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Abstract

Background The progression to critical COVID-19 arises predominantly from a dysregulated host immune response
although the underlying regulatory mechanisms still remain partially elusive. This limits a prompt prediction of the
disease progression, reduces the therapeutic options and restrains our understanding of “long COVID".

Methods Here, we analyzed the transcriptome of peripheral blood mononuclear cells (PBMCs) collected from
COVID-19 patients experiencing different degrees of the disease (mild and critical), and control patients enrolled in
the clinical trial COntAGlous as well as independent bulk RNA-seq, single-cell RNA-seq and proteomic datasets.

Results In critical COVID-19 patients, the integrative analysis of transcriptomic data revealed an altered regulatory
network involving microRNAs (miRNAs), long non-coding RNAs (IncRNAs), and coding genes that control

mRNA translation-related genes, epigenetics, and metabolism. In parallel, we observed an upregulation of tRNA
aminoacylation genes in critical COVID-19 patients by the analysis of either bulk or single-cell RNA-seq data from
publicly available independent cohorts. Additionally, we found increased expression of coding genes enriched for the
cognate amino acids (glycine, alanine, isoleucine and tyrosine), all related to protein localization, post-translational
modifications, and cell metabolism in our cohort. Similar alterations in amino acid frequency were found in an
independent proteomic dataset.

Conclusions Collectively, our findings indicate a broad perturbation of the gene expression landscape that
characterizes the aberrant host immune response in critical COVID-19 patients and is potentially coordinated by
miRNA and tRNA metabolism alterations.
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Trial registration COntAGlouS, NCT04327570. Registered 26 March 2020, https://clinicaltrials.gov/ct2/show/NCT043

27570.
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Introduction

Coronavirus disease 19 (COVID-19) is an infectious ill-
ness caused by severe acute respiratory syndrome coro-
navirus 2 (SARS-CoV-2), which led to a devastating
pandemic [1]. One of the hallmarks of COVID-19 is the
heterogeneity of the symptoms and, consequently, of the
disease severity and final outcome [1, 2]. Before the wide-
spread immunity from vaccination or prior infection,
while the majority of infected individuals could manage
to generate a prompt and effective immune response
achieving viral clearance with no, or mild to moderate
symptoms, others experienced critical COVID-19 disease
and required hospitalization at the intensive care unit
(ICU) [2]. The disease progression is largely driven by
a deregulated immune system [3], both locally and sys-
temically, causing the overwhelming inflammation that
leads to tissue damage and multiple-organ failure [4]. As
such, critical COVID-19 can be considered a type of viral
sepsis [5]. Several reports describe many immunological
features associated with disease progression such as an
increased release of pro-inflammatory molecules includ-
ing interleukin-6 (IL-6) and tumor necrosis factor alpha
(TNFa) [3], changes in immune subset compositions [6,
7], and immune cell dysfunction such as aberrant neutro-
phil activation [7]. Despite this, a comprehensive under-
standing of the molecular and metabolic pathways that
underpin the deregulated immune response is still par-
tially elusive. This is essential since the stratification of
patients at risk of progressing towards a critical disease
would offer the possibility of early therapeutic interven-
tion and the development of new treatments for disease
management. Moreover, it might also help to reveal the
mechanisms underlying the long-term effects of COVID-
19, the so-called “long COVID’, that seems related to an
imprinting on the immune system [8, 9].

To study the systemic effects of SARS-CoV-2 infec-
tion on the immune compartment, we performed high-
throughput sequencing of both coding and non-coding
transcriptomes of peripheral blood mononuclear cells
(PBMC:s) isolated from COVID-19 patients experiencing
different levels of disease severity and control individuals
negative for SARS-CoV-2 infection.

Overall, by the use of an in-house cohort and by vali-
dating the main findings through the analysis of pub-
licly available independent datasets (bulk and single-cell
RNA-seq), we found that the critical stage of COVID-
19 is characterized by profound changes in the tran-
scriptome of circulating immune cells that possibly
affect the progression of the disease. In particular, in

the critical phase, we identified several deregulated
microRNAs (miRNAs), such as miR-7-5p, miR-378a-3p,
miR-6718-5p, miR-605-3p, miR-760, miR-7974, and
miR-511-5p that could affect genes related to mRNA-
translation, epigenetics, and cell metabolism. More-
over, we found an upregulation of different key enzymes
involved in the transfer RNA (tRNA) aminoacylation
metabolism in critical COVID-19 patients. The increase
expression of the enzymes involved in tRNA metabolism
correlated with a distinct amino acid-rich gene expres-
sion pattern based on the codon sequence, as well as with
specific amino acid patterns in proteins upregulated in
critical COVID-19 patients, as observed from an inde-
pendent proteomic dataset. The most affected pathways
were involved in protein localization, post-translational
modifications, and cell metabolism. Finally, gene ontol-
ogy analysis of the transcriptome revealed alterations in
epigenetic-related genes, at least partially due to miRNA
alterations, occurring during the critical course of the
disease indicating a possible mechanism responsible for
the “long COVID”. Overall, our data indicate a cross-talk
between miRNAs, genes, and tRNA metabolism that
cooperate for the molecular and metabolic reprogram-
ming of circulating immune cells during the critical stage
of COVID-19.

Material and methods

Patient cohort, sampling and data collection

The research was performed as part of the COntAGIlouS
(COvid-19 Advanced Genetic and Immunologic Sam-
pling; an in-depth characterization of the dynamic host
immune response to coronavirus SARS-CoV-2) obser-
vational clinical trial: https://clinicaltrials.gov/ct2/sho
w/NCT04327570. Clinical Trial Registry: https://ww
w.clinicaltrials.gov/; clinical trial registration number:
NCT04327570; date of registration: 26th March 2020.
Briefly, COVID-19 patients (only adult) were recruited
at the COVID-19 hospitalization wards of the tertiary
care center in Leuven (Belgium) between March 2020
and February 2021. The diagnosis of COVID-19 was con-
firmed by positive qRT-PCR on respiratory sample and/
or CT imaging compatible with SARS-CoV-2 disease.
COVID-19 patients with active hematological malig-
nancy (i) or other infectious/inflammatory conditions
(ii); under calcineurin-inhibitor treatment (iii) were
excluded. Additionally, all the patients that were unable
or unwilling to give informed consent or the legal repre-
sentatives were also excluded (iv). The control population
consisted of patients with non-COVID-19 pneumonia.
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Disease severity was defined as ‘mild COVID-19" or
‘critical COVID-19; based on the level of respiratory sup-
port at the time of sampling. The mild COVID-19 group
either did not receive any respiratory support or receive
oxygen via nasal cannula while the critical COVID-19
group received high flow oxygen support or mechanical
ventilation. Following the study protocol, the blood was
collected in EDTA tubes at the earliest possible timepoint
after the admission. The isolation of PBMCs from EDTA
tubes was performed using a lymphocyte separation
medium (LSM, MP Biomedicals) following the manufac-
turer’s standard protocol. Then, PBMC pellets were fro-
zen in 10% dimethyl sulfoxide (DMSO, Sigma) and stored
in liquid nitrogen until RNA extraction was performed.
Demographic, clinical, laboratory, radiologic, treat-
ment and outcome data from patient electronic medical
records (KWS v.3.3.0) were obtained through a standard-
ized research form in Research Electronic Data Capture
Software (REDCAP, Vanderbilt University).

Extraction of RNA and library preparation for small RNA
sequencing (small RNA-seq) and total RNA sequencing
(RNA-seq)

RNA extraction was performed using miRNeasy Mini
Kit (Qiagen) following the manufacturer’s standard pro-
tocol including the DNAse step. Small RNA-seq libraries
were prepared from 150 ng of total RNA extracted from
PBMC:s using the NEBNext Multiplex Small RNA Library
Prep for Illumina kit (New England Biolabs) to convert
small RNA transcripts into barcoded cDNA libraries.
Each library was prepared with a unique indexed primer.
Multiplex adaptor ligations, reverse transcription primer
hybridization, reverse transcription reaction, and PCR
amplification were performed according to the manu-
facturer’s protocol and as described in [10]. After PCR
amplification, the cDNA constructs were purified with
the QIAQuick PCR Purification Kit (Qiagen), follow-
ing the modifications suggested by the NEBNext® Mul-
tiplex Small RNA Library Prep for Illumina® protocol.
Final libraries were quality checked on a Bioanalyzer
2100 (Agilent Technologies) using the DNA High Sensi-
tivity Kit (Agilent Technologies) according to the manu-
facturer’s protocol. Libraries were pooled together (in
28-plex) and further purified with a gel size selection.
A final Bioanalyzer 2100 run with the High Sensitivity
DNA Kit (Agilent Technologies) allowed to assess DNA
libraries quality regarding size, purity, and concentration
[11]. The obtained libraries were subjected to the Illu-
mina sequencing pipeline, passing through clonal clus-
ter generation on a single-read flow cell (75 cycles) on
a NextSeq500 Sequencing System (Illumina). For total
RNA-seq, 250~300 bp insert strand specific libraries
were prepared using the Novogene NGS Stranded RNA
Library Prep Set (PT044) after rRNA removal performed
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with the TruSeq Stranded Total RNA Library Prep/
(Human/Mouse/Rat)/(Plant) kit. Briefly, after the rRNA
removal step and fragmentation, the first strand cDNA
was synthesized using random hexamer primers. Then
the second strand cDNA was synthesized and dUTPs
were replaced with dTTPs in the reaction buffer. The
directional library was ready after end repair, A-tailing,
adapter ligation, size selection, USER enzyme diges-
tion, amplification, and purification. The libraries were
checked with Qubit and real-time PCR for quantification
and Bioanalyzer for size distribution detection. Quanti-
fied libraries were pooled and sequenced on Illumina
platforms (NovaSeq 6000 S4 flowcell), according to effec-
tive library concentration and data amount required.

Computational and statistical analyses

Small RNA-seq and, more specifically, miRNA data anal-
yses were performed as previously described in [12, 13].
FASTQ files from small RNA sequencing were quality-
checked with FASTQC software. All reads shorter than
14 nucleotides were discarded, and the remaining reads
were trimmed from the adapters using the CutAdapt
software [14]. The trimmed reads were mapped against
the precursor miRNA sequences downloaded from miR-
Base v0.22.1 with the use of BWA algorithm. Human
mature miRNAs were quantified using a “knowledge-
based” and a “position-based” method, as described
in [12]. The identifiers of mature miRNAs quantified
by the position-based approach and not annotated in
miRBase were reported with the suffix “Novel” Read
counts were summed in the case of miRNAs processed
from different precursors but characterized by the same
mature sequence. miRNA normalization and differential
expression analyses (Wald test) were performed with the
DESeq2 package [15]. A miRNA was defined as differ-
entially expressed (DE) if associated with a median level
greater than 15 normalized reads in at least one study
group and with a Benjamini-Hochberg (BH) adjusted
p-value lower than 0.05. The set of experimentally vali-
dated and predicted miRNA target genes was obtained
using RBiomirGS v0.2.19 in default settings [16].

For total RNA-seq, raw FASTQ files were firstly qual-
ity-controlled and pre-processed with fastp in default
settings [17] to remove adapter sequences and low-
quality reads. Then, reads mapping on rRNA fragments
were excluded using SortMeRNA v2.1b [18]. Surviving
reads were aligned on Gencode v40 annotations using
STAR v2.5.1b [19] in default settings and transcript lev-
els were quantified using RSEM v1.3.0 [20]. Data nor-
malization and differential expression analysis were then
performed using tximport v1.28.0 [21] and DESeq2. A
gene was defined as detected if associated with a median
TPM greater than 1 in all analyzed sample groups and
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considered DE if associated with a BH-adjusted p-value
lower than 0.05. DE analyses were age and sex-adjusted.

Functional enrichment analysis of DE genes was per-
formed with enrichR v3.2 in default settings [22] con-
sidering the libraries GO_Biological Process_2021,
miRTarBase 2017, and COVID-19 Related Gene_Sets.
A gene set was defined statistically enriched if associated
with an adjusted p-value lower than 0.05. The rrvgo R
package v1.12.1 [23] was applied to compute the seman-
tic similarity among the enriched GO Biological Process
terms obtained in the enrichment analysis. The analysis
was performed using the Resnik method and considering
a similarity threshold of 0.8. Gene-Set Enrichment Analy-
sis (GSEA) was performed with version 4.4.0 of the Java
version of the tool considering the gene set annotations
from c7.immunesigdb.v2025.1.Hs. The tool was applied
with default settings considering the DE genes from the
critical COVID-19 vs control comparison pre-ranked
based on the log2FC.

ComplexHeatmap v2.16.0 [24] was applied to generate
the DE miRNAs and DE genes heatmap on Z-score-nor-
malized miRNA/gene levels. The clustering analysis was
performed using the Ward.D2 method and the Euclidean
distance as clustering metric. Principal component analy-
sis (PCA) was performed with fviz_pca_ind function of
the factoextra v1.0.7 R package.

The network representation of miRNA-target interac-
tions involving DE protein-coding or IncRNA genes was
performed with Cytoscape v3.10.1 [25]. The set of pro-
tein interactions from the STRING database [26] was
obtained using the stringApp available for the Cytoscape
tool. The coherence of expression changes (log2FC)
computed in the mild COVID-19 vs control and criti-
cal COVID-19 vs control comparisons was evaluated
using the Spearman correlation method. The correla-
tion was calculated between DE miRNA/gene log2FCs of
each comparison. The progressive increase/decrease of
median DE miRNA/gene levels was evaluated to estimate
the candidate expression trends from control to critical
COVID-19 subject samples.

Single-cell RNA-Seq data of blood samples from mild
COVID-19 (n=8) and critical (referred to as severe in the
original article) (n=10) COVID-19 patients, and from
healthy controls (n=21) were retrieved from the UCSC
Cell Browser (https://cells.ucsc.edu/?ds=covid19-topp
cell+schulte-schrepping; European Genotype-Phenot
ype Archive Study: EGAS00001004571), based on the
provided ID in the work by Schulte-Schrepping and col-
leagues [27]. Dataset metadata and sparse matrix were
processed using Seurat 5.1 to extract the expression
levels of the genes of interest. Cluster annotations were
retrieved from the publicly metadata considering the col-
umn “Cell.class_reannotated” provided by the authors.
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Codon and amino acid enrichment analysis

For this analysis, downregulated genes/proteins were
defined as genes/proteins with a fold change under 0.8
(Log2FC <= -0.32) between conditions and upregulated
genes as genes with a fold change over 1.2 (Log2FC ==
0.26) between conditions. P-value was not considered.
Codon enrichment analysis was performed by comparing
the number of transcripts enriched in a specific codon
(defined as being in the top 25% of this codon distribu-
tion in the transcriptome) in the gene set of interest to
the number of enriched transcripts in the human tran-
scriptome, using a chi-squared test as in [28]. The amino
acid enrichment analysis was performed in a similar way
(by comparing the amino acid distributions instead of
codon one) as in [28]. The longest transcript correspond-
ing to each gene was used in these analyses. The log2FC
returned by this analysis refers to the change of the ratio
of enriched over not enriched genes between the gene
set of interest and the genome. Similarly, peptides iden-
tified through proteomic analysis were mapped to their
corresponding protein identifiers and, subsequently,
were matched to gene identifiers. Proteomics data were
retrieved from ProteomeXChange portal (https://prote
omecentral.proteomexchange.org/cgi/GetDataset?ID=
PXD025265; PXD025265). For each gene, the transcript
with the longest coding sequence was selected, and its
codon and amino acid composition was computed. The
analysis of the cumulative frequency of codons for Gly-
cine (GLY), Threonine (THR), Tyrosine (TYR), Alanine
(ALA), and Isoleucine (ILE) in the reference popula-
tion (human transcriptome) and in proteins upregulated
in critical patients compared to healthy controls was
performed.

Results

COVID-19 progression affects the miRNome of circulating
immune cells

To study the systemic effect of SARS-CoV-2 infection on
circulating immune cells, we performed small RNA-seq
on peripheral blood mononuclear cells (PBMCs) isolated
from 19 COVID-19 patients and 8 control individuals.
Specifically, we recruited COVID-19 patients, nested
in the clinical study COntAGIouS (NCT04327570),
that were hospitalized in ward, from hereby called mild
COVID-19, or in the Intensive Care Unit (ICU), that
we called critical COVID-19. Demographics and clini-
cal characteristics are summarized in Table 1 and Table
S1. Moreover, we recruited patients of the hospital
tested negative for SARS-CoV-2, referred to as controls
(Table 1 and Table S1), rather than healthy individuals
to better distinguish COVID-19-specific pathways from
those associated with pneumonia-like/inflammatory
conditions.
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Table 1 Demographic and clinical data of the COVID-19 patients
and controls enrolled in the study

Control Mild Critical P
(n=8) COVID-19 COVID-19 value
(n=6) (n=13)

COVID-19 disease: 0(0) 6 (100) 13 (100)

n (%)

ICU: n (%) 0(0) 0(0) 13 (100)

Age (median, +SD) 69.5 62.5 68 (£12.76) 091
(£7.19)  (+2452)

BMI (median, +SD) 26.72 26.27 29.07 0.54
(£5.02) (£5.46) (+£5.96)

Sex

Female: n (%) 4 (50) 4 (66.66) 3(23.07) 0.16

Male: n (%) 4 (50) 2(33.33) 10 (76.93) 0.16

Treatment

Antimicrobial: n (%) 5(62.5) 5(83.33) 13 (100) 0.06

BMI=body mass index; ICU=intensive care unit. P value was assessed by
Kruskal-Wallis test for age and BMI and Chi-square for sex and treatment

Small RNA-sequencing detected 863 miRNAs (median
reads>15 in at least one patients’ group) (Table S2A).
By age- and sex-adjusted analysis, 9 miRNAs were iden-
tified as differentially expressed (DE) (adj. p<0.05; 6
up- and 3 downregulated) in COVID-19 patients (com-
bining both mild and critical COVID-19 individuals) vs
controls (Fig. 1A-D and Table S2A). More in detail, the
comparison between critical COVID-19 and controls
showed the major differences, with 21 DE miRNAs (14
up- and 7 downregulated), while 13 and 1 miRNAs were
found differentially regulated in mild COVID-19 vs con-
trols or mild vs critical COVID-19 patients, respectively
(Fig. 1C,D and Table S2A). To further explore the miRNA
expression profiles between mild and critical COVID-19
patients, we analyzed the trend of DE miRNAs consid-
ering all the DE miRNAs in at least one of the follow-
ing comparisons: critical COVID-19 vs control, mild
COVID-19 vs control, COVID-19 vs control and critical
vs mild COVID-19. We observed a significant correla-
tion between the altered expression of those miRNAs in
critical and mild COVID-19 respect to controls (Fig. 1E).
Specifically, 32 out of the 34 DE miRNAs were charac-
terized by a coherent log2FC (Spearman rho =0.57) (Fig.
1E), with 17 of them progressively changing in expression
(10 increasing and 7 decreasing) from control to criti-
cal COVID-19 patients (Table S2A), suggesting that the
critical condition displays an enhanced miRNA deregula-
tion of around half of the DE miRNAs. Among the other
small noncoding RNAs detected by small RNA-seq (549
tRNAs, 452 piRNAs, 178 snoRNAs, and 164 sncRNAs
of other biotypes), 17 resulted DE between COVID-19
patients, in at least one comparison considering mild and
critical COVID-19 patients together or alone vs controls
(Table S2B).
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COVID-19 progression alters the RNA transcripts of
circulating immune cells

In the attempt to highlight the gene expression pertur-
bations induced by COVID-19 progression, total RNA-
seq was performed in a subgroup of the cohort of small
RNA-seq samples (Table S1). 10,490 genes including both
coding and non-coding genes such as long non-coding
RNAs (IncRNAs) and pseudogenes (median Transcripts
Per Million, TPM, > 1 in all study groups) were identified.
Here, by age- and sex-adjusted analysis, we found 265 DE
genes (adj. p<0.05; 190 up- and 75 downregulated) in
COVID-19 patients (including both mild and critical) vs
controls (Fig. 2A—C and Table S3A). The comparison of
critical COVID-19 patients vs controls revealed 502 DE
genes of which 342 were upregulated and 160 downregu-
lated (Fig. 2A-D and Table S3A). A hierarchical cluster-
ing analysis and the principal component analysis (PCA)
of DE genes showed that DE genes could distinguish
critical COVID-19 patients from controls (Fig. 2A,B).
Among these genes, the most upregulated gene in both
critical and mild COVID-19 vs controls was the key gene
for the anti-viral response IFI127 already found modulated
in other datasets [29, 30] (Fig. 2C, D, Table S3A). Con-
versely, only 5 and 13 genes were DE in mild COVID-19
vs controls or critical vs mild COVID-19, respectively
(Fig. 2A,C,D, Table S3A).

Twenty-eight out of these 502 differentially regu-
lated genes in critical COVID-19 vs control compari-
son were non-coding genes. Among the 22 non-coding
genes downregulated in critical COVID-19 patients were
included the IncRNA HOTAIRM1 and GASS5 (Fig. 2E,
Table S3A) that have been previously described as nega-
tive regulators of the immune response in other contexts
[31, 32]. Conversely, among the 6 upregulated non-
coding genes in the same comparison, we identified the
IncRNA MIR4435-2HG (Fig. 2E, Table S3A), previously
described as an inducer of intestinal inflammation [33].
Altogether, these data suggest that IncRNAs are also
involved in the control of inflammatory response upon
SARS-CoV-2 infection. The sequenced reads did not
align to SARS-CoV-2 viral genome (data not shown),
in agreement with previous publication showing no or
only residual viral reads in PBMC samples of COVID-19
patients [34].

As for the miRNAs, we analyzed the trend of DE genes
considering all the DE genes in at least one of the fol-
lowing comparisons: critical COVID-19 vs control, mild
COVID-19 vs control, COVID-19 vs control and criti-
cal vs mild COVID-19 (Fig. 1E). We observed a signifi-
cant correlation between the altered expression of those
genes in critical and mild COVID-19 patients compared
to controls (Fig. 2F). Specifically, 477 out of 511 DE
genes were characterized by a coherent log2FC (Spear-
man rho=0.82) (Fig. 2F), with 63 showing a progressively
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Fig. 1 COVID-19 progression affects the miRNome of circulating immune cells. (A) Hierarchical cluster analysis of miRNA expression profiles (Z-score
normalized) represented as a heatmap depicting the differentially expressed (DE) miRNAs in PBMCs from control (n=8), mild COVID-19 (n=6), and critical
COVID-19 (n=13) individuals. Rows indicate the identified miRNAs while columns represent the samples. The red color represents high Z-score levels
while the blue color represents low Z-score levels. (B) Principal component analysis (PCA) of DE miRNAs in PBMC from control (in yellow; n=8), mild
COVID-19 (in orange; n=6), and critical COVID-19 (in red; n=13) individuals. (C) Volcano plots depicting DE miRNAs for the indicated comparisons. Red
dots represent upregulated miRNAs while blue dots represent downregulated miRNAs. Y-axis denotes -log10 adjusted p-value, while X-axis shows log2
fold-change (FC) values. The dashed line indicates the adjusted p-value threshold of 0.05. The names of the top 3 most significant up- or downregulated
miRNAs were indicated on the graph. (D) Table displaying the DE miRNAs, ordered by decreasing log2FC, for the indicated comparisons. (E) Scatter plot
of the relationship between the log2FC of mild and critical COVID-19 patients compared to control individuals for the DE miRNAs identified in at least one
of the following comparisons: critical COVID-19 vs control, mild COVID-19 vs control, COVID-19 vs control and critical vs mild COVID-19. Spearman cor-
relation analysis was used to calculate the correlation coefficient and p value. Red dots indicate miRNAs consistently upregulated in both mild and critical
patients compared to controls, blue dots indicate those consistently downregulated, and black dots represent miRNAs showing inconsistent regulation
between mild and critical groups. The label highlights the most significant up- and downregulated miRnas. PBMC = peripheral blood mononuclear cells

changing expression trend (55 increasing and 8 decreas-
ing) from control to critical patients (Table S3A), further
suggesting that critical conditions display an enhanced
gene deregulation of a subset of genes.

Non-coding RNA-mRNA interaction analysis suggests
distinct protein translation machinery, epigenetic changes,
and altered metabolism in circulating immune cells of
critical COVID-19 patients

Taking advantage of the data generated by both tran-
scriptomic analyses, we investigated candidate regu-
latory circuits in the critical stage of the COVID-19
disease (focusing on the comparison critical COVID-19
vs controls), by exploring the DE miRNAs and their tar-
gets (validated or predicted by at least 5 prediction tools)
along with experimentally supported miRNA-IncRNA
interactions using IncBase v3 [35] (Table S2C-F). More-
over, using STRING [26] the validated and predicted
protein-protein interactions were considered. In this way,
focusing only on the genes that displayed anticorrela-
tion with miRNAs (which suggest the canonical negative
regulation of the target mediated by the miRNA [36]) or
between miRNAs and IncRNAs, we obtained 5 networks
(4 of them composed by two nodes) including 12 miR-
NAs, 8 IncRNAs, and 22 protein-coding genes (Fig. 3A-
E, Table S2F). The biggest network (Fig. 3A) contained
Proteasome 20S subunit alpha 3 (PSMA3), Ribosomal
Protein S3A (RPS3A), Ribosomal Protein S14 (RPSi14),
Ribosomal Protein S24 (RPS24), Ribosomal Protein L34
(RPL34), NSA2 ribosome biogenesis factor (NSA2),
Eukaryotic translation initiation factor 2 subunit gamma
(EIF2S3), and CD226 targeted by at least one of the fol-
lowing miRNAs: miR-7-5p, miR-7974, miR-605-3p,
miR-760, or miR-511-5p. In addition, we identified a
part of the network related to histones which included
H4 clustered histone 14 (H4Cl14), a target of miR-
6718-5p, and H3 clustered histone 10 (H3CI0) targeted
by miR-378a-3p that, through its cognate target PSMA3,
connects it to the part of the network enriched with ribo-
some/translation related genes. Finally, miR-378a-3p
and miR-3690 cooperated in the regulation of metabolic
genes through the targeting of acetyl-CoA carboxylase

alpha (ACACA) and lactate dehydrogenase A (LDHA).
Finally, we could also appreciate that miR-7-5p was
involved in interactions with both the coding (EIF2S3,
RPS3A, MARCKSL1I and UNCI19) and non-coding
(PMS2CL, HOTAIRM1, ZFAS1, FMNL-DT, EEFIA1PS,
ENSG00000258302 and GAS5) elements of the transcrip-
tome. In conclusion, our network analysis revealed sev-
eral cross-talk interactions between IncRNAs, miRNAs
and their targets that, overall, are possibly involved in the
regulation of ribosome machinery/protein translation,
epigenetics, and cell metabolism.

Circulating immune cells of critical COVID-19 patients
display upregulation of a set of genes related to tRNA
aminoacylation

To highlight the pathways mainly affected by the critical
progression of COVID-19 and to verify the relevance of
the network interactions described above at the global
transcriptome level, we performed a semantic similarity
analysis on the gene ontology terms enriched in the DE
genes. Ten pathways were enriched in genes that were
downregulated in critical COVID-19 vs control patients
(Fig. 4A, Table S3B,C). Most of these genes were directly
or indirectly related to protein synthesis such as “cellular
macromolecular biosynthetic process’, “co-translational
protein targeting to the membrane” and “cytoplasmatic
translation” along with “ribosome biogenesis” and “rRNA
processing” (Fig. 4A) consistent with the network analy-
sis that revealed a core of ribosome and translational-
related genes negatively regulated by miRNAs (Fig. 3A).
Applying the same analysis to the upregulated genes in
the critical COVID-19 vs controls, 12 ontological terms
were significantly enriched (Fig. 4B). Among them, there
were terms related to activation of immune cells such
as “antigen processing and presentation of peptide anti-
gen via MHC class I” and “innate immune response in
mucosa” (Fig. 4B). Consistent with the previous network
analysis underlying a possible miRNA-epigenetic regula-
tory circuit (Fig. 3A), we also found enriched semantic
terms related to epigenetics such as “chromatin remodel-
ing at centromere” and “nucleosome assembly” (Fig. 4B).
These data are in line with the recent observations that
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Fig. 2 COVID-19 progression alters the RNA transcripts of circulating immune cells. (A) Hierarchical cluster analysis of gene expression profiles (Z-score
normalized) represented as a heatmap depicting the DE RNA transcripts (including coding and non-coding) in PBMC from control (n=8), mild COVID-19
(n=4) and critical COVID-19 (n=12) individuals. Rows indicate the identified genes while columns represent the samples. The red color represents high Z-
score levels while the blue color represents low Z-score levels. (B) PCA of DE genes in PBMC from control in yellow (n=8), mild COVID-19 in orange (n=4),
and critical COVID-19 in red (n=12) individuals. (C) Volcano plots depicting DE genes derived from (A), for the indicated comparisons. Red dots represent
upregulated coding genes while blue dots represent downregulated coding RNAs. Y-axis denotes -log10 adjusted p-value, while X-axis shows log2 fold-
change (FC) values. The dashed line indicates the adjusted p-value threshold of 0.05. The names of the top up to 3 most significant up- or downregulated
coding genes are indicated on the graph. (D) Table displaying the top up to 5 DE protein-coding genes, ordered by decreasing log2FC, for the indicated
comparisons. (E) Volcano plots depicting DE non-coding RNA transcripts derived from (A), for the indicated comparisons. Red dots represent upregulated
non-coding RNAs while blue dots represent downregulated non-coding RNAs. Y-axis denotes -log10 adjusted p-value, while X-axis shows log2 fold-
change (FC) values. The dashed line indicates the adjusted p-value threshold of 0.05. The names of selected up- or downregulated non-coding RNAs are
indicated on the graph. (F) Scatter plot of the relationship between the log2FC of mild and critical COVID-19 patients compared to control individuals
for DE genes. All DE genes were identified in at least one of the following comparisons: critical COVID-19 vs control, mild COVID-19 vs control, COVID-19
vs control and critical vs mild COVID-19. Spearman correlation analysis was used to calculate the correlation coefficient and p value. Red dots indicate
genes consistently upregulated in both mild and critical patients compared to controls, blue dots indicate those consistently downregulated, and black
dots represent genes showing inconsistent regulation between mild and critical groups. The label highlights the most significant up- and downregulated

genes. PBMC=peripheral blood mononuclear cell

SARS-CoV-2 infections could alter the host chromatin
architecture [37] and that this might be involved in the
development of “long COVID” and induction of trained
immunity [8, 9]. Lastly, the semantic term “tRNA amino-
acylation for protein translation” was enriched too (Fig.
4B) indicating a possible influence of SARS-CoV-2 infec-
tion at the level of mRNA translation consistent with the
results of the semantic similarity analysis performed on
the downregulated genes (Fig. 4A). Gene-set enrichment
analysis (GSEA) on DE genes in critical COVID-19 vs
control, using the IMMUNESIGDB database, revealed
enrichment for gene signatures associated with immune
response to Leishmania infection and flu infection/vac-
cination, suggesting potential shared mechanisms of
immune response (Table S3D).

Regarding tRNA aminoacylation, from the RNA-
seq data, we identified 6 Aminoacyl-tRNA synthetase
(ARS) genes that were upregulated in critical COVID-19
patients compared to controls: Alanyl-tRNA synthetase
1 (AARSI), Glutamyl-tRNA synthetase 2 mitochondrial
(EARS2), Glycyl-tRNA Synthetase 1 (GARSI), Isoleucyl-
tRNA Synthetase 1 (IARSI), Threonyl-tRNA synthetase
1 (TARS1I), and Tyrosyl-tRNA synthetase 1 (YARS1) (Fig.
4C). ARSs are the key and rate-limiting enzymes for the
attachment of an amino acid to its cognate transfer RNA
molecule and are directly involved in mRNA translation
[40].

We then checked the expression levels of these six ARS
genes (Fig. 4D) in a bulk RNA-seq of PBMCs from an
independent cohort of COVID-19 patients taking advan-
tage of a publicly available dataset (GSE152418) [41].
In agreement with the data from our cohort, AARSI,
GARS1, and YARSI were upregulated in the critical
COVID-19 patients, referred to as “ICU” in the origi-
nal article - a designation that closely matches our clas-
sification, since all critical patients in our cohort were

hospitalized in the ICU. Conversely, EARS2 was down-
regulated while JARSI and TARSI did not change (Fig.
4D).

Then, taking advantage of another publicly available
dataset (EGAS00001004571) [27], we also analyzed the
gene expression profiles at single-cell level of the indi-
cated ARSs in circulating immune cells of COVID-19
patients from an independent cohort (Fig. 4E). Similar
to the bulk RNA-seq data obtained from our cohort and
from another publicly available dataset (GSE152418) [41],
single-cell RNA seq analysis, using the deposited cluster-
ing and relative annotation, revealed an upregulation of
GARS1, IARS1, TARS1, YARS1 and/or AARSI in differ-
ent circulating immune cells population at the critical
stage of COVID-19 (referred to as “severe” in the original
article) compared to controls (Fig. 4E). As an example,
the “plasmablast” cluster showed not only an upregula-
tion of GARS1, IARSI, TARS1, YARSI and/or AARSI (for
EARS?2 the levels of expression were very low) in patients
experiencing the critical stage of COVID-19 compared to
controls (Fig. 4E and Fig. S1) but also an increased num-
ber of cells expressing the above-mentioned genes in the
cluster (not significant for TARSI) (Fig. 4E and Fig. S2).
Similarly, the “T/NK proliferative” and “conventional
dendritic cell (cDC)” clusters showed both an increased
expression levels (Fig. 4E and Fig. S1) and an increased
percentage of cells expressing the GARS1, IARS1, TARSI
and YARSI genes in patients at the critical stage of
COVID-19 compared to controls (Fig. 4E and Fig. S2).

Overall, these data would suggest that different
immune cells subsets, both related to innate and adaptive
immunity, upregulated specific ARSs in the critical stage
of COVID-19 and that could potentially contribute to the
increased levels of these metabolic enzymes in the bulk
RNA-seq.

Among the ARSs, EARS2 specifically catalyzes the
ligation of glutamate (GLU) in the mitochondria affect-
ing, potentially, only mitochondrial gene translation [40].
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(See figure on previous page.)

Fig. 5 Circulating immune cells from critical COVID-19 patients show alterations in amino acid usage. (A-D) Volcano plot depicting the enrichment
analysis of the amino acids codified by the mRNA (A, B) or codons (C, D) in the transcripts of up- (A, €) and downregulated (B, D) genes from the RNA-seq
of critical COVID-19 patients compared to controls. The fold change on the X-axis, reported as log2FC, indicates the ratio of enriched/not enriched genes
for the individual amino acid (A, B) or codon (C, D) between the gene set and the genome. Amino acids (A, B) or codons (C, D) with negative fold change
and p-value <0.05 are reported in blue; while in red are shown those with positive fold change and p-value <0.05. On the right, 1D heatmap showing
the log2 FC of all the individual amino acids (A, B) or codons (C, D), black lines indicate the threshold p-value based on chi-squared test (<0.05). (E) Up to
top 15 gene ontology (GO) biological process terms enriched for the significant upregulated genes containing enriched codon for GLY, ALA, TYR, and ILE
in critical COVID-19 vs controls. GO terms are ranked by analysis significance (adj. p-value). The dot color is proportional to the Odds ratio reflecting how
enriched is the overlap of the input gene list with respect to random set of the same size. (F) Combined violin and box plots showing the distribution of
the cumulative frequency of codons coding for of GLY, THR, TYR, ALA, and ILE codified in the reference population (human transcriptome, grey) and in the
corresponding transcripts of proteins upregulated in critical patients compared to healthy controls (red). The p-value was obtained using Student’s t-test.

GLY=Glycine, THR=Threonine, TYR=Tyrosine, ALA= Alanine and ILE=Isoleucine

On the contrary, AARS1, IARS1, TARS1 and YARSI are
involved exclusively in the cytoplasmic tRNA aminoac-
ylation of Alanine (ALA), Isoleucine (ILE), Threonine
(THR), and Tyrosine (TYR), respectively. Finally, GARS1
is involved in the charging of Glycine (GLY) both in the
cytoplasm and in the mitochondria [40]. These data, sug-
gest that a different tRNA aminoacylations might be a
common mechanism of COVID-19 pathogenesis.

Changes in the expression levels of tRNA aminoacylation
enzymes correlate with alterations in the amino acid
enrichment in circulating immune cells of critical COVID-19
patients
The differences in the expression of ARSs allowed us to
speculate that immune cells of individuals experiencing
a critical stage of COVID-19 might reprogram their gene
expression by increasing the mRNA transcription and
translation of genes enriched in ALA, ILE, THR, TYR,
GLY (while only protein synthesized in the mitochon-
dria enriched in GLU should be positively affected by
the upregulation of EARS2). To test this hypothesis, we
performed an amino acid enrichment analysis on all the
up- and downregulated genes in the critical COVID-19
vs control comparison (genes with a fold change above
1.2 or under 0.8, respectively). As expected, among
the seven amino acids most enriched in the upregu-
lated genes there were GLY, ALA, TYR, and ILE, while
the enrichment of THR in the upregulated genes was
not significant (Fig. 5A and Table S3E). Notably, TARS1
regulation was not conserved in the other bulk RNA-seq
dataset GSE152418 (Fig. 4D). When looking at the down-
regulated genes in critical COVID-19, the enrichment
for these amino acids was lost (Fig. 5B), suggesting that
this could be a mechanism to increase the expression of
a specific set of disease-related genes. Interestingly, we
could also identify an enrichment of specific codons both
in up- and downregulated genes. In particular, 19 and 21
codons were more enriched, while 24 and 23 were less
enriched in up- and downregulated genes, respectively
(Fig. 5C,D).

To understand if ARS regulation could be a potential
mechanism to regulate specific pathways, we performed

a gene ontology analysis on the genes that both displayed
an enrichment for the specific amino acids GLY, ALA,
TYR or ILE and that were upregulated (fold change over
1.2) in the critical COVID-19 patients compared to con-
trols (Fig. 5E and Table S3F). In this analysis, the gene
ontology terms “Establishment of protein localization
to endoplasmic reticulum’, “Intracellular protein trans-
membrane transport’, “Protein insertion into ER Mem-
brane’;, “Protein transmembrane import into intracellular
organelle” were enriched in at least one of the four amino
acids: GLY, ALA, TYR, or ILE (Fig. 5E). In addition, gly-
cine-enriched upregulated genes were also involved in
metal ion transport and metabolism (“Zinc ion trans-
port’, “Intracellular Zinc Ion Homeostasis’, and “Manga-
nese ion transport”); while isoleucine-enriched-genes in
different metabolic pathways including “Protein N-linked
Glycosylation”, “UDP-N-acetylglucosamine biosynthetic
and metabolic process’, and “amino sugar biosynthetic
process” (Fig. 5E). Overall, these data would suggest an
upregulation, dependent on the amino acid content
encoded by the transcript, of genes involved in protein
localization, post-translational modifications, and cell
metabolism in the critical stage of COVID-19.

Finally, using a publicly available proteomic dataset of
PBMCs isolated from COVID-19 patients (PXD025265)
[42] we found that, in agreement with our predictions
based on the upregulation of AARSI, GARS1, IARSI,
TARSI, and YARSI in our cohort (Fig. 4C), there is an
increased cumulative frequency of the distribution of
codons for ALA, GLY, ILE, THR and TYR in the corre-
sponding transcripts of proteins upregulated in critical
patients compared to healthy controls, using the human
transcriptome as reference (Fig. 5F). Overall, these find-
ings further suggest an altered amino acid preference
in mRNA translation in circulating immune cells of
COVID-19 patients, that might affect disease outcomes.

Discussion

A better understanding of the host pathogen interac-
tions is essential for the further development of strategies
to manage COVID-19 and its long-term effects. Despite
the big efforts to characterize the pathophysiology of
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SARS-CoV-2 infection, the reasons why the clinical pre-
sentation of COVID-19 involves such a broad range
of symptoms and disease trajectories are still partially
elusive.

Here, to gain insights into the regulatory mecha-
nisms triggered at the systemic level in response to
SARS-CoV-2 infection, we combined the sequencing
of both miRNAs and genes expressed in PBMCs iso-
lated from control patients, negative for SARS-CoV-2,
and COVID-19 patients experiencing different degrees
of the disease nested in the clinical study COntAGlouS
(NCT04327570). Our transcriptome data revealed a
complex alteration of the gene expression landscape,
including miRNAs, IncRNAs, epigenetic genes and tRNA
synthetase enzymes, that overall contribute to the critical
stage of the COVID-19 disease (Fig. 6). One of the limita-
tions of the study is the size of the cohort and the unequal
number of individuals across groups, particularly in the
case of mild COVID-19 patients. Despite this, our find-
ings are consistent with and complementary to existing
literature. Importantly, key findings have been validated
using independent datasets.

The PCA analysis of the transcriptomes from COVID-
19 patients and controls suggests that mild COVID-
19 cases occupy an intermediate transcriptional state
between SARS-CoV-2-negative controls and critical
COVID-19 patients. Furthermore, the fold changes and
expression trends of DE genes and miRNAs across con-
ditions indicate that critical COVID-19 patients exhibit a
more pronounced deregulation—characterized by either
further up- or downregulation of a specific subset of
transcripts. These observations allow us to speculate that
SARS-CoV-2 infection induces a virus-specific perturba-
tion of the immune response, which, if exacerbated, may
contribute to progression toward the critical stage of the
disease.

Aligned with our data on critical COVID-19 patients,
miRNome analysis in whole blood samples from an
Indian cohort of COVID-19 patients revealed an upregu-
lation of miR-4659b-3p, miR-605, and miR-760 in severe
or dead patients compared to healthy controls [43]. Con-
versely, a similar study identified a set of miRNAs altered
in whole blood from severe patients such as miR-15b-5p,
miR-486-3p and, —5p that we found unchanged in our
cohort [44]. Moreover, many efforts have been made to
identify miRNAs as possible biomarkers in blood-derived
biological fluids. Interestingly, among the top upregu-
lated miRNAs in critical COVID-19 patients, we found
miR-937-3p that has been previously found upregulated
in plasma of symptomatic patients and even more in
severe patients [45]. Our result is consistent with the cur-
rent literature and would suggest that miR-937-3p found
in plasma can derive from immune/stromal cells as pre-
viously showed for other miRNAs [46, 47]. Concerning
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miR-378a-3p, there are conflicting results among studies:
in swab specimens of severe COVID-19 vs control indi-
vidual, miR-378a-3p levels were found downregulated
[48], while they were upregulated in the serum samples of
severe [49] or mild [50] COVID-19 patients compared to
controls. Critical COVID-19 patients often evolve to viral
sepsis and miR-7-5p is overexpressed in the circulating
exosomes upon sepsis onset [51], therefore this increase
can be very likely linked to the septic process.

Based on the generated transcriptomic data and the
application of different bioinformatic methods to isolate
reliable molecular interactions, we built a comprehensive
network of miRNAs, IncRNAs and genes. This network
analysis revealed that miR-378a-3p and miR-6718-5p
might be involved in the epigenetic regulation of circu-
lating immune cells by targeting histone genes, consis-
tent with the idea that a subgroup of miRNAs, called
epi-miRNAs, can take part to epigenetic regulatory cir-
cuitries [52]. A possible epigenetic regulation triggered
by SARS-CoV-2 infection in our cohort was further sug-
gested by the enrichment of semantic terms including
nucleosome assembly and chromatin remodeling at the
centromere. These data are in line with single cell RNA
sequencing data from PBMCs of COVID-19 patients
[53]. Moreover, single-cell ATAC-seq profiles of PBMCs
in convalescing COVID-19 patients compared to those
in healthy donors also revealed chromatin remodeling
in the immune cell compartment [9]. In particular, this
study shows that SARS-CoV-2 elicits a memory response
not only in the adaptive immune system but also in the
innate immune system (in monocytes), a process named
trained immunity. Consistently, a more recent publica-
tion reported that these epigenetic changes can persist
up to lyear after severe COVID-19, strongly suggesting
that this mechanism might contribute to the develop-
ment of “long COVID” [8]. The “long COVID” is a mul-
tisystemic condition with insufficient clinical therapeutic
options characterized by more than 200 possible symp-
toms (such as fatigue, dyspnea and cognitive impairment)
and an estimated incidence of at least 10% of the infected
people [54]. Overall, our data suggest that immune
cells are trained by SARS-CoV-2 infection and that this
imprinting might be relevant in the development of “long
COVID”. Epigenetic changes and epi-miRNAs should be
investigated as therapeutic targets in the future. In this
line, several therapeutic strategies targeting miRNAs are
already being explored and, in infectious diseases, miR-
122, a liver-specific miRNA that regulates lipid metabo-
lism and hepatitis C virus (HCV) replication, has been
successfully targeted using the locked nucleic acid (LNA)
inhibitor miravirsen [55]. Miravirsen demonstrated anti-
viral efficacy and good safety profiles in clinical trials,
providing a proof-of-concept that miRNA-based thera-
pies can be effective in humans [55].
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Besides the network, the analysis on the transcriptome
also revealed a deregulation of key enzymes in the tRNA
aminoacylation metabolism. ARSs play a major role in
protein synthesis since they are involved in the ligation
of the appropriate amino acid to its cognate tRNA. While
in the past ARSs were considered housekeeping genes,
accumulated evidence shows that alterations in tRNA
metabolism contribute to pathological processes such as
cancer and neurological disorders [56—58], as shown for
other metabolic pathways [59, 60]. Here, our transcrip-
tomic analysis reveals an upregulation of GARSI, AARSI,
IARSI1, TARSI and YARS]I, similarly to what found in an
independent cohort of COVID-19 patients in compa-
rable disease stages [41] or at single-cell resolution in an
independent cohort [27], suggesting that alterations in
tRNA metabolism might be a possible mechanism occur-
ring during SARS-CoV-2 pathogenesis. Consistently, the
upregulation of these ARSs correlates with the increased
expression of mRNA transcripts enriched in codons
for GLY, ALA, ILE, or TYR in our cohort and with an
increased enrichment of GLY, ALA, ILE, THR or TYR
amino acids in proteins upregulated in critical patients
compared to healthy individuals in an independent pro-
teomic dataset. Notably, blood of COVID-19 patients
displays strong alterations in the amino acid profile [61].
For example, a study reports that low levels of ALA, GLY
and TYR, among others, inversely correlate with IL-6
plasma levels (used in the study as a readout of COVID-
19 severity) showing a similar trend for Tryptophan
(TRP) which is converted in kynurenine by the immune
system and contributes to COVID-19 progression [62,
63]. Another study not only confirmed the reduced cir-
culating levels of ALA and GLY, but, by performing a
metabolite set enrichment analysis in the plasma, also
showed that amino acid related pathways (including
tRNA charging) are predominantly affected upon SARS-
CoV-2 infection [64]. These data let us to speculate that
modulation of mRNA translation by ARSs, in different
subsets of circulating immune cells, can contribute to the
well-documented alterations of amino acids in the blood
of COVID-19 patients.

Recently the canonical role of ARSs in the immune
response has been explored highlighting the importance
of tRNA aminoacylation for both cellular and humoral
responses. In cancer, a subset of B cells highly express-
ing leucine-tRNA-synthetase-2 (LARS2) displays an
enhanced mitochondrial protein biosynthesis affecting B
cell metabolism leading to a TGF-p-mediated immuno-
suppression phenotype that supports cancer progression
[65]. Consistently, the sticky (sti) mutation in AARS has
been shown to affect B lymphocytes by reducing their
cell numbers while enhancing antibody production [66].
AARS mutation affects also T cell receptor (TCR) signal-
ing in T cells [66]. In the context of viral infection, the
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genetic knockdown of the leucyl-tRNA synthase (LARS),
in macrophage-like THP1 cell line dampens the induc-
tion of inflammatory genes attenuating the response to
Hepatitis E virus (HEV) [67]. Similarly, our data could
suggest that a set of amino acid-rich genes, in our case
involved in protein localization, post-translational mod-
ifications, and cell metabolism, could be specifically
modulated by their cognate cytoplasmatic ARSs upon
SARS-CoV-2 infection. Most of these pathways were
previously related to COVID-19 progression such as gly-
cosylation which fits with the reported higher glycan bio-
synthesis/glycation in inflammatory monocytes, CD4"
T cells, and plasma cells [68] or localization of protein
to the endoplasmic reticulum, found enriched in B cells
of COVID-19 patients [53]. Moreover, Zinc metabo-
lism, another pathway enriched in our cohort of critical
COVID-19, is essential for immune activation during
infection and Zinc supplementation has demonstrated
positive effects and potential therapeutic benefits in the
treatment of COVID-19 [69].

Conclusion

In conclusion, by mining the transcriptome of PBMCs
from individuals with critical COVID-19, this study iden-
tified miRNAs and pathways associated with COVID-19
severity and defined alteration in tRNA aminoacylation,
overall impacting on protein modifications, cell metabo-
lism, and epigenetic. These elements of the transcriptome
could be utilized for stratifying individuals developing
the critical disease stage in addition to providing future
avenues for expanding the understanding of the immu-
nobiology of COVID-19 as well as possible targets for
therapeutic intervention. Further longitudinal studies,
as well as the analysis of larger and independent cohorts,
are required to determine the prognostic value of these
molecular players and their potential involvement in the
development of “long COVID” symptom:s.
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