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ARTICLE INFO ABSTRACT

Keywords: Recent studies have shown that methylation changes identified in blood cells of COVID-19 patients have a po-
COVID-1-9 tential to be used as biomarkers of SARS-CoV-2 infection outcomes. However, different studies have reported
Coronavirus different subsets of epigenetic lesions that stratify patients according to the severity of infection symptoms, and
SARS-CoV-2 . P . . . . PR

Epigenetics more importantly, the significance of those epigenetic changes in the pathology of the infection is still not clear.

We used methylomics and transcriptomics data from the largest so far cohort of COVID-19 patients from four
geographically distant populations, to identify casual interactions of blood cells’ methylome in pathology of the
COVID-19 disease. We identified a subset of methylation changes that is uniformly present in all COVID-19
patients regardless of symptoms. Those changes are not present in patients suffering from upper respiratory
tract infections with symptoms similar to COVID-19. Most importantly, the identified epigenetic changes affect
the expression of genes involved in interferon response pathways and the expression of those genes differs be-
tween patients admitted to intensive care units and only hospitalized. In conclusion, the DNA methylation
changes involved in pathophysiology of SARS-CoV-2 infection, which are specific to COVID-19 patients, can not
only be utilized as biomarkers in the disease management but also present a potential treatment target.

DNA methylation

1. Introduction lives worldwide as of April 25, 2022 (https://origin-coronavirus.jhu.
edu/map.html). The vast majority of SARS-CoV-2 infections is charac-

The severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) terized by a range of mild symptoms including fever, cough, and general
has infected almost 510 million individuals and claimed over 6.2 million malaise [1]. About 14% of patients progress to severe disease (with
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dyspnoea, hypoxia, or greater than 50% lung involvement on imaging
tests) and further 5% develop critical disease, characterized by acute
respiratory distress syndrome (ARDS), and multi-organic failure (MOF)
requiring mechanical ventilation in the Intensive Care Units (ICUs) [2].
The severity of COVID-19 disease, caused by SARS-CoV-2 infection, has
been generally associated with dysregulation of immune activity [3],
including increased levels of cytokines [4,5]) produced by a subset of
inflammatory monocytes [6,7], lymphopenia [8], and T cell exhaustion
[9,10]. The epidemiological studies repeatedly show that sex and older
age plus one of the following conditions: diabetes, obesity, hypertension,
and cardiovascular pathology are the risk factors for severe outcome of
the disease [7,11].

Those risk factors, however, cannot explain the high heterogeneity
and unpredictability of the COVID-19 outcomes observed in clinics.
Prediction of individual response to the SARS-CoV-2 infection is one of
the biggest challenges of the COVID-19 patient clinical management
[12-15]. A number of genome-wide association studies (GWAS) have
identified genetic loci that appear to modulate the risk of severe out-
comes of the infection [16-18]. The prevalence of one of those loci, a
haplotype derived from Neandertal DNA, was associated with the
COVID-19 mortality in the populations with a high prevalence of that
haplotype [19]. However, the populations in which this haplotype is
almost absent also display high mortality rates. That suggests a key role
of the environmental factors in the disease outcomes.

DNA methylation is one of the major epigenetic mechanisms of gene
expression regulation, essential during development and for the main-
tenance of cell-type identity [20]. In principle, it is a process of covalent
addition of methyl groups to the cytosines in DNA strand and cell spe-
cific genome-wide methylation pattern is referred to as methylome. DNA
methylation is an enzymatic process that can be influenced by envi-
ronmental factors and several studies have reported significant differ-
ences between methylomes of specific populations, but also individuals
(as reviewed for example in: [21,22]). Moreover, the acquisition of
specific DNA methylation changes in blood has already been shown by
us and others to predispose to the disease [23]. Recent studies have
confirmed that SARS-CoV-2 infection influences the methylomes of the
blood cells [24-26]. However, the results of those studies agree only to
some extent, suggesting that repose of the methylome to the infection
may be host specific and vary between patients and populations of
patients.

We have consolidated methylomics and transcriptomics data from
studies that aimed to elaborate SARS-CoV-2 virus influence on blood
cells including: two studies from USA [24,26], a study from Spain [25]
and a patient cohort from our institution with the aim to investigate the
causal effect of the host methylome interaction with the pathogen.
Overall, we observed uniform response of methylome of blood cells to
SARS-CoV-2 virus in 478 hospitalized COVID-19 patients from
geographically distant and ethnically mixed populations. The identified
methylation signature was specific to COVID-19 patients and not present
in blood of healthy controls and patients with upper respiratory tract
infections. We then assessed the expression of genes associated with
those methylation changes and shown that expression of at least a subset
of those genes is regulated by SARS-CoV-2 induced methylation
changes.

2. Material and methods
2.1. Data collection

All used datasets are deposited at Gene Expression Omnibus (GEO)
database. Methylation data of COVID-19 cohorts at: GSE168739,
GSE174818, GSE167202, and GSE202296; other infectious respiratory
disease cohorts at: GSE174818 and GSE167202; and healthy individuals
at: GSE167202, GSE112618, GSE123914, and GSE153211. Expression
(RNA-seq) data of COVID-19 and non-COVID-19 patients at:
GSE157103.
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2.2. Ethics

Written consent was obtained from all participants from Polish
cohort before enrollment. All procedures were in accordance with the
ethical standards approved by the Bioethics Committee of the Pomera-
nian University, Szczecin, with approval number KB-0012/101/2020
-A.

2.3. Methylation profiling data processing

Raw microarray files (.idat) were processed using the ChAMP R
package [27]. As the data exceeded available computational abilities,
we prepared an R script to process chunks of data in sequential manner.
Each chunk (n = 50) was drawn randomly without replacement from the
sampling frame and then processed into a beta-matrix using standard
ChAMP pipeline for EPIC array. Finally, all beta-matrixes were com-
bined into one data matrix file for further analysis. Code available from:
https://github.com/ClinicalEpigeneticsLaboratory/distChAMP.  Raw
beta values were corrected for cell-fraction proportions using the refBase
function of the ChAMP package. However, to predict WBC fractions
proportion we used outperforming robust partial correlation method
implemented in EpiDISH R package [28-30], instead of the default
reference-based algorithm. As a reference methylation profiles, we used
“centDHSbloodDMC.m” dataset for seven main WBC types (B-cells,
CDA4T, CDS8T, NK, Monocytes, Neutrophils and Eosinophils) [28]. We
defined differentially methylated probe (DMP) as a probe with more
than 0.05 absolute average methylation difference between compared
groups and we used ANOVA test to calculate p-value for specific CpG if
the distribution of beta values in each of the comparison groups was
normal (Shapiro-Wilk test) and variance was equal (Barttlet test). If the
beta values were not normally distributed or variances between groups
were different, we used non-parametric Kruskal-Wallis test. To include
additional covariates in analysis we used logit or multinomial logit
regression models, then significance of methylation level change was
assessed using the Wald test. We controlled for false discovery rate at the
level 0.05 using step-up Benjamini-Hochberg procedure.

2.4. Gene expression data processing

The RNA-seq data from COVID-19 and other respiratory infections
patients (GSE157103) were analysed as TPM (Transcript Per Million).
The logit regression model was used to test statistical significance of
observed expression differences between studied groups of patients. We
considered the expression to be altered if absolute value of logs fold-
change of studied groups was > 1 and FDR corrected p-value calcu-
lated for gene expression variable in logit model was < 0.05 (Wald test).
The models were adjusted for: sex, age, WBC fractions and steroids
intake. To fulfill independence between covariates we removed all
covariates with VIF (variance inflation factor) > 6 (in case of continuous
variables) or p-value < 0.05 (Fisher exact test) in pairwise comparison of
covariates (in case of categorical variables).

2.5. High-dimensional data visualisation

Data with more than three dimensions were visualised in the form of
heatmaps clustered using unsupervised Ward’s algorithm or alterna-
tively using scatterplots based on data transformed by t-SNE. In t-SNE
algorithm, we set perplexity equal to the smallest number of samples in
analysed groups and the gradient calculation was performed using
“exact” method. The rest of parameters were set as default, implemented
in scikit-learn library. In both methods, we assumed Euclidian distance.

2.6. The functional enrichment analysis

Gene Set Enrichment Analysis was performed using GENE2FUNC
function of FUMA GWAS (Functional Mapping and Annotation of
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Genome-Wide Association Studies) [31] with Molecular Signatures
Database (MSigDB) as a reference [32,33]. This database contains
“hallmark” collection of gene sets [34], which are one of the most reli-
able databases for GSEA as they were generated by in silico identification
of the overlaps between gene sets in other MSigDB collections, followed
by manual evaluation and annotation of the genes [34]. The evidence
channels used in STRING analysis were: (1) textmining, which searches
for protein names in PubMed abstracts, in an in-house collection of more
than three million full text articles, and in other text collections [35,36],
(2) experiments, which includes evidence from actual laboratory ex-
periments, based on interaction databases organized in the IMEx con-
sortium [37] and BioGRID [38], (3) database, which collects evidence
imported from pathway databases (asserted by a human expert curator),
and (4) co-expression, in which gene expression data originating from a
variety of expression experiments are normalized, filtrated and then
correlated [39] (Table 3).

3. Results

3.1. Blood cell composition of clinical sample needs to be considered in
analyses of causal methylation changes

In response to SARS-CoV-2 infection the ratios of sub-populations of
blood cells may temporally change and the magnitude of those changes
differs between infected individuals [5,40]. Increasing number of data
suggests that to identify causal methylation pattern alterations in indi-
vidual cell types, the correction for the proportion of different cells in
the individual sample should be performed especially when analysing
data from independent studies and populations [28, 41-43]. Thus, we
first evaluated to what extent the analysis of SARS-CoV-2 infection-re-
lated methylation changes in our study can potentially be affected by
sample specific white blood cells (WBC) proportions. Using
reference-based Robust Partial Correlations-RPC (EpiDISH) [28] we
inferred the proportions of the cells from EPIC microarray data for each
of the blood samples studied. The levels of each of the cell types
significantly varied between cohorts of COVID-19 patients as well as
healthy controls (Supplementary Fig. 1a). Moreover, mean or variance
of methylation levels, were significantly different (p-value < 0.05,
Kruskal-Wallis and Levene test, respectively) for all cell fractions except
eosinophils, between the groups. We then performed cell-fraction
correction (CFC) of individual methylation profiles with refBase func-
tion of ChAMP package [27,29,30], modified to use reference-based
Robust Partial Correlations-RPC (implemented in EpiDISH package)
[28,29]. The proportions of specific blood cell fractions in patients as
well as healthy controls showed relatively minor differences after CFC,
indicating the need to perform this type of correction before the analysis
of the causal methylation changes (Supplementary Fig. 1b).

To confirm positive effect of cell-fraction correction we also
regressed beta values for 10,000 randomly selected CpG sites with
percentage of blood cell fractions across all methylation profiles in the
study to calculate adjusted R-square value of that regression. This value
in principle reflects the strength of linear association between beta
values (methylation levels) and proportions of the cells in the sample. In
our data, up to 94% (median: 0.06; interquartile range (IQR): 0.20) of
methylation level at specific CpG sites was potentially attributed to
different cell proportions and the influence of cell fractions on beta
values is significantly reduced by cell-fraction correction that we per-
formed (Supplementary Fig. 1c). These results again show the need to
perform cell fraction correction when studying the methylome blood
cells and our subsequent analyses described below are based on cor-
rected data.

3.2. Uniform response of blood methylome to SARS-CoV-2 infection

Majority of the COVID-19 patients in our study, including all patients
in Polish (n = 32) and USA 1 cohorts (n = 102) [24], as well as 213
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patients in Spanish [25] and 131 in USA 2 [26] were patients with
symptoms that required hospitalization. We began our analysis of the
effect of SARS-CoV-2 on methylomes of blood cells with a comparison of
methylation profiling data of those patients with the data from 119
healthy blood samples that we considered a healthy control group (the
outline of this analysis is shown in Supplementary Fig. 2a and Table 1
includes clinical characteristics of the cohorts). Differentially methyl-
ated probe (DMP) in our study was a probe with statistically significant
(FDR corrected p-value < 0.05; Kruskal-Wallis or ANOVA) average
methylation level change (hyper- or hypomethylation) in each of the
studied cohorts in reference to controls and the same direction of that
change across all cohorts. Additionally, as we used data from different
studies and expected a certain level of the batch effect and technological
noise, we included in this analysis only probes with methylation level
difference of more than 5% points. This analysis identified 1773 DMPs
(Supplementary Table 1) of which 1601 (90.3%) were hypo- and 172
(9.7%) hypermethylated. Not surprisingly, the unsupervised clustering
based on identified DMPs was able to effectively distinguish two ana-
lysed groups (Fig. 1la), but importantly patients did not cluster in
experiment dependent fashion indicating lack of batch effect in our data
set. Both clustering and t-Distributed Stochastic Neighbour Embedding
(t-SNE) based visualisation (Fig. 1b) showed high heterogeneity of
methylation levels at identified DMPs across patients with even some of
the methylation profiles of healthy individuals mixing with the
COVID-19 patients.

The identified DMPs annotated to 1112 genes. To approximate bio-
logical function of those genes we used GENE2FUNC function of FUMA
GWAS (Functional Mapping and Annotation of Genome-Wide Associa-
tion Studies) [31] and performed gene set enrichment analysis (GSEA)
with Molecular Signatures Database (MSigDB) as a reference [32,33],
which contains “hallmark” collection of gene sets [34]. Despite that our
analyzes identified rather large gene set, those genes were statistically
significantly enriched in only two terms: interferon alpha (adjusted p
value = 2.74E-07) and interferon gamma response pathways (adjusted p
value = 1.51E-02) (Fig. 1c), with enrichment of 21 of the genes in each
of the pathways and 15 genes shared between both pathways. Not sur-
prisingly, this suggests that identified methylation changes take part in
interferon response activated upon viral infection (as reviewed e. g.
[44]). However, given the accuracy of GSEA analysis normally observed
in similar experiments, identification of only two pathways in our
analysis indicates a very high specificity of the methylation changes
induced by SARS-CoV-2.

3.3. Majority of methylome changes observed in COVID-19 patients is
present in patients with other respiratory infections

Two studies: USA 1 (n = 26) [24] and USA 2 (n = 65) [26], reported
blood cells methylation profiling data from patients that were tested
negative for SARS-CoV-2 but developed similar to COVID-19 disease
symptoms. The disease etiology of patients in USA 1 cohort was un-
known but most of the cases developed pneumonia and in the USA 2
cohort all patients were positive for other than SARS-CoV-2 acute upper
respiratory viral infections (for details see Supplementary Table 2).
Considering the differences in diseases’ etiology in both cohorts, we
analysed methylomes patients from each of those cohorts separately. In
general, unsupervised clustering (Fig. 2a-b), as well as t-SNE (Fig. 2c-d)
analysis showed that COVID-19 patients and patients with other respi-
ratory infections had a very similar methylation status at the subset of
DMPs we identified between hospitalized COVID-19 patients and con-
trols. That suggests that most of the findings in our initial analysis
methylation changes are a part of the general response of the immune
system to the respiratory tract infections. Nevertheless, especially in
case of USA 1 cohort, both unsupervised clustering (Fig. 2a) and t-SNE
(Fig. 2c) suggested certain level of clustering of patients with other
respiratory disease from COVID-19 patients and hence the presence of
the subset of DMPs differentially methylated between these two groups.
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Table 1
Clinical characteristics of COVID-19 patients of all studied populations, non-COVID-19 patients, as well as healthy controls.

COVID-19 PL COVID-19 ES COVID-19 USA-1 non-COVID-19 USA-  COVID-19 USA-2 non-COVID-19 USA-  Healthy controls[26,

[25] [24] 1[24] [26] 2[26] 56-58]
Total, n 32 407 102+ 26 164 65 119
Age (years), mean (95%  48.7 42.1 61.3 (58.1-64.5) 63.8 (57.3-70.4) 50.5 (47.9-53.2) 54.1 (50.0-58.2) 53.2 (50.6-55.7)
CD (44.5-52.8) (41.1-43.1)
Sex, n(%)
Male 19 (59.4%) 185 (45.5%) 64 (62.7%) 13 (50%) 93 (56.7) 35 (53.8) 18 (15.1%)
Female 13 (40.6%) 222 (54.5%) 38 (37.3%) 13 (50%) 71 (43.3) 30 (46.2) 101 (84.9%)
BMI, mean (95% CI) 28.6 <30 30.4 (28.4-32.4) 30.4 (26.7-34.0) N/A N/A N/A
(26.9-28.7)
Smoking history 14 (43.8%) N/A 18 (17.6%) 10 (38.5%) N/A N/A N/A
Diabetes mellitus, n(%) 2 (6.3%) 0 (0%) 36 (35.3%) 6 (23.1%) N/A N/A N/A
Hypertension, n(%) 9 (28.1%) 0 (0%) N/A N/A N/A N/A N/A
Pulmonary disease, n(%) 2 (9.4%) 0 (0%) 21 (20.6%) 4 (15.4%) 21 (12.8%) 8 (12.3%) N/A
ICU, n(%) 0 (0%) 99 (24.3%) 51 (50%) 16 (61.5%) N/A
Severity group, n(%)
Hospitalised 32 (100%) 213 (52.3%) 102 (100%) N/A 131 (79.9%) N/A N/A
Asymptomatic/mild 0 (0%) 194 (47.7%) 0 (0%) N/A 33 (20.1%) N/A N/A
symptoms
COVID-19 pneumonia
Yes 25 (78.1%) 203 (49.9%) N/A N/A N/A N/A N/A
No 7 (21.9%) 184 (45.2%) N/A N/A N/A N/A N/A
Unknown 0 (0%) 20 (4.9%) N/A N/A N/A N/A N/A

* . . P . . . . . . . . .
Expression data with clinical characteristics used as covariates in logistic regression were available for 99 patients
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Fig. 1. Comparison of methylation levels in 1773 DMPs displaying identical methylation changes in all COVID-19 cohorts and GSEA analysis of the genes annotated
to those DMPs.

(a) Heatmap illustrating unsupervised clustering of beta values at identified DMPs in COVID-19 patients and healthy controls.

(b) t-SNE based visualisation of beta values of identified DMPs in COVID-19 patients and healthy controls.

(c) illustration of GSEA results from FUMA GWAS platform with hallmark MSigDB database as a reference.
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Fig. 2. Comparison of methylation changes at DMPs identified in all COVID-19 cohorts between COVID-19 patients and patients with other respiratory tract in-
fections. a-b Heatmap illustrating unsupervised clustering based on beta values of this subset of DMPs for USA 1 (a) and USA 2 (b) cohort. c-d t-SNE based visu-

alisation of beta values of this subset of DMPs for USA 1 (a) and USA 2 (b) cohort.

3.4. A subset of methylation changes is specific to SARS-CoV-2 infection

Given the specificity of the GSEA analysis and as the above results
suggested that there might be a subset of methylation changes specific to
SARS-CoV-2 infection, we modified our initial analysis and compared
methylomes of the COVID-19 patients in each cohort with both healthy
blood and two of the other respiratory infections patient cohorts (Sup-
plementary Fig. 2b).

This analysis identified 20 hypo- and 4 hypermethylated DMPs
(Fig. 3a and Supplementary Table 3) displaying methylation changes
identical in each of the analysed cohorts of COVID-19 patients and
different from both healthy controls and patients with other respiratory
tract infections. Those DMPs mapped to 17 genes, which are listed in
Table 2. Twelve of those genes including: AIM2, CYSTM1, DTX3L,
PARP9, CMPK2, EPSTI1, IFI44L, IFIT3, IRF7, LRBA, MX1, and TRIM22
have been described to be associated with immune response (source:
GeneCards) and all except LRBA were annotated as interferon-regulated
genes (Interferome database [45]). All the DMPs mapped to those genes
were hypomethylated. Interestingly, three of the identified COVID-19

specific DMPs (cg22930808, cg00959259, cg07815522) were located
at PARP9/DTX3L promoter region (TSS1500, 5’UTR) in N-shore of CpG
island present in that genomic region (Fig. 3b and Supplementary Table
3), and four DMPs (cgl6785077, ¢gl13155430, cg21549285,
¢g22862003) mapped to the shores or shelfs of two CpG islands presents
in promoter of MX1 (Fig. 3c and Supplementary Table 3). In case of
PARP/DTX3L observed methylation changes affected adjacent CpG site
and formed a differentially methylated region (DMR) (Fig. 3b), while at
MX1 gene DMPs were distributed across the promoter region (Fig. 3c).
The four of the remaining genes including: AQP8, CDC42EP3, GPR176,
and PLBD1, were associated with hypermethylated DMPs and had no
described function in immune system. One hypomethylated DMP map-
ped to FLJ43663 (LINC-PINT) gene which is non-protein coding RNA
that has been described to have neuroprotective function in the brains of
patients with neurodegenerative disorders [46]. Those five genes also
did not show expression changes specific to COVID-19 patients in the
gene expression analyses described below.
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Fig. 3. Comparison of methylation levels at COVID-19 specific DMPs and results of GSEA analysis based on genes annotated to those DMPs. (a) Comparison of
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promoters of PARP9/DTX3L (b) and MX1 (c) genes. The arrows indicate identified DMPs.
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Biological function of proteins encoded by genes associated with COVID-19 specific DMPs (source: GeneCards).

Gene_Name Full gene name Encoded protein function
IRF7 Interferon regulatory factor 7 Key transcriptional regulator of type I interferon (IFN)-dependent immune responses and plays a critical role
in the innate immune response against DNA and RNA viruses
MX1 MX Dynamin Like GTPase 1 Cellular antiviral response: induced by type I and type II interferons and antagonizes the replication process of
several different RNA and DNA viruses
AIM2 Absent In Melanoma 2 Involved in innate immune response by recognizing cytosolic double-stranded DNA and inducing caspase-1-
activating inflammasome formation in macrophages
IFI44L Interferon Induced Protein 44 Like Exhibits a low antiviral activity against hepatitis C virus
PARP9 Poly(ADP-Ribose) Polymerase Family Plays a role in DNA damage repair and in immune responses including interferon-mediated antiviral defences;
Member 9 in macrophages, positively regulates pro-inflammatory cytokines production in response to IFNG stimulation
IFIT3 Interferon-induced protein with Acts as an inhibitor of cellular as well as viral processes, cell migration, proliferation, signalling, and viral
tetratricopeptide repeats 3 replication
TRIM22 Tripartite Motif Containing 22 Participates in antiviral cell innate immunity; it is interferon-induced
DTX3L Deltex E3 Ubiquitin Ligase 3L Plays a role in DNA damage repair and in interferon-mediated antiviral responses; in association with PARP9,
plays a role in antiviral responses
AQP8 Aquaporin 8 Facilitates the transport of water across biological membranes along an osmotic gradient
LRBA Lipopolysaccharide-responsive and beige-like =~ May be involved in coupling signal transduction and vesicle trafficking to enable polarized secretion and/or

FLJ43663 (LINC-

anchor protein
Long Intergenic Non-Protein Coding RNA,

membrane deposition of immune effector molecules

May act as an amidase or a peptidase (By similarity)

Plays a role in M1 macrophage polarization and is required for the proper regulation of gene expression during
M1 versus M2 macrophage differentiation (By similarity)

May participate in dUTP and dCTP synthesis in mitochondria

Probably involved in the organization of the actin cytoskeleton

Among its related pathways are Innate Inmune System

PINT) P53 Induced Transcript
PLBD1 Phospholipase B Domain Containing 1
EPSTI1 Epithelial-stromal interaction protein 1
CMPK2 Cytidine/Uridine Monophosphate Kinase 2
CDC42EP3 Cdc42 effector protein 3
CYSTM1 Cysteine Rich Transmembrane Module

Containing 1

GPR176 G protein-coupled receptor 176

Orphan receptor involved in normal circadian rhythm behaviour

3.5. Most of the genes associated with COVID-19 specific DMPs interact
in interferon response pathways

The GSEA analysis with MSigDB hallmark gene sets as a reference
again linked those genes to interferon alpha (adjusted p value = 2.73e-
11) and interferon gamma response pathways (adjusted p value = 1.57e-
7) (Fig. 4a), with six of the genes including CMPK2, EPSTI1, IFI44L,
IFIT3, IRF7, and MX1 to take part in both processes.

Next, we used STRING platform [47] to assess potential
protein-protein interaction (PPI) between proteins encoded by the
identified genes. This analysis found evidence for the interactions be-
tween ten proteins from our gene set (Fig. 4b) at statistically significant
level (Benjamini-Hochberg-adjusted p-value<1.0e-16), and enrichment
of those genes in six local network clusters (ontology terms used in
STRING) associated with interferon alpha/beta signalling pathways
(Supplementary Table 4). Moreover, four “evidence channels”, which
are the source databases utilized in STRING to find the evidence for the
interaction (for detailed description of those data bases see Material and
methods (Section 2.6.)) also indicated interactions between those genes
(Supplementary Table 5).

3.6. Identified COVID-19 specific methylation changes are likely a proxy
of broader methylation changes

Considering high heterogeneity of studied cohorts, technical limita-
tions of methylation screening technology and bioinformatics data
analysis of this type of data, it is plausible that a number of the infection
specific methylation changes did not reach minimum methylation dif-
ference threshold (five percent points) in our analysis. We attempted to
overcome those limitations and assessed whether methylation levels of
COVID-19 specific DMPs are correlated with methylation levels of any
other CpGs screened by microarray we used. We performed this analysis
for each of the patients’ cohorts separately and found that in all analysed
cohorts methylation changes at 30 additional probes were strongly
correlated (|r| > 0.7; Supplementary Table 6) with at least one of the
COVID-19 specific DMPs. Interestingly, nine of the probes mapped to
already identified COVID-19 specific genes, including: MX1, IFI44L,
FLJ43663, PARP9/DTX3L, AQP8, IRF7, and AIM2. Both unsupervised

clustering (Supplementary Fig. 3a-b), as well as t-SNE-based visual-
isation (Supplementary Fig. 3c-d) based on this subset of 30 DMPs
clearly separated COVID-19 patients from patients with other respira-
tory diseases in both USA 1 and for USA 2 cohorts, indicating that
methylation changes within identified probes are also specific to SARS-
CoV-2 infection.

Moreover, FUMA based GSEA showed again, significant enrichment
of those genes in interferon alpha (adjusted p value = 1.56e-25) and
interferon gamma response pathways (adjusted p value = 5.23e-19)
with additional seven genes OAS1, IRF9, BST2, MVBI2A, IFIHI,
DDX60, and PSMB8 identified in this analysis also associated with
interferon pathways (Supplementary Fig. 3e). These results suggest that
methylation changes may not reflect a full picture of interaction be-
tween SARS-CoV-2 and methylome of blood cells and studies based on
more accurate clinical designs are necessary to elaborate the full impact
of the virus on blood cells methylome.

3.7. SARS-CoV-2 infection specific methylation changes are present in
blood cells of asymptomatic patients and patients with mild symptoms

Two of the cohorts, in our study included patients tested positive for
SARS-CoV-2 but displaying no or mild infection symptoms and not
requiring hospitalization (Spanish cohort: n = 194 and USA 2: n = 33).
We compared methylation levels at the 24 COVID-19 specific DMPs
between those patient groups and healthy controls using logit regression
model (adjusted for age and sex, for the details of this analysis see Ma-
terial and methods (Section 2.3.) and Supplementary Table 7). The
methylation levels at majority of those DMPs except for four
(cg10728454, cg07992500, cg18519762, cg22488164) were statisti-
cally significantly different (FDR corrected p-value < 0.05) and close to
or higher than 5% point in asymptomatic SARS-CoV-2 positive patients
than in healthy controls. Most importantly the methylation changes at
almost all of those DMPs displayed a general trend of increasing
methylation difference from healthy controls to hospitalized patients
with not hospitalized patients showing intermediate methylation levels
between those two groups (Fig. 5).
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Fig. 4. GSEA analysis of the genes associated with COVID-19 specific DMPs. (a) GSEA analysis based on “hallmark™ collection in Molecular Signatures Database
(MSigDB). (b) PPI networks analysis of genes associated with COVID-19 specific DMPs. Lines show interaction between proteins according to: textmining (green),
experiments (pink), databases (blue), and co-expression (black) “evidence channels” (see Material and methods (Section 2.6.) for the definitions of the evi-

dence channels).

3.8. Hypomethylation of genes associated with COVID-19 specific DMPs
activates those genes expression

The STRING analysis indicated that proteins encoded by ten of the
genes with COVID-19 specific DMPs interact (Fig. 4b). To assess the
association between methylation and expression of the genes in this
gene set, we first compared their expression levels between COVID-19
patients (n = 62) and healthy blood samples (n = 24) [48]. This anal-
ysis showed that nine of the genes including MX1, CMPK2, PARP9,
TRIM22, AIM2, IFI44L, IFIT3, IRF7, and EPSTI1 were significantly
upregulated in blood of COVID-19 patients (p < 0.05, ANOVA; |
loga(FC)| > 1) (Fig. 6a). The expression of DTX3L was also statistically
significantly upregulated (p < 0.05, ANOVA) but the effect size was
slightly lower than in case of other genes (Fig. 6a).

Then, we compared the expression of those genes between COVID-19
patients (n = 102) and patients with other respiratory diseases (n = 26)
using RNA-seq data from: [49]. The logistic regression analysis adjusted
for WBC fraction, age, sex, and steroids intake (for the details of this
analysis see Material and methods (Section 2.4.)) showed that the
expression was statistically significantly upregulated (FDR corrected
p-value < 0.05) specifically in COVID-19 patients, with |loga(FC)| > 1
observed for all the genes except AIM2 for which |loga(FC)| was 0.92
(Supplementary Table 8). Only one gene IRF7 did not show statistically
significant expression change in this analysis.

Interestingly, despite the strong association of methylation and
expression, the expression of all genes in this gene set was markedly
differed between COVID-19 patients (Fig. 6b), suggesting potential as-
sociation of the expression levels with the disease outcome. We, there-
fore, compared the expression levels between 50 patients described as
only hospitalized and 46 as admitted to intensive care units (ICU). The
expression of all of those genes significantly differed between non-ICU
and ICU patients (FDR corrected p-value < 0.05), however the effect
size (|loga(FC)| > 1) was significant only for four of the genes, including
IFI44L, MX1, CMPK2, and IFIT3 (Fig. 6¢ and Supplementary Table 9).
Together these results indicate that there are other factors influencing
the expression of the genes epigenetically activated during SARS-CoV-2
infection, what also potentially explains remarkable unpredictability
and heterogeneity of COVID-19 clinical outcomes in the presence of
uniform methylation changes.

4. Discussion

We combined methylomics and transcriptomics data from four
geographically distant and ethnically heterogeneous cohorts of COVID-
19 patients, with the aim to assess causal interaction of SARS-CoV-2
virus with host methylome. The study involved the largest so far
cohort of COVID-19 patients from geographically distant and to some
extent ethnically heterogeneous populations. Our analysis identified
1773 CpG sites that displayed remarkably stable methylation changes in
blood of hospitalized 478 COVID-19 patients and those changes were
independent of individual WBC proportions. The pathway enrichment
analysis based on this methylation signature showed that identified
methylation changes mapped to genes significantly enriched in terms
related to only: interferon alpha and interferon gamma response.
Nevertheless, the majority of those changes were also present in patients
displaying symptoms of upper tract respiratory infection similar to
SARS-CoV-2 infection, indicating that this methylation signature is a
part of general response of methylome of blood cells to the infection.
However, the methylation status of 24 of CpG sites from this signature,
which annotated to 17 genes, was different in blood of COVID-19 pa-
tients than in healthy blood and blood of patients with other upper tract
respiratory infections but displaying symptoms similar to COVID-19.
This suggests that methylome of blood cells is involved in pathogen-
esis of COVID-19 in virus specific manner and epigenetic changes
regulate a specific subset of the genes during SARS-CoV-2 infection.

Twelve out of seventeen of the genes associated with COVID-19
specific methylation changes including: AIM2, CYSTM1, DTX3L,
PARP9, CMPK2, EPSTI1, IFI44L, IFIT3, IRF7, LRBA, MX1, and TRIM22
have been associated with immune response and eleven (except for
LRBA) were shown to be regulated by interferon [45]. Moreover, pro-
teins encoded by ten of those genes, including AIM2, DTX3L, PARP9,
CMPK2, EPSTI1, IFI44L, IFIT3, IRF7, MX1, and TRIM22 have been shown
to interact. Detailed analysis of function of those genes showed that all of
them have been previously shown to be effectors in the interferon
response pathways [45] and PARP9 gene has additionally been reported
as a non-canonical sensor for RNA virus to initiate and amplify type I
interferon production [50]. Interestingly, MX1 and PARP9/DTX3L pro-
moter regions respectively harboured four and three CpG sites hypo-
methylated in COVID-19 patients. The epigenetic regulation of MX1 has
been shown in viral infections but to our best knowledge involvement
the DNA methylation-mediated epigenetic regulation of PARP9/DTX3L
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Fig. 5. Comparison of the methylation levels at COVID-19 specific DMPs between non-hospitalized COVID-19 patients, healthy controls and hospitalised COVID-

19 patients.

bidirectional promoter has not been previously described, and impor-
tantly transcripts of PARP9 (alias BAL1) and DTX3L (alias BBAP), as well
as MX1, have well described function in interferon signaling pathways
and pathology of SARS-CoV-2 virus infection [50-55].

Most importantly, we showed that all of the genes in this gene set

were differentially expressed between blood cells of COVID-19 patients
and healthy controls, and nine of them (except for IRF7) were also up
regulated in blood of COVID-19 patients but not in patients with other
respiratory infections. This indicates that methylation is essential for the
activation of those genes and it is likely that they undergo activation
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specifically upon SARS-CoV-2 infection. However, despite of the uni-
form in all studied patient cohort methylation of genes associated with
SARS-CoV-2 infection, the expression of the genes mapped to those
epigenetic changes differed significantly between patients and inter-
estingly the patients with high expression were significantly less likely to
be admitted to ICU. This suggests that the response of methylome of
blood cells to the infection appears to be essential for the regulation of
the expression of the genes during infection but there are other factors,
which influence the response of blood transcriptome of COVID-19 pa-
tients to SARS-CoV-2 virus. The heterogeneity of the gene expression
could potentially explain the unpredictability of COVID-19 clinical
outcomes but also suggests that other mechanisms are needed for the
transcriptome response to the infection. Nevertheless, further studies
focused on the design driven by the clinical outcomes are needed to
elaborate on those interactions.

5. Conclusions

In conclusion, we identified methylation changes in blood cells from
COVID-19 patients that are specific to SARS-CoV-2 infection and are
present in patients from four geographically distant regions. Further-
more, those changes appear to regulate the expression of associated
genes, but our results also indicate that there are other, likely host
specific, factors modulating the expression of those genes during the
infection. One more important conclusion from our study is that the
power of the study, as well as consistent clinical description of the pa-
tients, is critical to elaborate molecular effects of the SARS-CoV-2
infection. Only by basing our analyses on four cohorts of COVID-19
patients, cohort of healthy subjects, and data from non-COVID-19 res-
piratory disease, we were able to not only identify disease related
methylation changes, but most importantly cross-validate findings be-
tween the populations.
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