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A B S T R A C T   

Coronavirus Disease-19 (COVID-19) symptoms range from mild to severe illness; the cause for this differential 
response to infection remains unknown. Unravelling the immune mechanisms acting at different levels of the 
colonization process might be key to understand these differences. We carried out a multi-tissue (nasal, buccal 
and blood; n = 156) gene expression analysis of immune-related genes from patients affected by different COVID- 
19 severities, and healthy controls through the nCounter technology. Mild and asymptomatic cases showed a 
powerful innate antiviral response in nasal epithelium, characterized by activation of interferon (IFN) pathway 
and downstream cascades, successfully controlling the infection at local level. In contrast, weak macrophage/ 
monocyte driven innate antiviral response and lack of IFN signalling activity were present in severe cases. 
Consequently, oral mucosa from severe patients showed signals of viral activity, cell arresting and viral 
dissemination to the lower respiratory tract, which ultimately could explain the exacerbated innate immune 
response and impaired adaptative immune responses observed at systemic level. Results from saliva tran
scriptome suggest that the buccal cavity might play a key role in SARS-CoV-2 infection and dissemination in 
patients with worse prognosis. Co-expression network analysis adds further support to these findings, by 
detecting modules specifically correlated with severity involved in the abovementioned biological routes; this 
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analysis also provides new candidate genes that might be tested as biomarkers in future studies. We also found 
tissue specific severity-related signatures mainly represented by genes involved in the innate immune system and 
cytokine/chemokine signalling. Local immune response could be key to determine the course of the systemic 
response and thus COVID-19 severity. Our findings provide a framework to investigate severity host gene bio
markers and pathways that might be relevant to diagnosis, prognosis, and therapy.   

1. Introduction 

The severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), 
which causes the coronavirus disease 19 (COVID-19), was first identified 
in patients suffering from a respiratory disease in Wuhan (Hubei prov
ince, China) in December 2019 (Gómez-Carballa et al., 2020b; Pipes 
et al., 2020). Soon after, the virus quickly spread worldwide favored by 
two main catalyzers, namely, variants showing higher transmissibility 
(Davies et al., 2021) and superspreading events (Althouse et al., 2020; 
Gómez-Carballa et al., 2020a; Lemieux et al., 2020; Gómez-Carballa 
et al., 2021). 

COVID-19 is mainly characterized by producing influenza-like illness 
(Jin et al., 2020; Lamers et al., 2020). A wide range of symptoms have 
been described, from absolutely no symptoms to severe pneumonia, lung 
damage, and progressive respiratory failure (Huang et al., 2020). 
Investigating the immunological processes underpinning SARS-CoV-2 
pathogenesis is key for the development of efficient therapeutic strate
gies and vaccines against COVID-19. The immune system dysregulation 
described in severe patients is characterized by a reduce number of 
lymphocyte T subpopulations CD4+ and CD8+, pointing to an absence of 
T-cell specific response (Qin et al., 2020; Yang et al., 2020; Zheng et al., 
2020b). Impairment of the adaptative immune system, together with a 
non-effective host immune response by innate cells, could be the cause 
of a higher viral replication and the activation of inflammatory pro
cesses, resulting in tissue damage and a more severe disease course 
(Gomez-Rial et al., 2020; Qin et al., 2020). The hyper-inflammatory 
response occurring during the acute phase is mainly driven by the 
monocyte-macrophage activation (Gómez-Rial et al., 2020), the release 
of pro-inflammatory cytokines (McGonagle et al., 2020; Qin et al., 2020; 
Zhang et al., 2020) and increase of other mediators e.g. ferritin and 
C-reactive protein (CRP). The infiltration of monocytes-derived macro
phages from blood points to these cells as the main cause of the lung 
tissue damage in severe cases (Gomez-Rial et al., 2020). 

Gene expression studies conducted on blood samples from COVID-19 
patients indicated that genes associated with inflammatory and hyper
coagulability pathways (Zhou et al., 2021) and the imbalance between 
innate and adaptive immune responses are the main factors responsible 
for severe disease course (Zheng et al., 2020a). Thair et al. (2021) found 
a differential transcriptomic pattern in blood that differentiated 
COVID-19 patients from other viral infections, suggesting that their top 
differentially expressed genes (DEGs) may be linked to new mechanisms 
of pathogen evasion from host immune response. Most recently, 
Aschenbrenner et al. (2021) revealed neutrophil activation signatures in 
severe cases, coupled with an elevated expression of genes related to 
coagulation and platelet function, and absence of T-cell activation. 

Most of the studies to date were carried out in vitro or nasal-derived 
epithelial cells (Gamage et al., 2020; Sajuthi et al., 2020; Sungnak et al., 
2020; Alfi et al., 2021). A gene expression study carried out on 
naso-pharyngeal (NP) swabs of infected patients pointed to different 
expression patterns depending on the viral load, age, and sex (Lieber
man et al., 2020). Comparison of expression profiles of infected adults 
and children (Pierce et al., 2021) indicated an early and more efficient 
innate immune response in nasal mucosa from children, thus condi
tioning the final outcome of the disease. So far, only one study under
taken in three severe patients, has proposed candidate transcripts for 
severity and disease outcome in NP samples (Jain et al., 2021). 

Saliva has also been proposed as a good alternative to NP swabs for 
SARS-CoV-2 detection (Pasomsub et al., 2020; To et al., 2020; Wyllie 

et al., 2020). The study of the specific host gene expression profile 
produced by the infection in oral mucosa has not raised comparable 
interest; only a recent study by Huang et al. (2021) highlighted the 
importance of the oral cavity in viral transmission and dissemination. 

We carried out a multi-source gene expression study in blood, nasal, 
and saliva samples, collected on asymptomatic, mild, and severe pa
tients. Our study aims at understanding the differential immune 
response that leads to different disease severities, and finding specific 
severity-related biomarkers to improve patient management and prog
nostic prediction. 

2. Materials and methods 

2.1. Patient recruitment 

We prospectively collected blood, saliva, and nasal epithelium 
samples from 52 COVID-19 patients with confirmed PCR-positive 
diagnosis of SARS-CoV-2 infection at the Hospital Clínico Uni
versitario of Santiago de Compostela (Galicia; Spain) from March to 
June 2020. We also recruited samples from healthy controls, defined as 
asymptomatic subjects with no diagnosis of COVID-19 disease at the 
time of sample collection. To avoid potential effects of ancestry on gene 
expression (Barral-Arca et al., 2019), we assured that patients and 
healthy controls were of (self-reported) South-European ancestry. In 
addition, we also carried out a maximum likelihood estimation of in
dividual ancestries from multi-locus SNP data using whole exome 
sequencing data available from a significant proportion of the patients 
(35/52; data not shown). Procedures for exome data processing, quality 
control, variant annotation and estimation of ancestries were performed 
as done previously (Salas et al. 2017, 2018). All the analyzed samples 
were of European genomic ancestry (Supplementary Table 1) corrobo
rating self-reported expectations. 

Cases were classified at the time of sample collection by severity 
illness: severe (ICU admission), moderate (non-ICU but admitted to 
hospital) and mild (domiciliary lockdown patients with mild symptoms 
or asymptomatic; herein mild patients). Comparisons were carried out 
as follows: (i) whole blood from 41 patients and 13 controls, (ii) nasal 
epithelium from 38 patients and 11 controls, and (iii) saliva from 41 
patients and 12 controls. The complete tissue sample set could be 
collected for 27 out of the 52 patients. Demographic and clinical data 
from the patients are summarized in Table 1 (see Supplementary Table 1 
for more details). 

The study was approved by the Ethical Committee of Clinical 
Investigation of Galicia (CEIC ref. 2020/178) and was conducted in 
accordance with the principles of the Declaration of Helsinki and all 
applicable Spanish legislation, namely Biomedical Research Act (Law 
14/2007–3 of July), Act 41/2002 on the Autonomy of the Patient, De
cree SAS/3470/2009 for Observational Studies, and 15/1999 Data 
Protection Act. Written informed consent was obtained for subjects 
before study inclusion. 

2.2. Sample collection and processing 

Blood, nasal epithelium, and saliva samples were sampled from pa
tients and controls at the same timepoints. Blood samples (2.5 ml) were 
collected in PAXgene tubes (BD). RNA was isolated using PAXgene blood 
miRNA extraction kit (Qiagen) following manufacturer recommenda
tions and carrying out the on-column DNase I treatment during the 
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extraction process. Saliva and nasal epithelium samples were collected 
in Oragene CP-190 kit (DNA Genotek). We used sponges (SC-2 kit from 
DNA Genotek) to assist saliva collection in ICU patients unable to spit. 
RNA from saliva and nasal epithelium specimens was isolated using 500 
μl of sample and the RNeasy microkit (Qiagen). We used Oragene RNA 
neutralizer solution (DNA Genotek) to precipitate impurities and in
hibitors and slightly modified the protocol provided by the extraction kit 
as recommended by the Oragene tubes supplier. After isolation, RNA 

amount and integrity was checked using TapeStation 4200 (Agilent), 
and DV200 values were calculated to both ensure that >50% of the of 
the RNA fragments were above 200 nt and estimate the optimal sample 
input for the nCounter analysis. Nasopharyngeal samples were collected 
in Universal Transport Medium tubes (UTM) tubes to check for the 
presence as well as the viral load of SARS-CoV-2 at the same time as 
collection of blood, saliva, and nasal epithelium samples. Molecular 
detection of viral particles was performed through a multiplex real-time 

Table 1 
Demographic and clinical characteristics of the COVID-19 cohort and controls. Phenotype stratification of the patients refers to the severity at the time of sample 
collection. Some of the clinical parameters are only available for hospitalized cases (moderate and severe). Quantitative variables are represented by the median (IQR) 
and qualitative variables as percentages with absolute numbers in brackets. Asterisks indicate statistically significant differences between groups.   

Controls Mild Moderate Severe 

Gender  
Female 68.0% (17/25) 56.5% (13/23) 50.0% (7/14) 26.7% (4/15)  
Male 32.0% (8/25) 43.5% (10/23) 50.0% (7/14) 73.3% (11/15) 

Age   
41 (34–52) 38 (29.5–46.5) 58.5 (37.75–67.75) 68 (58–71) 

Final Severity  
Control 100.0% (25/25) 0.0% (0/23) 0.0% (0/14) 0.0% (0/15)  
Death 0.0% (0/25) 0.0% (0/23) 0.0% (0/14) 6.7% (1/15)  
Mild 0.0% (0/25) 100.0% (23/23) 0.0% (0/14) 0.0% (0/15)  
Moderate 0.0% (0/25) 0.0% (0/23) 92.9% (13/14) 0.0% (0/15)  
Severe 0.0% (0/25) 0.0% (0/23) 7.1% (1/14) 93.3% (14/15) 

Comorbidity   
4.0% (1/25) 26.1% (6/23) 78.6% (11/14) 86.7% (13/15) 

Days of symptoms to sampling   
8 (6.75–10.25) 13 (12–15.75) 12 (9.5–14.5)  

Admission days   
– – 9.5 (6.5–11) 34 (24.5–53) 

Admission days to sampling   
– – 4 (3–5) 4 (2–6) 

ICU  
ICU – – 7.1% (1/14) 100% (15/15)  
ICU days – – 11 (11–11) 22.5 (10.75–28.75)  
ICU days to sampling – – – 3 (1.5–5) 

Symptom  
Fever – – 92.9% (13/14) 86.7% (13/15)  
Respiratory – – 100% (14/14) 93.3% (14/15)  
Gastrointestinal – – 42.9% (6/14) 28.6% (4/14)  
Musculoskeletal – – 64.3% (9/14) 60.0% (9/15)  
Sensory – – 21.4% (3/14) 26.7% (4/15)  
Headache – – 35.7% (5/14) 0.0% (0/15) 

Xray Infiltrates   
– – 71.4% (10/14) 86.7% (13/15) 

Xray pneumonia with consolidation   
– – 64.3% (9/14) 50% (7/14) 

Xray Pleural Effusion   
– – 14.3% (2/14) 7.1% (1/14) 

Treatments  
Oxygen – – 64.3% (9/14) 100% (14/14)  
Invasive Vent – – 7.1% (1/14) 78.6% (11/14)  
Inotropes – – 0.0% (0/14) 35.7% (5/14)  
Haemofiltration – – 0.0% (0/14) 14.3% (2/14)  
Corticoids before sample collection – – 14.3% (2/14) 66.7% (10/15)  
Antibiotics – – 100% (14/14) 100% (15/15)  
Antiviral – – 78.6% (11/14) 100% (15/15)  
Antimalarial – – 100% (14/14) 100% (15/15)  
Monoclonal antibody – – 0.0% (0/14) 46.6% (7/15) 

Analytical parameters  
White Cells (109/L) – – 5.505 (4.82–6.3725) 9.41 (5.275–12.36)  
Platelets (109/L) – – 273 (227.25–400.75) 203 (129–255.5)  
Neutrophils (109/L)* – – 3.095 (2.445–3.78) 6.89 (3.185–10.55)  
Lymphocytes (109/L) * – – 1.32 (1.1875–1.52) 0.47 (0.415–0.905)  
Monocytes (109/L) – – 0.42 (0.29–0.58) 0.33 (0.195–0.475)  
Fibrinogen (mg/dl) * – – 500 (500–500) 373.5 (318–450)  
Creatinine (mg/dl) – – 0.75 (0.58–1.03) 0.8 (0.765–0.94)  
CRP (mg/L) – – 23.39 (15.5025–53.63) 48.255 (11.15–99.6225)  
PCT (mg/ml) – – 0.06 (0.04–0.1375) 0.15 (0.105–0.2725)  
Ferritin (ng/dl) * – – 398.5 (139.75–491) 1584.5 (704–2934)  
D–Dimer (ng/ml) * – – 518 (402–763) 2038 (861–7832)  
Lactate (mmol/L) * – – 0.9 (0.85–0.95) 1.72 (1.42–2.39)  
Maximum CRP (mg/L) * – – 49.225 (17.795–123.78) 134.205 (71.9475–172.29)  
Maximum Neutrophils (109/L) * – – 4.56 (3.4775–6.8) 9.715 (5.85–11)  
Minimum Lymphocytes (109/L) * – – 0.87 (0.7–1.1675) 0.43 (0.345–0.4775)  
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PCR using the Allplex™SARS-CoV-2 Assay (Seegene). 

2.3. Nanostring nCounter expression assay 

Immunological gene expression patterns of different tissues from 
COVID-19 patients and controls were evaluated through the SPRINT 
nCounter system (NanoString Technologies) and the Immunology Panel 
(594 genes involved in immunological processes). This panel covers the 
main immunological routes, including major classes of cytokines and 
their receptors, chemokine ligands and receptors, IFNs and their re
ceptors, the TNF-receptor superfamily, and the KIR family genes. We 
used the standard gene expression protocol for 12x RNA hybridization 
with 5 μl of RNA as input, and a hybridization time of 18h for all sam
ples. We mixed control and COVID-19 samples in all the same plates to 
avoid technical sample bias. We first carried out a quality control (QC) of 
the raw data checking some technical parameters following manufac
turer recommendations to verify the absence of technical problems. 
Samples that did not pass technical QC, or with low number of genes 
detected, were excluded for downstream analysis. 

2.4. Sample normalization and differential expression analysis 

For the longitudinal multi-tissue experiment, normalization of the 
gene expression data was carried out for each tissue separately by 
selecting the optimal number and best reference candidate from the set 
of housekeeping (HK) genes included in the panel, as well as other 
endogenous genes that showed high levels of stability between samples. 
The GeNorm algorithm (Vandesompele et al., 2002) implemented in the 
R package CrtlGene (Zhong, 2019) was used to test for the most stable 
and optimal number of genes for normalization. We excluded HK 
candidate genes with less than 50 raw counts in any of the samples 
compared from the reference selection analysis. Data normalization was 
performed through a combined approach using both DESeq2 (Love et al., 
2014) and RUVSeq (Risso et al., 2014) as described in (Bhattacharya 
et al., 2020). Genes with counts below the background (mean + 2 
standard deviations [SD] of the negative control spikes in the code set) 
were not considered for the differential expression (DE) analysis. After 
data normalization and background thresholding, we eliminated lower 
expressed genes from the list of DEG, retaining a total of 495 genes in 
blood samples, 544 genes in nasal epithelium samples and 545 genes in 
saliva samples for downstream analysis. DEG between cohorts were 
obtained using DESeq2 (Love et al., 2014). We used age and sex as 
covariables to correct the model. Volcano plots and heatmaps were built 
with EnhancedVolcano (Blighe et al., 2020) and ComplexHeatmap (Gu 
et al., 2016) R packages, respectively. All graphics were generated using 
R (www.r-project.org) software and the ggplot2 package (Wickham, 
2016). Wilcoxon test was used to assess statistical significance between 
patient groups, and Spearman test for the correlation indices. We 
focused on highly statistically significant expression changes by 
considering as thresholds an adjusted P-value < 0.05, and log2FC ≥ |1.5| 
for downstream analysis. For the transversal multi-tissue experiment we 
sub-selected 21 patients for which samples from the three tissues were 
available (mild: n = 11; severe: n = 10). We employed a complex model 
design including the tissue/severity interaction to find tissue-specific 
severity effects. As references for the comparisons in the transversal 
analysis, we used blood tissue and the mild severity category. We fol
lowed the same procedure as in the longitudinal analysis but data from 
the three tissues were normalized together after selecting a set of 
adequate reference genes. 

2.5. Pathway analysis 

We followed both over-representation (ORA) and gene-set enrich
ment (GSEA) (Subramanian et al., 2005) approaches to identify bio
logical functions, cellular components and pathways related to the 
differences in gene expression. For ORA we used the DEG as input 

(threshold: log2FC ≥ |1.5|), and the genes included in the expression 
panel as pool for statistical calculations. For GSEA we used all available 
molecular measurements (log2FC) from the genes included in the DE 
analysis to detect coordinated changes in the expression of genes from 
same pathway. Analyses were carried out using the Clusterprofiler (Yu 
et al., 2012) R package. We applied the Benjamini-Hochberg (H–B) 
procedure for multiple test correction and a significance threshold of 
0.05. We tested both the GO (Gene Ontology) and Reactome databases. 
Graphics were obtained with the R package enrichplot (Yu, 2021). 

2.6. Validation analysis 

To validate the specificity of the transcriptomic findings from our 
blood samples, we first used two independent datasets: (a) Thair et al., 
(2021) included RNA-seq transcriptomes for 62 SARS-CoV-2 positive 
patients and 24 healthy controls; and (b) Aschenbrenner et al., (2021) 
included RNA-seq transcriptomes for 39 COVID-19 patients and 10 
healthy controls. We additionally checked the specificity of our 
COVID-19 candidate genes with respect to other viral infections by 
correlating our results with those from microarray data comparing 
mixed viral infections (n = 652) vs. healthy control samples (n = 672) 
reported in Thair et al. (2021).. Independently, to further test the gene 
expression pattern of our best candidate genes in other viral and bac
terial infections, we carried out an independent validation study by 
meta-analyzing other datasets (n = 513 viral, n = 382 bacterial and n =
215 healthy control samples) ;downloaded from the public gene 
expression repository Gene Expression Omnibus (GEO) under accession 
numbers: GSE64456 (Mahajan et al., 2016), GSE40012 (Parnell et al., 
2012), GSE42026 (Herberg et al., 2013), GSE60244 (Suarez et al., 
2015), also included in Thair et al., (2021) as viral cohorts; and 
GSE72829 (Herberg et al., 2016), GSE69529 (DeBerg et al., 2018). To 
merge and integrate all these data , we first normalized and 
pre-processed each dataset separately using Lumi (Du et al., 2008) for 
Illumina® microarrays data and Oligo (Carvalho and Irizarry, 2010) for 
Affymetrix® microarray datasets, while RNA-seq data were 
pre-processed as described previously (Barral-Arca et al., 2018). Then, 
we merged these databases retaining only the common genes. Subse
quently, we used the R package COCONUT to combine all datasets into 
one and reduce batch effects in the meta-analysis (Sweeney et al., 2016). 
Next, we used Limma package (Ritchie et al., 2015) to detect DEG and 
calculate log2FC values between groups. Scatterplots of log2FC values 
and Pearson correlation indexes were obtained for the validation 
analysis. 

2.7. Leukocyte proportion estimation from gene expression data 

We imputed immune cell subset abundances from expression data in 
different patient categories, including mild and healthy controls, from 
which real immune cell counts from blood tests were not available. We 
used the CIBERSORTX (Newman et al., 2019) tool and a leukocyte gene 
signature matrix (Newman et al., 2015) obtained from microarray data 
as reference. We applied a B-mode batch correction to account for 
cross-platform variation and 500 permutations for the analysis. We 
graphically represented immune cell proportions using R software and 
carried out a Wilcoxon test to assess statistical significance between 
categories. 

2.8. Weighted gene co-expression network analysis 

We generated a signed weighted correlation networks from gene 
expression data with the WGCNA R package (Langfelder and Horvath, 
2008) in order to find co-expression modules related to mild-severe 
phenotypes in the different tissues analyzed. We used normalized 
expression data (and corrected for differences in gender and age) from 
genes showing the most variant expression values between samples (top 
50% with higher variance) as input, and we chose a soft-thresholding 
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power based on the criterion of scale-free topology after testing a set of 
candidate powers (powers selected were 16, 9 and 18 for blood, nasal 
epithelium and saliva samples, respectively). The similarity matrix be
tween each pair of genes across all samples was calculated using cor
relation values and transformed into an adjacency matrix. Subsequently, 
the topological overlap matrix (TOM) and the corresponding dissimi
larity (1–TOM) values were computed. The resulting topological overlap 
is a biologically meaningful measure of gene similarity based on the 
co-expression relationship between two genes. As co-expression module 
detection parameters we chose a minimum module size of 30, a medium 
sensitivity for cluster splitting, and a 0.2 value as dendrogram cut heigh 
threshold for module merging. 

Correlation between module eigengenes and clinical traits were 
analyzed to identify modules of interest significantly associated with the 
mild-severe phenotype (gene significance [GS]). Module membership 
(MM), as a measurement of intramodular connectivity, was also calcu
lated. We explored the correlation between GS and MM, and calculated 
the average absolute gene significance for all genes within a module in 
order to highlight the most important modules. The top hub genes 
within the most relevant modules were selected using both MM > 0.7 
and a P-value for GS < 0.05 as thresholds. 

We studied biological significance of the hub genes from the 
phenotype-related modules by performing an over-representation 
analysis and using the compare cluster function included in the Clus
terprofiler R package (Yu et al., 2012). 

3. Data availability 

Expression data that support the findings of the present study have 
been deposited in Gene Expression Omnibus (GEO) database under the 
accession code GSE183071. 

4. Results 

4.1. Cohort description 

Most of the clinical features were only available for hospitalized 
patients (Table 1). Similar median symptoms days to sampling were 
obtained for mild, moderate, and severe cases, as well as admission days 
to sampling in the case of moderate and severe patients (P-value = 0.236 
and 0.704, respectively). During admission, oxygen support was 
required for 64.3% of the moderate cases and 100% of the severe cases 
(78.6% required invasive ventilation). All moderate cases were treated 
with a double therapy including antibiotic and antimalarial drugs (in 
78.6% of the moderate cases, antiviral therapy was also administrated). 
Severe cases received a combined triple therapy of antibiotic, antiviral 
(lopinavir and ritonavir) and antimalarial (hydroxychloroquine) treat
ment, and 46.6% of them received tocilizumab. 

No statistical differences were observed in viral loads at the time of 
sample collection depending on COVID-19 severity, nor statistical cor
relation between days of symptoms to sample collection and Ct values 
from the SARS-CoV-2 qPCR assay (Supplementary Fig. 1A) on naso
pharyngeal swabs obtained at the point of sample collection. However, 
we obtained statistically significant differences in some analytical pa
rameters between severe and moderate cases at the sampling timepoint: 
higher neutrophil counts (P-value = 0.012), ferritin (P-value = 0.002), 
D-Dimer (P-value = 0.006) and lactate (P-value = 0.019) values, but 
lower lymphocyte counts (P-value = 0.002) and fibrinogen (P-value =
0.004) values in severe cases. Maximum values for C-reactive protein 
(CRP) and neutrophils (P-values = 0.02 and 0.006, respectively) and 
minimum values for lymphocytes (P-value < 0.001) also showed sta
tistically significant differences between these groups. 

Immune cell fractions inferred from gene expression data also 
pointed to a significantly lower proportion of T lymphocyte sub
populations CD4 and CD8 in severe cases than in other severity cate
gories and healthy controls (Supplementary Fig. 1B). Likewise, the 

proportion of B cells was significantly higher in mild when compared to 
moderate and severe cases. Cell numbers of CD4 and NK subpopulation 
also showed a significant decrease with disease severity. Finally, a 
higher proportion of monocytes was also observed in moderate cases, 
correlating well with real monocyte counts detected in the blood tests 
from moderate and severe cases. 

4.2. Transcriptomic immune response in blood 

Principal component analysis (PCA) of blood gene expression 
revealed a moderate differentiation by severity in the first principal 
component (PC1; Fig. 1A). When we compared the whole COVID-19 
cohort against controls we obtained nine DEG (Supplementary 
Table 2, Fig. 1A), all of them over-expressed in patients except for 
FCER1A gene that was under-expressed (log2FC = − 1.7; adjusted P- 
value = 2.3E-5). The most statistically significant gene was TNFRSF17 
gene (log2FC = 1.9; adjusted P-value = 2.4E-10), followed by FCER1A 
and SERPING1 genes. Three out of the nine DEG were found to be still 
significant when using a model that accounted for differences in treat
ment with immunomodulators (steroids), administered only in some 
severe and moderate patients: TNFRSF17 (log2FC = 1.72; adjusted P- 
value = 4.1E-6), SERPING1 (log2FC = 2.2; adjusted P-value = 4.3E-4) 
and MX1 (log2FC = 1.97; adjusted P-value = 3.0E-3) genes. To test the 
robustness of this COVID-19-related immune signature we carried out a 
validation in two recently published COVID-19 RNA-seq datasets 
(Aschenbrenner et al., 2021; Thair et al., 2021) (Supplementary 
Fig. 3A). The 9-transcript immune signature correlated very well with 
the data from the two validation cohorts (R = 0.96, P-value = 5.3E-5; R 
= 0.92, P-value = 4.0E-4; respectively). As in our study, all genes were 
DE in both datasets when comparing patients vs. healthy controls. 

Next, we studied the specificity of this 9-transcript signature by 
examining other viral and bacterial infections. Firstly, transcriptomes of 
different viral infections (n = 655) and healthy controls (n = 672) from 
Thair et al., (2021) were contrasted with the results from our study 
(Supplementary Fig. 3). We found a moderate correlation (R = 0.85; 
P-value = 0.0037) between log2FC values from our study (COVID-19 vs. 
control) and their study (viral infections vs. healthy controls). Notably, 
TNFRSF17 gene did not show appreciable differences between 
non-COVID-19 viral infections and controls (log2FC = 0.16; adjusted 
P-value = 0.50). To further test the differential pattern of this gene in 
COVID-19 patients, we used a combined dataset from different micro
array and RNA-seq studies that includes transcriptomes from viral and 
bacterial infected patients, and healthy controls. We consistently 
observed a moderate correlation between our results and those from the 
viral infections vs. healthy control dataset (R = 0.81, P-value = 0.0078), 
and a weaker correlation with those from bacterial infections vs. healthy 
control dataset (R = 0.61, P-value = 0.081). Again, TNFRSF17 gene 
showed a log2FC value very close to 0, and non-significant results in the 
viral combined dataset (log2FC = − 0.30; adjusted P-value = 0.28). 
Furthermore, in the bacterial combined dataset, the TNFRSF17 gene 
(and MX1) was under-expressed in bacterial infections vs. controls, even 
though this contrast was also statistically significant (log2FC = − 0.81, 
adjusted P-value = 1.9E-4) as in COVID-19 datasets. 

We performed a more detailed analysis of the immunological pro
cesses underlying COVID-19 by comparing different severities (Fig. 1B; 
Fig. 1C; Supplementary Fig. 4). We found a similar number of DEG when 
comparing severe cases vs. healthy controls and severe vs. mild patients 
(28 and 30 respectively; Supplementary Table 2; 1D), pointing to a 
limited systemic immune response (Fig. 1D; Supplementary Fig. 4). We 
detected 14 common DEG in all comparisons involving severe cases 
(Fig. 1D); ARG1 gene was the most remarkable one over-expressed in 
severe cases (Log2FC = 3.98–4.71; adjusted P-value = 1.53E-18 – 1.78E- 
22) (Supplementary Table 2). Other significatively over-expressed genes 
in severe cases were those related to pro-inflammatory pathways IL-1 
(IL1R1 and IL1R2) and IL-18 (IL18R1) and immunoregulatory functions 
(FKBP5 and S100A8); Supplementary Fig. 5. To further test this 14- 
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transcript COVID-19 signature for severe patients, we compared our 
results to an independent cohort (Aschenbrenner et al., 2021); after 
excluding two genes (ZBTB16 and IL1RL1) that were not found to be DE 
between their severe cases vs. healthy controls , we found a notable 
correlation between both datasets (R = 0.87; P-value = 0.00023); Sup
plementary Fig. 3. 

Analysis of moderate vs. healthy controls and mild vs. healthy con
trols returned a few DEG coinciding with the previous 14-transcript 
signature, e.g. TNFRSF17 and SERPING1. TNFRSF17 represents the 
strongest signal of COVID-19 disease of all the genes analyzed, showing 
an increased gene expression associated with severity (log2FC values 
compared to healthy controls: 1.66 in mild, 1.95 in moderate, and 2.71 
in severe cases); Supplementary Table 2. Conversely, FCER1A gene was 
under-expressed in patients and showed a gradual decreased gene 
expression with severity (log2FC values compared to healthy controls: 
not DE in mild, − 1.83 in moderate, and − 3.06 in severe cases). Genes 
MX1 and C1QB showed an increased expression in mild (log2FC = 2.10; 
adjusted P-value = 1.32E-5) and moderate cases (log2FC = 1.78; 
adjusted P-value = 5.59E-5) with respect to controls (Supplementary 
Table 2). When comparing DEGs between hospitalized and non- 
hospitalized patients, the most relevant genes were CAMP, LTF, CEA
CAM8 and CEACAM6, all involved in neutrophil degranulation pro
cesses triggered by the innate immune response (Supplementary Fig. 6). 

Pathway analysis by way of a GSEA of severe cases vs. healthy con
trols and using Reactome revealed: (i) an up-regulation of innate im
mune processes (mainly driven by neutrophil activation and 
degranulation, the IL-1 pathways, and the TLR cascade (Supplementary 
Table 3, Supplementary Fig. 7); and (ii) down-regulation of the adap
tative immune response and related pathways such as Translocation of 
ZAP− 70 to Immunological synapse, T cell antigen receptor (TCR) sig
nalling, co-stimulation of CD28 family, and PD− 1 signalling. 

Meanwhile, GSEA analysis using GO showed a comparable pattern: (i) 
up-regulation of the neutrophil mediated immunity and downstream 
processes; (ii) under-regulation of B cell proliferation/activation; and 
(iii) antigen receptor-mediated signalling (Supplementary Table 3, 
Supplementary Fig. 7). Similar findings were observed in comparisons of 
severe vs. moderate (Supplementary Table 3, Supplementary Fig. 8) and 
severe vs. mild cases (Supplementary Table 3, Supplementary Fig. 9) 
from Reactome, except for the IFN pathway, which was under-regulated 
in severe cases in comparison to moderate and mild patients. GO 
pathway analysis found under-expression of genes involved in antigen 
processing and presentation via MHC-II complex and viral defense. The 
only process detected by GSEA in mild cases were an up-regulation of 
the IFN signalling pathway with the Reactome database; whereas routes 
related to host response to viral infection were the most over-regulated 
in GO (Supplementary Table 3, Supplementary Fig. 10). Overall, there 
exists a significant up-regulation of the neutrophil activation and 
degranulation pathways, which increase with severity, and a lack of IFN 
response in severe cases. The differential neutrophil-driven immune 
response observed in moderate and severe patients was also detected 
when comparing hospitalized against non-hospitalized cases and 
healthy controls (Supplementary Fig. 11; Supplementary Table 3). 

4.3. Transcriptomic immune response in nasal epithelium 

PCA indicates a differentiation of severe cases against controls that is 
only notable in the PC2 dimension (12% of the variation); Fig. 2A (see 
also heatmaps in Fig. 2B). Conversely, mild and moderate cases showed 
more remarkable differences with severe and controls in the PC1 
dimension (23% of the variation). Of the seven DEGs observed in the 
comparison patients vs. healthy controls, one was under-expressed and 
six over-expressed (Supplementary Table 4; Fig. 2C). Thus, FCER1A was 

Fig. 1. A) Volcano plot showing the DEGs between cases and healthy controls in blood samples. Boxplots of the most relevant genes and the P-value of the statistical 
test are also shown. B) Heatmap and cluster analysis of the DEGs between all categories in blood samples. Only genes with a log2FC |>1| were represented. Gene 
clusters were generated using k-means partitioning. C) PCA of immune transcriptomic data from blood samples of the different COVID-19 categories analyzed using 
all genes from the panel detected above the background. D) Upsetplot of the common DEGs between categories compared in blood samples. 
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under-expressed in patients when compared against controls (log2FC =
− 1.63; adjusted P-value = 0.004; severe vs. controls: log2FC = − 3.28; 
adjusted P-value = 2.75E-9; severe vs. moderate: log2FC = − 2.01; 
adjusted P-value = 0.0004; severe vs. mild: log2FC = − 1.96; adjusted P- 
value = 0.00097), even though it was not detected as DE when 
comparing moderate and mild cases with healthy controls (Supple
mentary Table 4; note however that the absolute expression values 
showed only weak statistical significance in mild and moderate patients 
vs. healthy controls; Fig. 2D). Of the over-expressed genes, SERPING1 
gene leads the DEG list; the main signal comes from the high expression 
levels observed in moderate and mild patients against controls; this gene 
was however not DE in severe cases when compared with controls. Thus, 
SERPING1 over-expression decreased gradually from mild to severe 
disease (Supplementary Table 4; Fig. 2D). A similar pattern was 
observed for other genes (CXCL9, LAG3 and GZMB), all showing a 
gradual over-expression in moderate and mild cases against controls 
(Supplementary Table 4; Supplementary Fig. 12) but not in severe pa
tients. Overall, gene expression of immune genes in nasal epithelium 
samples showed a very similar response to infection in mild and mod
erate patients, with seven overlapping DEGs (LAG3, SERPING1, CXCL9, 
CXCL10, CXCL11, IFITM1 and GZMB; all over-expressed) between both 
categories vs. controls, but no DEG when comparing mild vs. moderate 
cases (Fig. 2C; Supplementary Fig. 13; Supplementary Fig. 14). Despite 
the similarities in immune response of both phenotypic categories, these 
genes showed a gradual increase in expression from severe to mild 
disease; the differences were found to be more notable when comparing 
mild vs. controls than in moderate vs. controls (Supplementary Table 4). 

The comparison of severe vs. controls/moderate/mild yielded 18, 19 
and 27 DEGs genes, respectively (Fig. 2C; Supplementary Table 4); eight 
genes were shared between these three comparisons (FCER1A, IL18R1, 
IL1R2, CCL3 CCL4, CLEC4E, CD163 and MARCO), all over-expressed in 
severe cases (except FCER1A) and all mainly involved in the innate 
immune and inflammatory response (Supplementary Fig. 15). IL18R1 
and IL1R2 appeared in the top three most DEGs in severe cases compared 
to all categories, with a log2FC ~2 in severe vs. moderate cases, and even 
higher in severe vs. controls/mild cohorts. Other under-expressed genes 
in severe compared to mild/moderate cases included IFIT2 (Interferon 
Induced Protein with Tetratricopeptide Repeats 2) and IDO1, whose 
encoded protein is produced in response to inflammation and has 
autoimmune protective features (Supplementary Table 4; Supplemen
tary Fig. 13). 

We did not find statistically significant pathways in the nasal samples 
from severe cases vs. controls using both GSEA and ORA. Moderate vs. 
controls comparisons highlighted some up-regulated pathways in GSEA 
mainly connected to interaction and response to other organism pro
cesses (Supplementary Table 5), and inhibition of endopeptidase activ
ity (Supplementary Fig. 16). Comparison of mild cases vs. controls using 
ORA suggested two main processes: (i) antimicrobial immune humoral 
response (an adaptative immune response mainly driven by B lympho
cytes), and (ii) chemokine related pathways (Supplementary Table 5; 
Supplementary Fig. 17). The comparison of severe vs. mild patient 
revealed up-regulated coordinated responses in various nested pathways 
involving NAD metabolism (Supplementary Table 5), a regulator of 
infection and inflammation. Molecular functions showing down- 

Fig. 2. A) PCA of immune transcriptomic data from nasal epithelium samples of the different disease categories analyzed using all genes from the panel detected 
above the background. B) Heatmap and cluster analysis of the DEGs between all categories in nasal epithelium samples. Only genes with a log2FC |>1| were 
represented. Gene clusters were generated using k-means partitioning. C) Upsetplot of the common DEGs between categories compared in nasal epithelium samples. 
D) Volcano plot showing the DEGs between COVID-19 samples and healthy controls in nasal epithelium samples. Boxplots of the most relevant genes and the P-value 
of the statistical test are also shown. 
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regulation in severe vs. mild cases were MHC protein binding and hy
drolase activity (Supplementary Fig. 18). ORA analysis of DEGs revealed 
alterations in chemokine dynamics-related pathways, with over- 
expression of CC-type chemokines and MARCO, and under-expression 
of CXC-type chemokines and DEFB4A (Supplementary Fig. 18). The 
comparison of severe vs. moderate patients using GSEA analysis detected 
some similarities with that of severe vs. mild cases (Supplementary 
Fig. 19). Reactome and GO showed some common biological processes 
and/or cellular components, such as under-regulation of type I and II 
IFN pathway and MHC class II antigen presentation, and an over- 
regulation of neutrophil activation and degranulation processes. When 
exploring pathways associated with the comparison of moderate vs. mild 
cases, GSEA analysis found an upper-regulation of serine− type endo
peptidase activity and a down-regulation of molecular transducer re
ceptor activities (Supplementary Fig. 20; Supplementary Table 5). 

4.4. Transcriptome immune response in saliva 

Among the genes detected in saliva samples, there was no DEG when 
comparing patients and healthy controls. This fact was reflected in a 
PCA (and heatmap analysis), which showed a large cluster with over
lapping controls, mild and moderate, and only slightly differentiation of 
the severe cases in the PC1 (35% of the variation) and the PC2 (20% of 
the variation); Fig. 3A,D. Therefore, the data seem to indicate very 
limited immune response to infection in the oral cavity of mild and 
moderate patients. A few DEGs were detected when comparing hospi
talized with non-hospitalized patients (Fig. 3B; Supplementary Fig. 21) 
and against controls (Supplementary Table 6). As expected, most DEGs 

were the same in both comparisons, with 11 out of the 12 DEGs detected 
in hospitalized vs. non-hospitalized cases also appearing in hospitalized 
vs. controls, all of them over-expressed (Supplementary Fig. 21; Sup
plementary Table 6). The strongest differences in hospitalized vs. non- 
hospitalized patients were represented by (i) PLAU, a gene encoding a 
secreted serine endopeptidase that transforms plasminogen in plasmin 
and is implicated in the rearrangement of extracellular matrix and cell 
migration, and (ii) LGALS3, which plays a role in apoptosis, innate im
munity (attracting macrophages and activating neutrophils), cell adhe
sion and T-cell regulation processes as well as in acute inflammatory 
responses (Fig. 3C). These two genes were the only ones detected as DE 
when comparing moderate vs. mild cases; they probably constitute the 
strongest and most specific immune signature in oral mucosa from 
hospitalized individuals (Supplementary Table 6; Supplementary 
Fig. 22). The other DEGs of the signature from hospitalized samples also 
exhibited expression levels that increased with severity (Supplementary 
Fig. 22). 

We found 18 common over-expressed DEGs that differentiate severe 
cases from the other phenotypic categories (Fig. 3E; Supplementary 
Fig. 23). CCL20 showed the highest log2FC value in all comparisons 
(Supplementary Table 6). As expected, higher differences were found in 
severe vs. mild and severe vs. controls (Fig. 3E). Eleven out of the 18 
genes were also included in the signature that differentiated hospitalized 
from both non-hospitalized and healthy controls, respectively (Fig. 3E; 
Supplementary Fig. 24). 

Pathway analysis in severe vs. controls using GSEA found some 
moderate up-regulation of processes and cell components, but only 
phagocytic vesicle as under-regulated cellular component 

Fig. 3. A) PCA of immune transcriptomic data from saliva samples of the different disease categories analyzed using all genes from the panel detected above the 
background. B) Volcano plot showing the DEGs between hospitalized and non-hospitalized saliva samples. C) Boxplots of the most relevant genes from the com
parison of hospitalized vs. non-hospitalized saliva samples and the P-value of the statistical test. D) Heatmap and cluster analysis of the DEGs between all categories in 
saliva samples. Only genes with a log2FC |>1| were represented. Gene clusters were generated using k-means partitioning. E) Upsetplot of the common DEGs between 
categories compared in saliva samples. Bubble plot represents log2FC and adjusted P-value from the 18 DEGs between severe and all remaining categories. Green 
color in gene names indicates genes also included in the hospitalized signature. (For interpretation of the references to color in this figure legend, the reader is 
referred to the Web version of this article.) 
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(Supplementary Fig. 25). Some of these pathways were also highlighted 
as up-regulated in severe vs. mild patients but, in this case, a positive 
regulation of cell migration and motility was also detected (Supple
mentary Table 7; Supplementary Fig. 26). GSEA analysis of severe vs. 
moderate patients provided the highest number of hits from all com
parisons, all showing up-regulation in severe cases, but moderate NES 
values (Supplementary Table 7; Supplementary Fig. 27). Among the up- 
regulated pathways in moderate vs. mild (Supplementary Fig. 28) cases 
there are pathways related to cell migration, receptor activator activity 
and chemoattractant activity, of which the latter two were also up- 
regulated in moderate cases vs. controls (Supplementary Fig. 29). 
GSEA also pointed to a strong under-regulation of the IFN signalling in 
moderate vs. mild cases in all the reference databases interrogated 
(Supplementary Table 7; Supplementary Fig. 28). Notably, IFN pathway 
was not detected in severe vs. mild cases, however it appears as highly 
under-regulated in hospitalized vs. non-hospitalized patients, although 
not when comparing to controls. 

Finally, comparison of mild cases and controls resulted in several 
under-regulated processes and cellular components mainly involved in 
cell junction, cell communication and secretory vesicles (Supplementary 
Table 7; Supplementary Fig. 30). 

4.5. Transversal multi-tissue analysis 

We selected a subset of severe and mild patients (n = 21) with 
samples available from all tissues collected at the same time. We 
explored for interactions between severity and tissue to elucidate 
immunological features that could illuminate the causes for the differ
ential evolution observed in patients. Only when relaxing the thresholds 
for this interaction analysis (adjusted P-value < 0.05 and a cumulative 
log2FC > |1.4|) we found that the effect of severity for the CXCL9 gene is 
significant for all tissue comparisons, being much lower in nasal 

compared to blood tissue (P-adjusted = 1.41E-6; cumulative log2FC =
− 2.94) and moderately lower for both saliva vs. blood (P-adjusted =
0.03; cumulative log2FC = − 1.42) and nasal vs. saliva (P-adjusted =
0.017; cumulative log2FC = − 1.51) tissues (Supplementary Table 8). 
Looking at the CXCL9 normalized data, we found higher expression in 
severe than in mild cases for blood, with the opposite pattern in nasal 
and saliva epithelium samples (Supplementary Fig. 31). When we 
increased the significance thresholds (P-adjusted < 10E-6; cumulative 
log2FC > |2.5|) a set of 17 genes were found as DE in all possible 
comparisons (Supplementary Table 8; Fig. 4B; Fig. 4C). Thirteen out of 
these 17 genes were also detected as DE between severe and mild cases 
in the longitudinal transcriptomic analysis (Fig. 4B). The transversal 
multi-tissue analysis generates four clusters for these 17 genes according 
to their cumulative Log2FC values (Fig. 4C). This analysis highlights that 
the main specific severity signals in blood were driven by gene cluster 1 
represented by ARG1, CEACAM8, LTF and ITGA2B, and to a lesser extent 
by cluster 2 (specially IRAK3 and TLR5). This means that severity has a 
more marked effect in blood in comparison with nasal and saliva sam
ples (Fig. 4C; Supplementary Table 8; Supplementary Fig. 31). Cluster 3 
(Fig. 4C), represented by CD22 and TRAF1, indicates that severity de
termines an opposite behavior in nasal (lower expression in mild and 
higher in severe) than in blood (higher expression in mild and lower in 
severe (Supplementary Fig. 31). Finally, cluster 4 (Fig. 4C) represented 
by seven genes indicates a differential effect of severity in saliva with 
respect to blood and nasal epithelium (especially remarkable for MUC1 
and LGALS3). 

4.6. Co-expression analysis related to the mild-severe phenotypes 

Through a co-expression network analysis, we aimed to detect 
modules of co-expressed genes that might be responsible for the 
extremely unbalance immune response to the SARS-CoV-2 infection 

Fig. 4. A) Volcano plots showing the DEGs between severities (severe/mild) and different tissue samples (thresholds: P-adjusted = 0.01, cumulative log2FC = |2|). B) 
Upsetplot of the DEGs between severe and mild categories in all tissues as well as in the multi-tissue transversal analysis. C) Heatmap and cluster analysis of the DEGs 
between severities (severe/mild) and different tissue samples (thresholds: P-adjusted = 10E-6, cumulative log2FC = |2.5|). Gene clusters were generated using k- 
means partitioning. 
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between mild and severe phenotypes. 
We detected four co-expression clusters of immune genes in blood 

samples (Supplementary Fig. 32A; Supplementary Table 9) constituting 
two meta-modules of highly related clusters (Supplementary Fig. 32B). 
Two of these modules were weakly significantly correlated with the 
mild-severe phenotype, one indicating over-expression (‘blue’ module in 
Supplementary Fig. 32; n = 62 genes; R = 0.41; P-value = 0.026) and the 
other under-expression in severe cases (‘turquoise’ module in Supple
mentary Fig. 32; n = 105 genes; R = − 0.37; P-value = 0.043) (Supple
mentary Fig. 32C). Despite of not having large correlation with the 
phenotype, both modules showed highly significant correlation between 
gene significance (GS) and module membership (MM), meaning that 
genes associated to the phenotype were also hub genes within the 
module (higher number of connections) (Supplementary Figs. 33A and 
33B; Supplementary Table 9). Hub genes of the most remarkable module 
(over-expressed in severe cases) are most likely involved in pathways 
related to cytokine production, IL-1 signalling, neutrophil mediated 
immunity, T-cell immunity, TLR pathways and NAD metabolism (Sup
plementary Fig. 34; Supplementary Table 9). 

Stronger co-expression signals related to severity were detected in 
nasal epithelium and saliva samples. Two out of the four modules 
detected in nasal epithelium samples were statistically significant 
correlated with the phenotype, one composed by genes under-expressed 
in severe with respect to mild (see ‘turquoise’ module in Supplementary 
Figs. 35A, 35B, 35C; n = 129 genes; R = − 0.46; P-value = 0.0099) and 
the other showing over-expression in severe cases (see ‘brown’ module 
in Supplementary Figs. 35A, 35B, 35C; n = 48 genes; R = 0.44; P-value 
= 0.014); see also Supplementary Table 10. The most important under- 
expressed genes in severe cases obtained in the DE analysis were also 
found among the genes placed in the ‘turquoise’ module and, by 
contrast, the top over-expressed genes in DE analysis from severe cases 
were housed in the ‘brown’ module, being many of them also hub genes 
in these modules (Supplementary Figs. 36A and 36B Supplementary 
Table 10). The core gene from the mild-related ‘turquoise’ module, 
defined as the significant correlated gene showing the higher MM value, 
was CD3D (MM = 0.95; P-value = 8.7E-17) and is part of the TCR/CD3 
complex in the T-cell signal transduction with an essential role in the 
adaptative immune response. The core gene in the ‘brown’ module was 
CCRL2 (MM = 0.91; P-value = 2.2E-12), a gene that is over-expressed 
during the neutrophil activation and the differentiation from mono
cyte to macrophage. Hub genes from these modules were also involved 
in different pathways (most of them overlapping to those obtained from 
the DE analysis) pointing to a very different response in mild and severe 
cases. Hub genes in ‘turquoise’ module were involved in CXCR chemo
kine receptor binding, interferon gamma signalling and adaptative T- 
cell immune response, such as T-cell migration, activation and chemo
taxis, TCR signalling, and MHC class II receptor activity. Nevertheless, 
noteworthy pathways obtained from hub genes of the ‘brown’ module 
were those related to CCR chemokine receptor binding, IL-1 response, 
NAD metabolism, neutrophil driven immune response and TLR cascades 
(Supplementary Fig. 37). 

From the four co-expression modules detected from saliva samples 
only one module showed significant correlation with the phenotype 
(‘turquoise’ module in Supplementary Figs. 38A and 38B; Supplemen
tary Table 11) and was also the most significant phenotype-correlated 
module in all tissues analyzed (n = 91 genes; R = 0.52; P-value =
0.0039; Supplementary Fig. 38C). Genes from this module were over- 
expressed in severe cases and displayed a good significant correlation 
between GS and MM (Supplementary Fig. 39A). Most genes within this 
module (86%) were among the top DE genes and many of them were 
also hub genes within the module (63%). The gene with the highest 
intra-modular connectivity was SRC gene (MM = 0.95; P-value = 3.48E- 
15; Supplementary Table 11), a non-receptor tyrosine-kinase implicated 
in many signalling pathways controlling different processes such as 
immune response, cell adhesion and migration, cell cycle and apoptosis. 
Among the most significant pathways we found lymphocyte 

proliferation and activation, interleukin signalling, apoptosis, cell-cell 
adhesion and cell cycle arrest (Supplementary Fig. 39A, Supplemen
tary Fig. 40). 

5. Discussion 

Healthcare systems worldwide collapsed during the COVID-19 
pandemic due to the high number of hospital admissions, mostly with 
respiratory complications that, in many cases, ended up being fatal in 
patients with severe disease. Usually, viral colonization begins in a local 
tissue environment, with the upper respiratory tract being the main 
gateway for the virus entrance; however, the infection does not always 
have a significant systemic impact. To explore differential host response 
to infection, we analyzed the expression of immune response genes in 
three different tissues from COVID-19 patients affected by different 
disease severities. 

In the analysis of blood samples, we detected specific COVID-19 
DEGs, all but one (FCER1A) over-expressed, which were subsequently 
validated in two independent RNA-seq datasets. A few DEGs have 
comparable expression levels in other viral and bacterial infections, 
suggesting a common response against severe infections. Moreover, 
ARG1 and FCER1A showed similar expression values independently of 
the causative pathogen origin (viral or bacterial), but with opposed 
log2FC values (ARG1: 1.5 to 3.5; FCER1A: − 2.5 to − 1.5). ARG1 encodes 
for the Arginase-1 protein and is expressed in neutrophils, for which a 
central role in innate immune and inflammatory response has been 
described, while FCER1A is mainly expressed in basophils and mast cells 
and is involved in the initiation of allergic response. We also observed 
that TNFRSF17 was DE in COVID-19 compared to other infections. This 
gene is expressed in mature B lymphocytes encoding for a member of the 
TNF-receptor superfamily; it is involved in MAPK8/JNK and NF-kB 
activation pathways and mediates the development and survival of B- 
cell lymphocytes to maintain humoral immunity. The number of DEGs in 
blood increases significantly with severity (Supplementary Fig. 4), 
clearly pointing to a lower immune systemic response in mild and 
moderate than in severe patients. Moreover, mild and moderate patients 
over-expressed the interferon type I (IFN–I) pathway in response to viral 
infection; a timely IFN-I response is critical as it represents a successful 
front-line protection against viral infections. IFN-I is produced by cells 
after pathogen-associated molecular patterns (PAMPs) recognition, 
inducing downstream expression of IFN stimulated genes (ISGs). 
Furthermore, it has an important role in immune control through the 
regulation of proinflammatory cytokines, activation and recruitment of 
different immune cells types, and shaping a successful adaptative im
mune response (Crouse et al., 2015). SARS-CoV-2 seems to be more 
susceptible to IFN-I and produces various proteins that antagonize IFN 
production through different mechanisms, suppressing IFN-I pathway in 
a more efficient manner than other coronaviruses (Lokugamage et al., 
2020; Mantlo et al., 2020). Interestingly, low IFN-I alpha level has been 
recently related to a more severe disease outcome, and proposed as a 
potential therapeutic treatment (Hadjadj et al., 2020; Contoli et al., 
2021). The IL-1 pathway related genes were detected as over-activated 
in severe cases. Conversely, moderate and severe patients showed an 
up-regulation of innate immune response (not observed in mild patients 
and healthy controls), driven by a different degree of neutrophil 
response pathways activation. Severe disease was associated with high 
neutrophil counts and increased levels of pro-inflammatory cytokines, 
producing microthrombus formation and organ damage. The release of 
neutrophil extracellular traps (NETs) could explain (at least partially) 
COVID-19 vascular complications through forming aggregates that 
produce vessel occlusion and endothelial damage (Leppkes et al., 2020; 
Veras et al., 2020); unbalanced NET production seems to have an 
important role in viral immunopathology and respiratory disease com
plications (Twaddell et al., 2019). Consistently, we observed a DE of 
S100A8/S100A9 and CAMP genes (all encoding proteins usually iden
tified in NETs) in severe cases vs. all other categories. Likewise, the 
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multi-tissue transversal analysis consistently indicated a higher differ
ence in severity between systemic and local immune response in 
neutrophil related genes (ARG1, LTF, CEACAM8), and other blood 
coagulation genes that participate in the process of platelet aggregation 
(ITGA2B), which could explain the formation of microthrombus in se
vere phenotypes. Patterns of exacerbated innate response in hospitalized 
individuals were accompanied by a global failure of the adaptative im
mune response in severe cases, with under-regulation of several routes 
involved in T-cell signalling and maintenance of immune homeostasis, 
like ZAP-70 signalling. ZAP-70 kinase regulates TCR downstream 
signaling of antigen presentation, and an adequate regulation of its ac
tivity is key for a proper T cell proliferation; furthermore, ZAP protein 
can restrict SARS-CoV-2 replication (Nchioua et al., 2020). It has been 
described the importance of a solid T cell response in COVID-19 re
covery (Zheng et al., 2020a) and, therefore, the suppression of the 
adaptative immune system could explain in part the characteristic 
lymphopenia observed in severe patients. In agreement with an 
over-activation of the innate and under-activation of adaptative immune 
response, an unbalanced activation of HLA class I and II antigen pre
sentation was also found in severe cases. Overall, our results are in the 
line with previous gene expression studies carried out in blood samples 
(Zheng et al., 2020a; Yan et al., 2021), indicating that severe cases 
exhibit signals of a systemic impairment of IFN response characterized 
by a non-robust IFN production, a suppression of T and B responses and 
lymphopenia, neutrophil recruitment (with over-expression of ARG1 
gene), abnormal increase of low density neutrophils (with high capacity 
to release NETs) and also enrichment in blood coagulation–related 
genes. 

The most prominently over-expressed genes in the nasal epithelium 
of severe cases were anti-inflammatory IL-1 family receptors IL-1R2 and 
IL-18R1 (mainly expressed by monocytes-macrophages). Both receptors 
are involved in the IL-1 and IL-18 cascades, which play a role in the 
initiation of the inflammation process after PAMPs recognition. Never
theless, we did not detect DE of the pro-inflammatory cytokines IL1A, 
IL1B, IL1RAP or IL18 in severe samples, just a moderate up-regulation of 
IL1R1 gene. This imbalance between agonists-antagonists/soluble re
ceptors in severe disease with respect to mild cases was previously noted 
in broncho-alveolar lavage fluids (BALF) from COVID-19 patients (Xu 
et al., 2020), and it could lead to exacerbated inflammatory responses 
(Italiani et al., 2020). In addition, pathways analysis detected an alter
ation of NAD metabolism in severe cases with respect to those with mild 
disease, probably pointing to a NAD (and ATP) depletion in host cells 
from severe patients. It is known that some intracellular pathogens can 
modulate host cell NAD, impairing several innate immune routes 
(Mesquita et al., 2016). Nasal samples from severe cases also showed 
similar expression patterns of CXC-chemokines, GZMB and antiviral 
IFITM1/IFIT2 genes compared to controls. Unlike in mild cases, in which 
main signals came from cell-mediated immunity (Th1, NK and T cyto
toxic cells responses) as well as from a robust IFN-II induction, severe 
cases showed an over-expression of genes associated to 
monocyte-macrophage recruitment; these cells could play a key role in 
the cytokine storm observed in severe patients (Merad and Martin, 
2020). For instance, CC pro-inflammatory chemokines genes CCL3 and 
CCL4 act as chemoattractant cytokines in response to tissue injury or 
inflammation. Some of them have already been highlighted as 
severity-related biomarkers of COVID-19 in airway epithelial cells (Chua 
et al., 2020), and they were found highly expressed in BALF of severe 
compared to mild cases (Xu et al., 2020). They are ligands of chemokine 
receptors CCR1 (CCL3) and CCR5 (CCL3 and CCL4) and have a role in 
monocyte recruitment. CD163, CLEC4E and MARCO are expressed in 
macrophages, and the latter two can act as pattern recognition receptors 
(PRR) for PAMPs. The protein encoded by CLEC4E can interact with 
FCER1G which, unlike FCRE1A gene, is over-expressed in severe cases 
when compared to controls. Nasal epithelium response in moderate and 
mild patients was mainly characterized by an over-expression of CXCR3 
receptor ligands chemokines CXCL9, CXCL10 and CXCL11. These 

chemokines are highly inducible by IFN gamma, and once joined to the 
receptor IFN is activated and triggers calcium release to the cytosol, 
acting as a second messenger to activate downstream signalling path
ways (also highlighted in the pathway analysis of nasal samples from 
mild patients). These chemokines were previously described as bio
markers of respiratory viral infection in nasopharyngeal samples 
(Landry and Foxman, 2018). Similarly, other antiviral genes were also 
over-expressed in mild cases: IFITM1 has antiviral activity against 
several enveloped viruses, hampering the viral membrane fusion, and 
has demonstrated a strong inhibition to SARS-CoV-2 infection by 
blocking the virus entrance into cells (Buchrieser et al., 2020); and IFIT2 
is involved in the inhibition of viral replication. 

Co-expression network analysis yielded comparable results to those 
observed in DE analysis, reporting two significant modules with oppo
site behavior in nasal epithelium of severe vs. mild cases. One of the 
modules consists of genes showing over-expression in the mild pheno
type, while the other includes genes over-expressed in severe patients. 
Hub genes from the mild-related module are mostly implicated in CXCR 
chemokine receptor binding processes, interferon gamma signalling and 
adaptative T-cell immune response. By contrast, hub genes within the 
severe-related module were linked to IL-1 response, CCR chemokine 
receptor binding, NAD metabolism and an innate response involving 
neutrophils and TLR cascades. 

Contrary to the expression profile observed in nasal epithelium 
samples, there is an absence of appreciable DE in the saliva of mild cases, 
suggesting a lack of oral immune response against viral infection. 
Nevertheless, in severe, and to a lesser extent in moderate samples, some 
up-regulated severity related hits were detected, many of them linked to 
the viral dynamics. The virus has mechanisms to hijack cellular ma
chinery to their own benefit, altering the levels of several metabolites 
and cellular processes; one of these molecules are galectins, which have 
been proposed as biomarkers to monitor viral infections as well as 
therapeutic targets or antagonists (Wang et al., 2020). One of the most 
remarkable over-expressed hits in moderate and severe saliva samples 
was LGALS3 (galectin-3), a contributor to pro-inflammatory response 
against different viral infections (Wang et al., 2020), enhancing 
macrophage survival, and positively regulating macrophage recruitment 
(Liu and Hsu, 2007), even promoting a more severe course of the 
infection (Chen et al., 2018). Elevated levels of galectin-3 were observed 
in macrophages, monocytes and dendritic cells in severe vs. mild 
COVID-19 patients (Caniglia et al., 2020); the regulatory role of 
galectin-3 in inflammatory response, fibrosis and disease progression, 
makes it a promising therapeutic target for severe cases (Garcia-Revilla 
et al., 2020). We did not observe systemic or nasal epithelium 
over-expression of this gene. Another important over-expressed gene in 
saliva was PLAU (urokinase-type plasminogen activator), which, 
together with CD59 (inhibitor of complement-mediated lysis) and CD9 
(tetraspanin), can facilitate virus-host cell interaction, host immune 
system viral evasion and, thus, dissemination and viral pathogenesis 
through buccal epithelium. Urokinase transforms plasminogen to the 
active form serine protease plasmin; this airway protease (like several 
others e.g. trypsin, cathepsins, elastase, and TMPRSS family members) 
are required for coronavirus entry enhancement (Millet and Whittaker, 
2015). After viral interaction with ACE2 receptor, furin site in S protein 
of SARS-CoV-2 is proteolytically cleaved by TMPRSS2 to enable viral 
internalization (Devaux et al., 2020). Plasmin has demonstrated to 
cleave several viral proteins of many respiratory pathogens (Dubovi 
et al., 1983; Goto et al., 2001; Berri et al., 2013) and also S protein in 
SARS-CoV in vitro (Kam et al., 2009), increasing the ability of the virus to 
enter host cells. Even though the plasmin protein S cleavage in 
SARS-CoC-2 has not been demonstrated, there is growing evidence 
pointing towards a probable role of the plasmin-plasminogen system 
and fibrinolytic pathway in the COVID-19 severity (Gralinski et al., 
2013; D’Alonzo et al., 2020; Ji et al., 2020; Kwaan and Lindholm, 2021). 
Co-expression and upregulation of PLAU, TMPRSS2, and ACE2 was 
observed in airway epithelial cells from severe/moderate patients and 
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SARS-CoV-2 infected cell lines. This, together with a plasmin-mediated 
cleavage, could make cells more susceptible to infection (Hou et al., 
2021). Interestingly, we also observed an enhanced expression of PLAU 
in nasal epithelium from severe cases when compared to mild and 
controls, highlighting the crosslink between both tissues. In the same 
vein, tetraspanins are molecules associated to specific viruses and seem 
to play a role in different stages of viral infections (Martin et al., 2005). 
Tetraspanin CD9 was involved in early MERS-CoV lung cell entry 
(Earnest et al., 2017). Recently, it has also been proposed that extra
cellular vesicles may contribute to viral dissemination by transferring 
viral receptors, such as CD9 and ACE2, to other host cells making them 
more susceptible to the infection after exosomes endocytosis (Hassan
pour et al., 2020). Our functional analysis revealed down-regulation of 
some pathways related to cell communication, adhesion and signal 
transduction in mild cases, probably as a mechanism to minimize viral 
spread. Conversely, severe cases showed up-regulation of genes involved 
in cell junction, adhesion and extracellular exosomes, all processes that 
could facilitate the viral dissemination. CD59 is a non-IFN inducible 
protein that acts as inhibitor of complement-mediated lysis by disrup
tion of the membrane attack complex. Its implication in viral comple
ment evasion of many enveloped viruses (Li and Parks, 2018), including 
coronaviruses (Wei et al., 2017), has been demonstrated. This escape 
mechanism can be mediated by incorporating CD59 to the viral enve
lope, controlling cellular CD59 expression or producing a counterpart 
protein that mimics host CD59, or even use it as cell entry receptor 
(Maloney et al., 2020). 

We have found an important co-expression module defining the se
vere phenotype in saliva samples containing all these aforementioned 
genes. In addition, most of them were also hub genes in the module, 
indicating that genes highly significantly associated with the severe 
phenotype were also key elements within this module. These hub genes 
were related to lymphocyte proliferation and activation, but also to 
apoptosis, cell-cell adhesion and cell cycle arrest. The gene that was 
found to be more connected within the module was the SRC gene, a 

member of the Src family kinases (SFKs) that demonstrated to have an 
important role in the life cycle of a many viruses and have emerged as an 
important factor in the interplay between cell functions and viral de
mands (Pagano et al., 2013). It has been shown that inhibitors of SFKs 
can significantly reduce the replication of MERS-CoV (Shin et al., 2018) 
and some candidates are being proposed as treatment for COVID-19 
because of its potential to effectively block the viral dissemination 
(Weisberg et al., 2020; Pillaiyar and Laufer, 2021). 

Overall, immune response in buccal cavity, due to its anatomical 
location and interplay between upper and lower respiratory tract (LRT), 
could play a key role in viral spread and transmission not only at inter- 
individual level (Huang et al., 2021) but also in intra-individual viral 
dissemination to LRT, leading to a more severe phenotype. 

Transversal analysis of different tissue samples from the same pa
tients showed a tissue-specific behavior depending on illness severity. 
Most of the tissue-specific severity signals observed were represented by 
genes involved in innate immune response and cytokine signaling. 
Genes that appeared differentially expressed with severities in nasal and 
blood samples are related to leukocyte chemotaxis, cytokine-cytokine 
signaling, cell adhesion and extracellular exosomes, with higher 
expression of severe cases (with respect to those with mild disease) in 
blood and, in contrast, lower expression in nasal samples; B-cell antigen 
receptor signaling genes showed an opposite pattern. Specific expression 
signatures of severity in saliva samples correspond to genes involved in 
inflammatory and NK activation routes, cell adhesion, and vesicle 
trafficking. 

Our results point to a set of genes and pathways that are tissue- 
specific and correlated to severity (Fig. 5); many of these are involved 
in the innate immune system and cytokine/chemokine signaling path
ways. Disease severity at systemic level might be strongly dependent on 
local immune response. Thus, the nasal epithelium shows a robust 
activation of the antiviral immune machinery in mild cases, character
ized by IFN pathway involvement, thus triggering the IFN induced 
genes, chemokine release and transduction signaling in the cells, leading 

Fig. 5. Schematic representation of the main findings in gene expression and pathway analysis of COVID-19 severity in nasal, oral and blood tissues. The figure was 
built with Biorender (https://biorender.com/) resources. 
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to the activation of downstream cascades related to Th1, NK and T- 
cytotoxic adaptative immune response. Instead, severe cases showed 
these local antiviral reactions switched off; they develop an exacerbated 
innate response represented by an over-expression of genes related to 
monocyte-macrophage recruitment in nasal epithelium (Fig. 5). We did 
not find signals of immune viral response in buccal mucosa in mild 
patients, which probably indicates a successful local control of the 
infection and, therefore, prevention of viral dissemination and systemic 
colonization. On the contrary, buccal mucosa in moderate and, to a 
greater extent, severe cases, provided evident signals of viral activity, 
cell arresting and viral dissemination to the LRT (Fig. 5); ultimately 
generating an exacerbated innate and impaired adaptative systemic 
immune responses. In addition, the buccal cavity might play a key role in 
body infection dissemination: a severe phenotype seems to be associated 
to limited immunological resistance to the virus in the mouth, therefore 
facilitating the dissemination of the virus towards the LRT. This could 
make saliva not only a good prognostic proxy of severity, but also a 
source of therapeutic targets to contain viral dissemination in early 
stages of the disease. 

The present study has a few limitations. The number of genes that 
could be explored is limited by the technology employed (n-Counter 
from NanoString); in counterpart, this is the only one available that 
allows the analysis of RNA expression patterns from different tissues 
(usually involving limited and/or degraded RNA). Although we used a 
sample size substantially higher than usual in transcriptomic studies, 
results from the present study should be further validated using a similar 
design and other independent cohorts and, ideally, performing func
tional studies aimed at validating the severity related pathways detec
ted. The growing number of high-throughput gene expression data 
available from COVID-19 patients could also help to validate tissue 
specific findings in a near future. 

Overall, our study highlights the key role of the nasal epithelium in 
COVID-19 severity, and include transcript biomarkers and pathways 
that signal severity at different tissue layers. The findings might illu
minate new diagnostic, prognostic, or therapeutic targets in COVID-19. 
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