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Background: The coronavirus disease 2019 (COVID-19) has been spreading
astonishingly and caused catastrophic losses worldwide. The high mortality of
severe COVID-19 patients is an serious problem that needs to be solved
urgently. However, the biomarkers and fundamental pathological
mechanisms of severe COVID-19 are poorly understood. The aims of this
study was to explore key genes related to inflammasome in severe COVID-19
and their potential molecular mechanisms using random forest and artificial
neural network modeling.

Methods: Differentially expressed genes (DEGs) in severe COVID-19 were
screened from GSE151764 and GSE183533 via comprehensive transcriptome
Meta-analysis. Protein-protein interaction (PPI) networks and functional analyses
were conducted to identify molecular mechanisms related to DEGs or DEGs
associated with inflammasome (IADEGs), respectively. Five the most important
IADEGs in severe COVID-19 were explored using random forest. Then, we put
these five IADEGs into an artificial neural network to construct a novel diagnostic
model for severe COVID-19 and verified its diagnostic efficacy in GSE205099.

Results: Using combining P value < 0.05, we obtained 192 DEGs, 40 of which are
IADEGs. The GO enrichment analysis results indicated that 192 DEGs were mainly
involved in T cell activation, MHC protein complex and immune receptor activity.
The KEGG enrichment analysis results indicated that 192 GEGs were mainly
involved in Thl7 cell differentiation, IL-17 signaling pathway, mTOR signaling
pathway and NOD-like receptor signaling pathway. In addition, the top GO terms
of 40 IADEGs were involved in T cell activation, immune response-activating
signal transduction, external side of plasma membrane and phosphatase binding.
The KEGG enrichment analysis results indicated that IADEGs were mainly
involved in FoxO signaling pathway, Toll-like receptor, JAK-STAT signaling
pathway and Apoptosis. Then, five important IADEGs (AXL, MKI67, CDKN3,
BCL2 and PTGS2) for severe COVID-19 were screened by random forest
analysis. By building an artificial neural network model, we found that the AUC
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values of 5 important IADEGs were 0.972 and 0.844 in the train group
(GSE151764 and GSE183533) and test group (GSE205099), respectively.

Conclusion: The five genes related to inflammasome, including AXL, MKI67,
CDKN3, BCL2 and PTGS2, are important for severe COVID-19 patients, and
these molecules are related to the activation of NLRP3 inflammasome.
Furthermore, AXL, MKI67, CDKN3, BCL2 and PTGS2 as a marker
combination could be used as potential markers to identify severe COVID-

19 patients.
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1 Introduction

The coronavirus disease 2019 (COVID-19), a disease caused by
SARS-CoV-2, has been spreading astonishingly and caused
catastrophic losses worldwide. Since the outbreak of the epidemic,
COVID-19 has caused more than 6.6 million deaths worldwide.
Even if the mortality of Omicron decreases, the high mortality of
severe COVID-19 patients is still a problem that needs to be solved
urgently (Fano-Sizgorich et al., 2022).

Respiratory failure is one of the main causes of death in severe
COVID-19 patients (Ohuabunwa et al., 2022). Meanwhile, studies
found that patients with severe COVID-19 had severe respiratory
symptoms during hospitalization, including lower oxygen
saturation, and diminished lung function compared to those after
non-severe COVID-19 (Bienkowski et al., 2022; Lenoir et al., 2022).
Compared to patients with non-severe coronavirus pneumonia,
lower oxygen saturation and lung function in the first year in
patients with severe COVID-19. In addition, inappropriate
hyperinflammatory response caused by excessive activation of
inflammasome is an important pathological manifestation in
severe COVID-19 patients (Tay et al., 2020; Milara et al., 2022).
Increasing evidence also indicated that inflammasomes is a
multiprotein signaling platforms that assemble in the cytosol in
response to microbial infections and cell stress and plays an
important role in the occurrence and development of severe
COVID-19 (Baena Carstens et al., 2022). Respiratory
inflammasome activation and dysregulation of the NACHT,
leucine-rich repeat, and pyrin domain-containing protein 3
(NLRP3) inflammasome in circulating neutrophils are associated
with worsening of COVID-19 (Jeong et al., 2022; Leal et al., 2022).
The activation and dysregulation of the NACHT, leucine-rich
repeat, and pyrin domain-containing protein 3 (NLRP3)
inflammasome in circulating neutrophils are associated with
worsening of COVID-19. Notably, inflammasome genetic variants
are associated with protection to clinical severity of COVID-19 (de
Sa et al., 2022). Furthermore, an elegant longitudinal study
performed in patients with COVID-19 found a correlation
between the late-stage pathology in COVID-19 and cytokines
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linked to the inflammasome pathway, including IL-1p and IL-18
(Lucas et al., 2020).

Although, the interaction between SAES-CoV-2 and
angiotensin-converting enzyme 2 (ACE2) could induce microglia
to produce a large number of NLRP3 inflammasome (Albornoz
et al.,, 2022; Potere et al., 2022). The mechanism of inflammasome
activation accelerating the occurrence and development of severe
COVID-19 is still unclear. Therefore, our study would use a joint
model with random forest and artificial neural network to identify
key genes related to inflammasome in severe COVID-19 patients.
Random forest can be applied to approximate functions and
dynamics by learning from samples, and it is a powerful deep
learning and artificial intelligence tools which is used to predict key
disease biomarkers widely. Based on the important genes of random
forest prediction, we further build neural networks to evaluate the
accuracy of these important genes in disease prediction. It is helpful
to clarify the relevant mechanism of SARS-CoV-2 damage to lung
tissue and provide new targets and new ideas for new drug research
and development.

2 Materials and methods
2.1 Data collection and data processing

Data analysis procedures of this study are shown in Figure 1.
The original expressing profile data of GSE151764 (16 deceased
COVID-19 patients, 6 patients who died from non-infectious
causes), GSE183533 (31 deceased COVID-19 patients, 10 patients
who died from non-infectious causes) and GSE205099 (12 deceased
COVID-19 patients, 4 patients who died from non-infectious
causes, each biological replicate has 4 technical replicates) were
downloaded from NCBI-GEO (http://www.ncbi.nlm.nih.gov/geo).
The related annotation information, such as the platforms, the
probes, and ID conversion, was obtained from the GEO database.
When multiple probes corresponded to one gene or microRNA
symbol, the highest expression level of multiple probes was used as
the expression level of the corresponding gene. R (v4.1.3),
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Bioconductor (v3.14), org.Hs.eg.db (v3.14.0) were used for
ID conversion.

2.2 Batch effect adjustment and statistical
meta-analysis

The pre-processed and normalized data sets were subjected to the
well-established ComBat procedures to reduce potential study-specific
batch effects (Johnson et al, 2007). Then, we used the principal
component analysis (PCA) to examine the results visually. The meta-
analysis was performed using the web-based tool—NetworkAnalyst
(Zhou et al., 2019). Stouffer’s method (based on inverse normal
transformation) incorporates weight (i.e. based on sample sizes) into
the calculation. Combining P value (P< 0.05) was used to select
differentially expressed genes (DEGs) during the datasets of
GSE151764 and GSE183533. Clustering heatmap analysis of
differentially expressed genes was done in the NetworkAnalyst.

2.3 Selection of inflammasome-associated
genes

Inflammasome-associated genes were obtained from GeneCards
database (https://www.genecards.org/) and cancer analysis of
inflammasome balance (CAIB, http://l.neuroscience.org.cn/).

2.4 Protein-protein interaction network
construction and analysis

Protein-protein interaction (PPI) information of DEGs was
acquired and established via the search tool for retrieval of
interacting genes (STRING) database (v11.5). The standard of
significant interaction was set as a combined score > 0.7. We also
established a PPI association network related to inflammasome
through STRING database.
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2.5 Gene ontology and Kyoto Encyclopedia
of genes and genomes pathway
enrichment analysis

To explore the biological significance of DEGs and
inflammasome-associated DEGs, gene ontology (GO) and Kyoto
Encyclopedia of genes and genomes (KEGG) pathway enrichment
analyses were performed via the R package “clusterProfiler” (v4.2.2)
to identify significantly enriched GO terms (threshold of g-value <
0.05) and significantly enriched KEGG pathways (threshold of q-
value < 0.05).

2.6 Screening key inflammasome-
associated DEGs with the random
forest model

We used the R package “randomForest” (v4.7-1) to construct a
random forest model to screen key inflammasome-associated
DEGs. The number of random seeds and decision trees was set as
10000 respectively in the original random forest classifier. The Gini
coefticient method was used to obtain the dimensional importance
value of all variables from the constructed random forest model.
Screening out the top 5 inflammasome-associated DEGs as
important genes in severe COVID-19 patients for subsequent
model construction and validation. The R package “pheatmap”
(v1.0.12) was used to perform clustering analysis of the screened key
genes for the heatmap in this dataset.

2.7 The construction and verification of
artificial neural network model

We used GSE151764 and GSE183533 dataset as the training set
for the construction of the artificial neural network model. The R
package “neuralnet” (v1.44.2) was used to construct an artificial
neural network model of those important genes. Then, four hidden
layers were set as the model parameter to construct a classification
model of severe COVID-19 patients through the predicted gene
weight information. Then we used GSE205099 dataset as the test set
to verify the accuracy of the model. The R packages “pROC”
(v1.18.0) and “ggplot2” (v3.3.5) were used to calculate the
verification results of AUC classification performance and draw
the ROC curve.

3 Results

3.1 Differential expression analysis
via comprehensive transcriptome
meta-analysis

Before downstream analysis, all samples in GSE151764 and
GSE183533 were assessed by two Principal Component Analysis

frontiersin.org


https://www.genecards.org/
http://l.neuroscience.org.cn/
https://doi.org/10.3389/fcimb.2023.1139998
https://www.frontiersin.org/journals/cellular-and-infection-microbiology
https://www.frontiersin.org

Qu et al.

(PCA). The results showed that samples of severe COVID-19 patients
were distinctly distinguished from normal samples (Figure 2A).

Using combining P value < 0.05, we obtained 192 differentially
expressed genes (DEGs) (Figures 2B, C). Then, the hierarchical
heatmap shows that these 192 DEGs can be clustered into two
distinctive groups, one of the group consists of 27 genes that are
upregulated in patients with severe COVID-19, and the other group
of 165 genes are down-regulated (Figure 2D and Table S1).

3.2 PPl network construction and
enrichment analyses

In order to explore the biological significance of these DEGs in
the pathogenesis of COVID-19, we first constructed a PPI network
using STRING database. Via the STRING website, we found the PPI
network of predicted genes consisted of 180 nodes and 1217 edges
(Disconnected nodes were hidden) (Figure 3A). According to the

10.3389/fcimb.2023.1139998

kmeans clustering method, the PPI network can be divided into five
clusters (Table S2). Among them, 50 genes such as FOXOI,
ADORA2A and AXL are taken as the first cluster; BCL2, CDKI,
RB1 and other 17 genes as the second cluster; CCL17, MAPKI1 and
other 33 genes as the third cluster; B7RP1, IL7R and 60 genes as the
fourth cluster; AIF1, CD226 and other 22 genes as the fifth cluster.

Then, enrichment analysis of GO and KEGG pathways were
carried out through R software package. We obtained 1393
Biological Process (BP), 65 Cellular Component (CC) and 83
Molecular Function (MF) by enriching 192 DEGs (Table S3). The
top 10 GO terms of genes with significantly different expression
levels were visualized in the GO bubble chart. The GO enrichment
analysis results indicated that these significant DEGs were mainly
involved in T cell activation, MHC protein complex and immune
receptor activity (Figures 3B, D). For KEGG pathway enrichment
analysis, we got the top 125 terms of genes by q-value<0.05 (Table
S4). The KEGG enrichment analysis results indicated that these
GEGs were mainly involved in Thl7 cell differentiation, IL-17

Datasets
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FIGURE 2

Differential expression analysis via comprehensive transcriptome meta-analysis using the GSE151764 and GSE183533 datasets. (A) Bidimensional
principal component analysis for COVID-19 and control samples; red, control group; blue, COVID-19. (B) Volcano plot showing the results of
differential expression analysis between control and COVID-19 groups. (C) Heatmaps of DEGs co-expressed between the COVID-19 and control
groups. Legend at the top right indicates log-fold change in gene expression level. Horizontal axis, each sample; vertical axis, each gene. Blue and
red colors represent low and high expression values, respectively. (D) Venn diagram of DEGs.
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signaling pathway, mTOR signaling pathway and NOD-like
receptor signaling pathway (Figures 3C, E).

In order to further explore the biological function of DEGs
related to inflammasomes (IADEGs), 40 IADEGs were screened
from 1007 inflammasome-associated genes, which were obtained
from GeneCards database and CAIB (Table S5). The PPI network of
inflammasome-associated DEGs consisted of 38 nodes and 94
edges, accompanied with average node degree 4.7 (Disconnected
nodes were hidden) (Figure 4A). Then, we obtained 1446 BP, 23 CC
and 39 MF by enriching 40 IADEGs (Table S6). The top GO terms
were involved in T cell activation, immune response-activating

signal transduction, external side of plasma membrane and
phosphatase binding (Figures 4B, C). The KEGG enrichment
analysis results indicated that these IADEGs were mainly

10.3389/fcimb.2023.1139998

involved in 122 KEGG signaling pathway, including FoxO
signaling pathway, Toll-like receptor, JAK-STAT signaling

pathway and Apoptosis (Figures 4D, E and Table S7).

3.3 Constructing the random forest
model to screen key genes related to
inflammasome in severe

COVID-19 patients

We selected 6193 trees as the parameter of the random forest
model, which represented a stable error in the model through
referring to the relationship between the model error and the
number of decision trees (Figure 5A). In the modeling process,
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we used the Gini coefficient method to measure the importance of
each variable according to decreased mean square error and model
accuracy (Figure 5B). Then, we obtained 5 IADEGs (AXL, MKI67,
CDKN3, BCL2 and PTGS2), which with a mean decrease of Gini
index was the top 5, as important variables for subsequent analysis.
Based on these 5 variables, we performed the k-means clustering of

Frontiers in Cellular and Infection Microbiology

the dataset, which suggested that these 5 TADEGs could be used to
distinguish the sample of severe COVID-19 patients from the
normal samples (Figure 5C). Among, AXL, BCL2 and PTGS2
were clustered as a group with high expression in the normal
sample and low expression in the COVID-19 sample. On the
contrary, CDKN3 and MKI67 were clustered as another group
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with low expression in the normal sample and high expression in
the COVID-19 sample (Figures 5D-H).

3.4 The construction of the artificial
neural network model and the evaluation
of ROC cure

According to the output results of the neural network model, it
is illuminated that the entire training was performed in 11439 steps.
Among the output results, the predicted weights of each hidden
neuron layer were 0.90554, -1.27058, 2.40695 and -0.98668
(Figure 6A). Next, we drew the ROC curve to evaluate the
predicted performance; the AUC value of 5 important IADEGs
was 0.972 (Figure 6B). The AUC value of the ROC curve was
verified as 0.844 by analysis of lung samples from the GSE205099
dataset (Figure 6C). Therefore, AXL, MKI67, CDKN3, BCL2 and
PTGS2 might be key markers for occurrence and development of
severe COVID-19.

Random forest

0.6

Error
04

T T T T T
0 2000 4000 6000 8000 10000

trees.
B
AXL o
MKI67 o
CDKN3 o
BCL2 o
PTGS2 o
IKZF1 o
PIK3CA o
GBP1 o
TGFB1 [}
CD247 o
CXCR6 I}
PTPN11 o
KLRB1 o
ENTPD1 [}
IFIH1 [}
TNFRSF9 o
CXCL9 o
CD226 o
CEACAM1 o
MMP9 o
PRDM1 o
CCL5 o
STAT1 o
ADORA2A o
MAPK1 o
FOXO1 o
SAMHD1 o
VEGFA o
TLR8 o
AKT1 o
T T T T T T
0 1 2 3 4 5

MeanDecreaseGini

FIGURE 5

10.3389/fcimb.2023.1139998

4 Discussion

The SARS-Cov-2 strain are continuously mutating and
increasing infection prevalence rapidly. In the meanwhile, the
number of deaths due to infection is also increasing. Although
there are several vaccines and anti-viral drugs, they cannot
effectively curb the number of deaths caused by COVID-19
(Zhang et al., 2020). Developing potential therapies requires
understanding the molecular basis for disease and the
pathological mechanism of the main lesion sites, especially the
lungs (Arunachalam et al., 2020). Moreover, severe COVID-19 can
lead to fatalities through a hyperinflammatory cytokine storm. It
also is associated with high levels of pro-inflammatory cytokines
and an influx of blood-derived myeloid populations into the lung
(Channappanavar and Perlman, 2017; Liao et al., 2020; Silvin et al.,
2020). In response to infection mediated by CD16 and ACE2
receptors, human macrophages activate inflammasomes, release
IL-1 and IL-18 and undergo pyroptosis, which leads to the
hyperinflammatory state of the lungs (Broz and Dixit, 2016; Sefik
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Screening important IADEGs using a random forest model. (A) Relationship between the number of decision trees and model error; x-axis, number
of decision trees; y-axis, error rate of the constructed model. (B) Importance of all variables in the random forest classifier determined using the Gini
coefficient method; x-axis, mean decrease of the Gini index; y-axis, variables. (C) Heatmap of k-means clustering for the GSE151764 and GSE183533
dataset. Colors in the graph from red to blue indicate the change from high to low expression levels. In the upper part of the heatmap, the blue
band indicates control samples and the red band COVID-19 samples. (D—H) Differential expression of AXL, MKI67, CDKN3, BCL2 and PTGS2 the
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Construction and verification of an artificial neural network model. (A) Visualization of the artificial neural network model. (B, C) ROC curve

evaluation of the train and test groups.

et al, 2022). Moreover, tissue-resident macrophages, but not
epithelial and endothelial cells,have activated inflammasomes in
lung autopsies of patients with COVID-19 (Junqueira et al., 2022).
Also, inflammasome activation correlated with dysfunctional T cells
and low monocytic TMEM176B expression in severe COVID-19
(Duhalde Vega et al., 2022). However, targeting the inflammasome
in severe COVID-19 may be a potential strategy, this pathway may
have a protective role, as its loss increases morality to other
respiratory viruses (Allen et al, 2009; Ichinohe et al, 2009;
Thomas et al., 2009; Yap et al., 2020). Therefore, identifying key
disease genes and pathways related to inflammasomes will provide a
foundation for the development of drug targets and biomarkers (Jin
et al., 2022).

Here, we used bioinformatics and systems biology methods to
clarify the molecular regulatory mechanism of inflammasomes in
severe COVID-19. We used two COVID-19 lung tissue datasets
(GSE151764 and GSE183533) from the GEO database as the
training set for analyzing DEGs between COVID-19 and control
samples. The KEGG enrichment analysis results indicated that these
192 GEGs were mainly involved in Th17 cell differentiation, IL-17
signaling pathway, mTOR signaling pathway and NOD-like
receptor signaling pathway. Among, Th17 cell differentiation
might be associated with NLRP3 inflammasomes (Liang et al,
2021). Also, IL-1 or IL-18 synergizes with IL-23, can promote IL-
17-production from Th17 cells and yd T cells, and this process can
be regulated by autophagy (Mills et al., 2013). Both NOD-like
receptor signaling pathway and mTOR signaling pathway are
closely related to the activation of inflammasomes (Li et al., 2018;
Xu et al., 2022). Also, the KEGG enrichment analysis results of 40
IADEGs showed similar pathways, including Th17 cell
differentiation, mTOR signaling pathway and NOD-like receptor
signaling pathway. These results demonstrate that inflammasomes
play a potential important role in severe COVID-19.

Inflammasome formation include a two-step process. Firstly, it
is usually provided by cytokines or Toll-like receptor (TLR)
agonists, and primes a cell for inflammasome activation by
upregulating inflammasome-related genes and inducing post-
translational modifications to component proteins. It is usually
provided by cytokines or Toll-like receptor (TLR) agonists and
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initiates inflammasome activation in cells by up-regulating
inflammasome-related genes and inducing post-translational
modifications of component proteins. During infection, viral
nucleic acids or surface proteins may activate TLRs to supply this
signal. Then, a cytosolic signal nucleates the inflammasome through
activation of one of many sensors, including NLRP3, and absent in
melanoma 2 (AIM) (Broz and Dixit, 2016; Zheng et al, 2021).
Afterwards, we further used the random forest model to screen key
IADEGs. Based on the random forest model, we obtained 5
IADEGs (AXL, MKI67, CDKN3, BCL2 and PTGS2) which are
the highest importance. At present, there is little literature directly
proving the effect of the above five genes on the inflammasomes of
COVID-19. However, we could analyze the effect of these five genes
on inflammasomes in severe COVID-19 by combining existing
literature. Thereinto, AXL encode a member of the Tyro3-Axl-Mer
(TAM) receptor tyrosine kinase subfamily, which not only plays a
key role in inhibition of TLR-mediated innate immune response,
but also participates in EGFR tyrosine kinase inhibitor resistance
pathway (O'Bryan et al., 1991; D'Arcangelo et al.,, 2002).
Furthermore, the activation of NLRP3 inflammasomes increased
when the expression of AXL decreased (Han et al, 2016). Our
results also show that AXL is decreased in the lung tissue of patients
with severe COVID-19, which suggests that there is an
overactivation of inflammasomes. Meanwhile, existing research
has not found that the differentially expression of AXL in healthy
controls and patients with mild COVID-19. Nevertheless, recently
studies showed the interaction between AXL and the SARS-CoV-2
S glycoprotein on the host cell paved the way for the entry of the
virus into the host cell (Naik et al., 2022; Zdzalik-Bielecka et al.,
2022). Bemcentinib and Gilteritinib, pharmacological inhibitions of
AXL, showed promising as potential COVID-19 therapy (Boytz
et al., 2022; Naik et al., 2022; Zdzalik-Bielecka et al., 2022). We
inferred that inhibition of AXL could prevent the SARS-CoV-2
from entering the host cell, but it can promote the over activation of
inflammatory factors in lung tissue to cause more serious
inflammatory reaction. Therefore, these inhibitors cannot be
popularized in clinical practice.

Interestingly, previous study also showed MKI67 could be a
novel biomarker signature for SARS-CoV-2 pathogenesis (Lawal
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et al., 2022). Also, MKI67 and BCL2 as a marker combination that
enables the tracking of nascent memory cells within the effector
phase (Crauste et al., 2017). MKI67 and BCL2 act as a marker
combination and are able to track nascent memory cells within the
effector phase. The strength and magnitude of antibody and
memory B cells induced following SARS-CoV-2 infection depend
on the severity of the disease (Akhtar et al., 2022). Moreover, NF-xB
signaling pathway is a critical anti-apoptotic or survival route
mediated by SARS-CoV-2 (Yapasert et al., 2021). Such NF-xB
signaling pathway promotes viral survival, proliferation, and
inflammation by inducing the expression of apoptosis inhibitors,
especially BCL2. Moreover, BCL2 also participates in HIF-1
signaling pathway, p53 signaling pathway, PI3K-Akt signaling
pathway, NOD-like receptor signaling pathway, JAK-STAT
signaling pathway and other signal pathways to affect cell
survival. At the same time, BCL2 in the peripheral blood of
COVID-19 patients was negatively correlated with the severity of
the disease (Lorente et al., 2021).

In addition, when the expression level of BCL2 and PTGS2
decrease, NLRP3 inflammasomes will be hyperactivated, which
leads to apoptosis (Ding et al,, 2018; Iskusnykh et al, 2021).
Meanwhile, PTGS2 also involves several signal pathways related
to inflammasomes, such as NF-kB signaling pathway, IL-17
signaling pathway and TNF signaling pathway. However, there is
little research on how CDKN3 regulates inflammasomes, compared
with AXL, MKI67, BCL2 and PTGS2. At present, scholars speculate
that it may play a role in cell cycle regulation, so further research is
needed (Gyuris et al., 1993; Hannon et al., 1994). Finally, our results
suggest that these key genes are mainly related to NLRP3
inflammasome in severe COVID-19 patients.

Although our study advances understanding of the pathological
mechanisms underlying severe COVID-19, it has several
limitations. First, we cannot analyze the DEGs of severe patients
with different basic diseases, due to the lack of clinical data. Second,
we found that there was no significant change in the genes related to
inflammasomes at the transcriptional level. It may be that key genes
promote inflammatory response mainly by influencing translation
or modification or aggregation of NLRP3 inflammasome related
proteins. Third, some of our results are contrary to the existing
understanding, so further research are needed to validate.

5 Conclusion

By integrating the results of random forest, we found that the
five genes related to inflammasome, including AXL, MKI67,
CDKN3, BCL2 and PTGS2, are important for severe COVID-19
patients, and these molecules are related to the activation of NLRP3
inflammasome. Furthermore, AXL, MKI67, CDKN3, BCL2 and
PTGS2 as a marker combination could be used as potential markers
to identify severe COVID-19 patients. Overall, our study provides
potential new insight into the pathogenesis of inflammasome in
COVID-19 and identifies crucial biomarkers as possible diagnostic
and therapeutic targets.
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