrics were 
assessed with FastQC (v0.11.9) and MultiQC (v1.17). The 

Table 1  Patient demographics
Features Count

(N = 110)
% of total

Sex

Male 82 74.5

Female 28 25.5

Age group (years)

18–29 17 15.5

30–39 25 22.7

40–49 38 34.5

50–59 30 27.3

BMI category

Healthy weight
(18.5–24.9 kg/m2)

27 24.5

Overweight
(25–29.9 kg/m2)

43 39.1

Obese
(30–39.9 kg/m2)

23 20.9

NA 17 15.5

Smoking status*

No 95 86.4

Yes 5 4.5

NA 10 9.1

Vaccination status**

No 91 82.7

Yes 10 9.1

NA 9 8.2

WHO category***

Dead (score 10) 1 0.9

Hospitalized: severe disease
(scores 6–9)

23 20.9

Hospitalized: moderate disease
(scores 4–5)

86 78.2

Comorbidities

Cardiovascular disease 0 0

Lung disease 0 0

Diabetes (type 2) 3 2.7

Kidney disease 0 0

Liver disease 0 0

Neurologic/psychiatric disease 0 0

Cancer 0 0

Organ transplant 0 0

Rheumatologic/immunologic disease 0 0

HIV infection 0 0
*Active smoking at the time of COVID-19 diagnosis. **Refers to COVID-19 
vaccination before hospitalization. ***WHO clinical progression scale for 
COVID-19 [32]: Hospitalized moderate disease (WHO scores 4–5): hospitalized 
and no oxygen therapy or oxygen therapy by mask or nasal prongs.; 
Hospitalized severe disease (WHO scores 6–9): hospitalized and oxygen therapy 
by noninvasive ventilation, intubation, or mechanical ventilation. NA data not 
available
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sequencing reads were then aligned to the human refer-
ence genome (GRCh38), followed by duplicate removal 
and variant calling for single-nucleotide variants (SNVs) 
and short insertion-deletions using the Illumina DRA-
GEN platform (software versions 3.5.7 and 3.6.3). The 
generated gVCFs were then used to perform joint variant 
calling across all samples using a slightly modified version 
of GLnexus (v1.3.1) with the "gatk" setting, to create a 
raw cohort VCF. Modifications to the standard GLnexus 
pipeline incorporated community-driven enhancements 
to optimize variant calling in haploid regions, which are 
handled differently by GATK and DRAGEN.

Sample QC and ancestry PCA
Sample QC and ancestry principal component analy-
sis (PCA) were performed with PLINK v1.9 if not stated 
otherwise [35]. Sex concordance was assessed using 
the –check-sex flag, with inbreeding coefficient (F) 
thresholds of > 0.8 for males and < 0.2 for females. Sam-
ples falling out of the broader range of − 0.2 to 0.2 were 
identified as potential mismatches. Sample contamina-
tion was checked using VerifyBamID [36], and kinship 
analysis was performed using KING [37], with kinship 
coefficients ≥ 0.044 considered as relatedness. All sam-
ples had genome-wide coverage of ≥ 97% at 10X, with a 
mean depth of > 30X. Read alignment rates were > 99%, 
with < 5% MAPQ = 0 reads. No samples were excluded 
for sex discrepancies, contamination, or relatedness and 
all the samples had a call rate >  = 98%. For population 
structure and ancestry assessment, genotype data were 
converted from VCF to PLINK binary format, preserving 
allele ordering and processing sex chromosome regions 
with –split-x. SNV pruning was conducted to limit the 
variants to those outside of regions with high linkage dis-
equilibrium (LD) using a sliding window of 50 SNVs, step 
size 5, and variant inflation factor (VIF) threshold of 1.5 
(LD r2 ≈ 0.33). Variants with AF < 0.1 were excluded prior 
to PCA. For ancestry inference, samples were combined 
with 1000 Genomes Project (1000G) reference panel data 
[38], where only overlapping sets of high-quality variants 
were considered and pruned. PCA was conducted using 
PLINK's –pca option, and individuals were annotated by 
cohort (study vs. 1000G). The first 20 PCs were then used 
as features to train a random forest (RF) classifier in order 
to identify samples with “known” population labels and 
1000G super-population labels as outcomes as described 
in the GnomAD ancestry inference documentation. For 
polygenic risk score (PRS) calculation, European ancestry 
individuals were defined based on the labels assigned by 
the RF classifier as the highest-vote class (EUR cluster in 
Supplementary Fig. 3). A total of 85 unrelated individuals 
of inferred European ancestry were identified.

Polygenic risk score calculation
PRS-CS (version 1.0.0; default setting) [39] was applied to 
the summary statistics of European-ancestry individuals 
from the largest currently available GS-based GWAS for 
COVID-19 severity [14] (no known sample overlap with 
the NAPKON cohort), using the UK Biobank LD refer-
ence panel as described previously [31]. The resulting 
PRS predictor included 967,463 variants. PRS was then 
calculated using the ‘–score’ function in PLINK (version 
1.9) for variants with call rate > 98%.

Association analyses
Associations between PRS and age group (< 40 
vs ≥ 40 years), and rare variant carrier status, were tested 
using logistic regression models with age group or car-
rier status as the dependent variable and PRS as the 
primary predictor, adjusting for sex and ten ancestry 
principal components. Analyses were performed in both 
the full cohort (n = 110) and the PCA-defined European 
ancestry subset (n = 85). BMI and smoking were added 
as covariates in secondary models restricted to individu-
als for whom this information was available (BMI: n = 94; 
BMI + smoking: n = 89) (Supplementary Table 6). P-values 
were calculated using Wald tests.

Variant annotation and filtering
Ensembl BioMart was used to generate a BED file with 
the start and end genomic coordinates of the candidate 
genes (hg38), extended by 200  bp upstream and down-
stream of their 5'/3’ untranslated regions (UTR). Using 
bcftools, the QCed cohort VCF file from the 110 individ-
uals was subset to retain only variants within the candi-
date gene regions and further filtered to exclude variants 
observed with AF ≥ 10% in the cohort. The resulting fil-
tered VCF file was used for annotation and subsequent 
rare variant analysis.

Functional annotation of variants was performed using 
the command-line version of Ensembl Variant Effect Pre-
dictor [40] (VEP version 113) with external in silico pre-
dictions integrated as plugins (CADD (v1.7) [41], REVEL 
[42], AlphaMissense [43], LOFTEE [44], and SpliceAI 
[45]. The "pick_allele_gene" option was applied to report 
a single, most biologically relevant consequence per gene 
for each variant allele. Allelic balance thresholds were set 
at > 95% for homozygous or hemizygous variants and at 
25–75% for heterozygous variants, with a minimum read 
count of 4 required for both reference and alternative 
alleles.

We applied two different strategies to identify rare 
high-impact variants potentially relevant under either 
recessive or dominant patterns of inheritance, as shown 
in Figs. 1 and 2. The primary difference between the two 
inheritance modelsis the AF cutoff applied to filter vari-
ants and the zygosity of the considered variants for each 
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model (putative biallelic/hemizygous variants in the 
recessive model, and heterozygous variants in the domi-
nant model). In both models, we included predicted loss-
of-function (pLoF) variants classified as “high impact” 
by VEP, missense variants with CADD scores > 20, and 
variants with SpliceAI max delta scores > 0.5. Among 
these, variants with gnomAD AF < 0.001 were retained 
for the recessive model, while only those with gnomAD 
AF < 0.0001 were retained for the dominant model. We 
then added pathogenic or likely pathogenic variants 
as reported by ClinVar (regardless of allele frequency) 

into the final variant sets for both models. In the final 
recessive variant set, only homozygous or hemizygous 
variants, as well as cases in which an individual car-
ried more than two variants in the same gene (potential 
compound heterozygotes), were retained. For the domi-
nant model, only heterozygous variants were included. 
Variant co-occurrence (gnomAD version 2 [46]) and/or 
manual inspection of raw reads in Integrative Genomics 
Viewer (IGV) [47] were used to determine the likelihood 
of variants being located on the same strand (in cis) as 

Fig. 1  Variant filtering strategy and findings in the clinical approach. a Inborn errors of type 1 IFN immunity (IFN-I-IEI) genes included in the analysis. 
Font colors indicate inheritance: AR (gray), AD/AR (orange), AD (purple), and X-linked (blue). Overlap with the GWAS genes is shown in bold. Alternative 
(non-HGNC) gene symbols are indicated in parentheses. b The filtering process to identify clinically relevant variants in 25 IFN-I-IEI genes from genome 
sequencing data. Variants were selected based on pathogenic entries in ClinVar andpredicted functional effects, and then filtered according to allele fre-
quency thresholds specific to recessive and dominant genes. This was followed by manual review using IGV and the gnomAD variant co-occurrence tool 
to assess variant quality and cis/trans phase before final classification according to ACMG guidelines. c Characteristics of variants of uncertain significance 
(VUS) identified in genes with reported dominant or recessive patterns of inheritance in the cohort. AF allele frequency, pLoF potential loss of function 
variant, VEP Variant Effect Predictor, VUS variant of uncertain significance, IGV Integrative Genomics Viewer
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opposed to the opposite strand (in trans, i.e., compound 
heterozygous).

The above variant filtering strategy was applied to two 
different gene sets, corresponding to two distinct analysis 
approaches:

1.	 Clinical approach: established IFN-I-IEI genes were 
analyzed according to their reported inheritance 
pattern for the relevant phenotype in the Online 
Mendelian Inheritance in Man (OMIM) database 
(Supplementary Table 2). Variants identified through 
this approach were classified using the American 
College of Medical Genetics and Genomics (ACMG) 
criteria [48] to determine their clinical relevance 
(Fig. 1).

2.	 Research approach: GWAS-prioritized genes were 
analyzed to identify potentially deleterious variants 
under both recessive and dominant patterns of 
inheritance (Fig. 2). The same approach was also 
applied to the IFN-I-IEI genes to evaluate variants 
that might not follow the known inheritance 
pattern but could contribute to severe phenotype 
with a novel pattern of inheritance (Supplementary 
Table 5).

Qualitative copy number variation (CNV) analysis at the 
TLR7 locus
To screen for potential large gene-spanning deletions at 
the TLR7 locus, a targeted coverage-based analysis was 
performed. The cohort VCF was queried for missing 

Fig. 2  Variant filtering strategy and findings in the research approach. a 23 GWAS-prioritized genes for COVID-19 severity included in the analysis. Overlap 
with the IFN-I-IEI genes is shown in bold. b The filtering process is similar to the clinical approach shown in Fig. 1; except that ClinVar information and 
ACMG criteria were not applied, and all genes were analyzed under both recessive and dominant models. c The characteristics of identified variants and 
gene constraint information based on gnomAD. pLoF potential loss of function variant, pLI probability of loss of function intolerance based on gnomAD, 
VEP Ensemble variant effect predictor, IGV Integrative genomics viewer
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genotypes (GT = ./.) or absent read depth (DP = 0) across 
variants within chrX:12,760,551–12,980,636 in male indi-
viduals, which would be consistent with a hemizygous 
deletion. In addition, read-depth patterns were visually 
inspected in IGV to identify extended regions of mark-
edly reduced or absent coverage which could indicate 
possible hemizygous deletions.

Results
Cohort demographics
Genome sequencing was performed on 110 individuals 
under the age of 60  years hospitalized due to COVID-
19. Cohort characteristics are presented in Table  1 and 
Supplementary Table  1. The average age was 42.0  years 
(± 10.7  years), and 28 (25.5%) individuals were female. 
Based on the WHO clinical progression scale for 
COVID-19 [34], disease severity was moderate in 86 
individuals (78%), while 23 (21%) were classified as severe 
cases, and 1 individual (0.91%) died from COVID-19. 
Consistent with existing epidemiological evidence, dis-
ease severity was higher both in older and in male indi-
viduals (Supplementary Fig. 1).

Targeted analysis of the TLR7 locus
As X-linked TLR7 deficiency remains the most well-
established monogenic cause of severe COVID-19 to 
date [19, 20], we first sought to investigate the pres-
ence of potentially pathogenic variants within the TLR7 
coding sequence. No non-synonymous or potentially 
splice-altering variants with AF < 0.1 in the cohort were 
detected. We next performed a targeted coverage-based 
screen for large hemizygous deletions spanning TLR7 
coding region in 82 male individuals by visually inspect-
ing sequence reads. This approach did not reveal evi-
dence of large hemizygous deletions in the coding regions 
of TLR7 (Supplementary Fig. 2).

Clinical approach: analysis of 25 genes implicated in IFN-I-
IEIs
To identify potential monogenic causes of severe COVID-
19, we investigated 25 additional IFN-I-IEI genes, pre-
viously reported in patients with severe COVID-19, 
influenza, or other viral infections [49] (Fig.  1; Supple-
mentary Table 2). The filtering strategy outlined in Fig. 1 
was applied, and variants were classified based on ACMG 
criteria [48]. No pathogenic or likely pathogenic vari-
ants were identified within this gene set. However, we 
observed six heterozygous variants of uncertain signifi-
cance (VUS) in autosomal dominant (AD) disease genes 
(TICAM1 (n = 2), NFKB2 (n = 2), AIRE, JAK1), as well 
as one hemizygous VUS in the X-linked recessive gene 
IKBKG (Fig. 1; Supplementary Table 3). None of the iden-
tified variants have been previously reported in patients 
with IEI or severe COVID-19 to date. Among them, two 

variants are of potential clinical interest. The hemizy-
gous missense variant in IKBKG (c.196C > T, p.Arg66Trp) 
was identified in a 46-year-old male patient with severe 
COVID-19 (WHO score 6: high-flow oxygen therapy). 
This variant has a gnomAD AF of 0.002751% (allele 
count:13, 0 homo/hemizygotes) and is only observed in 
females. It has a CADD score of 25.4, but inconsistent 
predictions using other in silico tools (SIFT: deleterious; 
MutationTaster: benign; AlphaMissense: likely benign; 
PolyPhen-2: possibly damaging). Pathogenic missense 
variants in IKBKG have been frequently reported to cause 
immunodeficiency with or without ectodermal dysplasia 
in males [50]. Based on the currently available evidence 
and according to the ACMG guidelines this variant is 
classified as VUS (PM2_supporting, PP2). The heterozy-
gous missense variant in AIRE (c.927C > G, p.Ile309Met) 
was detected in a 56-year-old male patient with moder-
ate disease (WHO score 5: oxygen therapy by mask or 
nasal prongs). This variant is located within the PHD1 
domain of the protein, where missense variants with 
dominant-negative effects have been reported to cause 
a rare nonclassical form of autoimmune polyendocrine 
syndrome type 1 (APS-1), characterized by later onset, 
milder phenotypes, and reduced penetrance [51, 52]. This 
variant has a gnomAD AF of 0.01073% (allele count:173, 
0 homozygotes) and multiple in silico tools predict it to 
be deleterious (CADD: 23.9; REVEL: 0.734; AlphaMis-
sense: likely pathogenic; SIFT: deleterious; PolyPhen-2: 
possibly damaging). Notably, another nucleotide change 
at the same amino acid position, resulting in a threonine 
substitution (c.926 T > C; p.I309T), has been reported in 
a non-classical APS-1 patient and shown to exert a dom-
inant-negative effect by reducing AIRE-regulated gene 
expression when co-expressed with the wild-type [52]. 
However, the available evidence is currently insufficient 
to determine the role of this variant in disease and it is 
classified as VUS based on ACMG criteria (PM1, PM5, 
PP3, BS1).

Research approach: analysis of 23 GWAS-prioritized genes 
for COVID-19 severity
To identify potentially deleterious rare variants in 
genes prioritized by GWAS for COVID-19 severity, we 
next applied the filtering strategy outlined in Fig.  2, to 
23 genes reported in the largest GS-based GWAS on 
COVID-19 severity published to date [14] (Supplemen-
tary Table  2). Two genes (TYK2 and IFNAR2) overlap-
between the IFN-I–IEI and GWAS-prioritized gene 
sets. Thirteen heterozygous candidate variants in TYK2 
(n = 3), THBS3 (n = 2), SLC22A31 (n = 2), ATP11A (n = 2), 
MTX1, FBRSL1, IL10RB, and KANSL1 were identified, all 
under the dominant inheritance model. Of all the identi-
fied variants, 2 were pLoF, 9 were missense, and 2 were 
intronic variants with predicted splice-altering effects 
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(Fig. 2; Supplementary Table 4). We used gene constraint 
metrics from gnomAD (probability of loss-of-function 
intolerance (pLI) and missense Z scores) to evaluate 
gene tolerance to different variant types. Both genes 
with pLoF variants (TYK2 and MTX1), as well as the two 
genes with potential splice-altering variants (SLC22A31, 
FBRSL1), have pLI scores of 0, consistent with tolerance 
to heterozygous loss-of-function. Among genes harbor-
ing missense variants, THBS3 showed the highest degree 
of missense constraint, with a Z-score of 2.56, indicat-
ing moderate intolerance to missense variation. The het-
erozygous c.2213G > A (p.Gly738Asp) variant identified 
in THBS3 was observed in a 25-year-old female patient 
with severe disease (WHO score 8 to 9; mechanical ven-
tilation). This variant is rare in the general population, 
with a gnomAD AF of 0.0002478% (allele count:4, 0 
homozygotes) and is consistently predicted to be delete-
rious by multiple in silico tools (CADD: 33, REVEL: 0.9, 
and AlphaMissense: likely pathogenic). THBS3 encodes 
thrombospondin-3, a member of the thrombospondin 
family of adhesive glycoproteins involved in cell to cell 
and cell to matrix interactions [53].

Given prior evidence that in silico–predicted delete-
rious variants in disease genes may reveal novel inheri-
tance patterns upon functional validation, we additionally 
applied our research approach to 25 IFN-I-IEI genes to 
analyze each under both dominant and recessive models 
capturing potentially damaging variants that may follow 
inheritance mechanisms not yet associated with these 
genes. This analysis identified 17 heterozygous variants 
consistent with a dominant model in recessive IFN-I-IEI 
genes, including IFIH1 (n = 3), IRF7 (n = 3), UNC93B1 
(n = 3), RELB (n = 3), TYK2 (n = 3), MAP3K14, and RAG1 
(Supplementary Table 5).

Contribution of common-variant-derived genetic risk for 
severe COVID-19
Given that age is an established independent risk factor 
for severe COVID-19 [3], and that additional risk factors 
such as comorbidities accumulate with increasing age, we 
hypothesized that younger individuals with severe dis-
ease may carry a higher genetic burden for COVID-19 
severity, reflecting both rare and common variants with 
varying effect sizes. To test this, we calculated individual 
PRS based on the largest currently available GS-based 
GWAS summary statistics for COVID-19 severity [14] 
and examined associations in the full cohort (n = 110) and 
the PCA-defined European subset (n = 85) using logistic 
regression adjusted for sex and ten ancestry principal 
components. Additional sensitivity analyses were per-
formed using fewer principal components and with addi-
tional adjustment for BMI (n = 94) and BMI plus smoking 
(n = 89) in individuals with available data (Supplementary 
Table  6). In the full cohort, higher PRS was associated 

with younger age (< 40  years) (OR = 0.13, 95% CI 0.02–
0.96; p = 0.045), suggesting polygenic factors may contrib-
ute more substantially to COVID-19 severity in younger 
individuals (Fig.  3). This inverse association remained 
robust after adjustment for BMI (OR = 0.064; p = 0.024) 
and for BMI plus smoking (OR = 0.031; p = 0.010). The 
EUR subset showed comparable patterns, with similar 
effect directions and in some models stronger point esti-
mates despite reduced sample size, consistent with the 
higher predictive accuracy of PRS in ancestrally matched 
individuals (Supplementary Table 6). We further assessed 
PRS distributions by rare variant carrier status across 
the cohort. Carriers of at least one candidate rare vari-
ant in the full cohort (n = 19) had significantly lower PRS 
than non-carriers (n = 91) (SE = 1.35; OR = 0.060, 95% CI 
0.004–0.839; p = 0.037; Fig. 3), with stronger associations 
after adjustment for BMI (OR = 0.0117; p = 0.010) and 
BMI plus smoking (OR = 0.0173; p = 0.018). In the EUR 
subset, effect sizes remained directionally consistent, 
while most models did not show significance, except for 
the BMI-adjusted model (OR = 0.0049; p = 0.042) (Supple-
mentary Table 6). Across both age-group and carrier-sta-
tus analyses, models adjusted for fewer ancestry principal 
components yielded directionally consistent effect esti-
mates, though with attenuated statistical significance.

Discussion
In this study we investigated the presence of rare variants 
with potentially large effect sizes, either as candidates for 
known monogenic IFN-I-IEIs [49] or with potential dele-
terious effects in GWAS risk genes for COVID-19 sever-
ity [14], in a cohort of 110 hospitalized young adults from 
the NAPKON Study [33]. Consistent with prior find-
ings from the independent German DeCOI study [33], 
no pathogenic SNVs or large deletions detectable by our 
CNV analysis were identified in TLR7. Other cohorts [18, 
20, 21, 23, 54] have reported frequencies of up to ~ 2% 
likely reflecting differences in cohort composition and 
ancestry. However, using an extended list of 25 IEI genes 
involved in type I IFN production and tolerance, we iden-
tified seven previously unreported VUS in COVID-19 
patients. Since current evidence is insufficient to infer 
causality, these variants remain of uncertain significance 
under ACMG criteria and require replication, functional 
validation and deeper phenotyping to clarify their poten-
tial contribution to disease risk.

Among them, a hemizygous missense variant in IKBKG 
in a male individual with severe disease was notable. 
Although this gene was included in the thirteen exten-
sively studied IFN-I immunity candidate loci for life-
threatening COVID-19 pneumonia [17, 18, 21, 31, 54, 
55], no variants of potentially damaging impact in this 
gene have been reported in severely affected COVID-
19 patients to date. Pathogenic variants in IKBKG are 
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known to cause varying degrees of inactivation of the 
NF-κB signaling pathway, a key regulator of immune and 
inflammatory responses, and can lead to a wide range of 
clinical manifestations. While complete loss-of-function 
variants in IKBKG are lethal in male fetuses and cause 
dominant incontinentia pigmenti (IP) in females, hypo-
morphic variants that impair but do not abolish NF-κB 
signaling are associated with ectodermal dysplasias and 
immune-deficiency syndromes in hemizygous males [56]. 
The broad phenotypic heterogeneity of IKBKG-related 
immunodeficiencies [50] makes it an interesting candi-
date gene in the context of COVID-19 severity.

Furthermore, we identified a heterozygous missense 
VUS in AIRE which warrants functional investigation 
for a potential dominant-negative effect and involve-
ment in non-classical form of polyendocrine syndrome 
type 1 (APS-1) that has not been described in COVID-19 
patients to our knowledge. Biallelic pathogenic variants 
in AIRE, which is critical for central immune tolerance 
and the prevention of autoimmunity, cause autosomal 
recessive polyendocrine syndrome type 1 (APS-1) which 
has been reported in patients with severe COVID-19 
[29–31].However, heterozygous dominant-negative 
variants, particularly in the PHD1 zinc finger or SAND 
domains of this protein cause non-classical APS-1 [51, 
52] with later onset, milder phenotypes, and reduced 
penetrance. A recent study similarly hypothesizes a 
dominant negative effect of missense TLR7 variants in 

females with severe COVID-19, highlighting the need for 
further in vitro functional investigations of these types of 
variants [23]. This underscores the importance of consid-
ering alternative pathomechanisms, inheritance patterns, 
and variable phenotypes when interpreting rare variants 
in disease genes.

In line with this, we extended our analysis beyond 
established inheritance patterns of IFN-I-IEIs and iden-
tified 17 additional heterozygous variants in genes cur-
rently associated only with recessive inheritance. A 
similar strategy was applied in the original study of 13 
type I IFN related IEIs in severe COVID-19 patients [17], 
where both monoallelic and biallelic variants in genes 
were considered and heterozygous possibly deleteri-
ous variants in recessive genes (e.g., UNC93B1, IRF7, 
IFNAR1, IFNAR2) were experimentally validated, thereby 
suggesting novel inheritance patterns. We similarly, 
detected heterozygous potentially damaging variants 
in UNC93B1 (n = 3) and IRF7 (n = 3), including a frame-
shift variant (UNC93B1: c.699del, p.(Cys234AlafsTer6), 
gnomAD AF: 0.0001859%) in a 36-year-old male patient 
with life-threatening disease,and a missense variant 
(IRF7: c.1037C > T, p.(Thr346Met), 0.0003164%) with 
consistentlydeleterious in silico predictions (CADD: 27.1, 
Alphamissense: likely_pathogenic, REVEL: 0.771) in a 
26-year-old male patient with moderate disease (Supple-
mentary Table 5). We also observed heterozygous pLOF 
variants in IFIH1 (n = 3) and TYK2 (n = 1), monoallelic 

Fig. 3  Distribution of polygenic risk scores (PRS) for severe COVID-19 by age group and variant carrier status. Box plots show the distribution of individual 
PRS in a individuals < 40 years (n = 42) versus ≥ 40 years (n = 68), and b carriers of at least one rare candidate variant (n = 19) versus non-carriers (n = 91). Box 
plot elements: box: interquartile range (IQR); dashed line: whiskers: range within 1.5 × IQR; points: outliers. *p < 0.05; Wald test
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LOF variants of which have been previously reported in 
patients with severe COVID-19 [57] and recurrent pul-
monary infections [58] respectively. Although reduced 
penetrance cannot be excluded, the contribution of these 
variants to autosomal-dominant disease remains uncer-
tain without statistical evidence from case–control ana-
lyzes and functional validation. Also, we cannot fully 
exclude the possibility of undetected compound hetero-
zygous variants in these cases due to technical limita-
tions. And most importantly, although these findings are 
of interest, based on objective characteristics like allele 
frequencies, in silico prediction scores or previously 
established associations with other diseases alone, cau-
sality in the context of COVID-19 cannot be assumed.

Genes implicated in COVID-19 severity by GWAS 
might also harbor rare variants with large effects that 
could contribute to disease severity in a monogenic fash-
ion, and some of these genes, such as JAK1, OAS1, TYK2, 
and IFNAR2 [16], have already been implicated as IEIs. 
Thus, we analyzed 23 GWAS candidate genes reported 
in the largest genome sequencing–based study for 
COVID-19 severity, applying a similar rare variant filter-
ing strategy and identified 13 rare heterozygous variants 
predicted to be deleterious. Although these findings do 
not provide evidence for pathogenicity, they might high-
light several genes as candidates for future burden test-
ing and functional follow up in larger and independent 
cohorts. For instance, among the genes with missense 
variants, THBS3 showed the highest missense Z-score 
indicative of partial intolerance to missense variation. We 
identified two rare missense variants in THBS3, includ-
ing one in the youngest female patient in the cohort with 
severe disease who required mechanical ventilation upon 
hospitalization. Although THBS3 has been linked to 
COVID-19 susceptibility and severity through GWAS 
with a potential role in airway mucosal defence during 
viral entry [14, 16], gene burden analyzes have detected 
only weak or suggestive rare variant associations, pos-
sibly limited by low variant frequency and sample size 
[21, 54], and no monogenic disease has yet been linked 
to this gene. A recent spatial proteomics analysis of post-
mortem lung tissue from patients with severe COVID-
19 showed significant enrichment of THBS3 in fibrotic 
regions [59], suggesting a potential role of this gene in 
the development or progression of pulmonary fibrosis. 
These findings support further investigation into the 
potential contribution of rare THBS3 variants to severe 
COVID-19.

Since both rare and common variants are known 
to contribute to the complex genetic architecture of 
COVID-19 severity [60, 61], we took advantage of 
genome sequencing to perform an exploratory case-only 
PRS analysis to examine the polygenic burden of disease 
severity within our cohort. To balance ancestry matching 

with statistical power, PRS associations were examined 
in both the full cohort and a PCA-defined European 
subset, in line with prior evidence showing that reduced 
ancestry matching predominantly affects predictive per-
formance rather than generating artifactual associations 
[62, 63]. We observed that younger patients (< 40 years) 
with severe disease carried higher PRS on average than 
older individuals, consistent with prior reports that com-
mon genetic risk is higher in individuals ≤ 60, both for 
major risk loci [64, 65] and at the genome-wide level [31]. 
Moreover, carriers of at least one rare candidate vari-
ant in either GWAS or IFN-I-IEI genes tended to show 
lower PRS than non-carriers. This pattern is in line with 
recent studies across multiple disorders indicating com-
mon-variant background can modulate the effects of rare 
pathogenic variants, influencing penetrance, expressivity, 
and clinical outcomes [66–69]. Although our results are 
limited by small cohort size and cannot support definitive 
conclusions, the observed patterns suggest an integrated 
model in which rare variants of large effect and com-
mon polygenic background may act together with age 
and other risk factors to determine COVID-19 severity. 
Future efforts should focus on jointly analyzing variation 
across the full allele frequency spectrum and validating 
findings in larger, well-controlled cohorts using novel 
statistical methods [60, 70]. NAPKON’s comprehensive 
dataset, including deep phenotyping, multi-omics, and 
genetic data available for a subset of participants, will 
enable future studies to advance our understanding of 
the genetic and molecular determinants of COVID-19 
severity.

Limitations of our study include, first, the lack of 
functional validation due to which all reported variants 
remain of uncertain significance, limiting conclusions 
about their potential contribution to disease risk. Sec-
ond, given the small sample size, we limited our analy-
sis to genes linked to type I IFN immunity rather than 
all IEI-associated genes, precluding a comprehensive 
assessment of IEI as a whole. Third, due to the absence of 
matched controls, we could not perform PCA-adjusted 
gene burden testing to assess statistical enrichment of 
rare variants in cases which represents a major limita-
tion to evaluate the specificity of our findings. Fourth, 
the CNV analysis was performed only qualitatively and 
indirectly restricted to the TLR7 locus, leaving a com-
prehensive analysis of structural variation unexplored. 
In addition, although all samples underwent joint vari-
ant calling and QC, residual batch effects or coverage 
variability could still have influenced variant detection, 
particularly for rare variants in low-coverage exons. In 
addition, some clinical variables including medication 
history and SARS-CoV-2 variant information, were not 
available, limiting evaluation of their potential impact on 
the results. Finally, while we constructed the PRS from 
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GS-based GWAS data to minimize technical variation, 
the analysis was conducted in a small, case-only cohort 
without matched controls, limiting statistical power and 
precluding estimation of absolute genetic risk. The mod-
est sample size may also increase susceptibility to model 
instability and potential overfitting; therefore, the find-
ings should be interpreted with caution.

In conclusion, we identified rare candidate variants 
of possible high impact in IFN-I-IEI genes and GWAS-
prioritized genes for severe COVID-19 that represent 
candidates for future experimental validation and geno-
type–phenotype studies. Our exploratory PRS analyses 
suggest that polygenic risk may contribute more sub-
stantially to severe COVID-19 in younger individuals, 
whereas carriers of rare variants tended to show lower 
polygenic burden. This highlights the need for future 
integrative genomic approaches in larger well-controlled 
cohorts to better understand the joint contribution of 
common and rare variants to severe COVID-19.
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