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The ongoing COVID-19 pandemic caused by the coronavirus, SARS-CoV-2, has already caused in excess of 1.25
million deaths worldwide, and the number is increasing. Knowledge of the host transcriptional response against
this virus and how the pathways are activated or suppressed compared to other human coronaviruses (SARS-
CoV, MERS-CoV) that caused outbreaks previously can help in the identification of potential drugs for the
treatment of COVID-19. Hence, we used time point meta-analysis to investigate available SARS-CoV and MERS-
CoV in-vitro transcriptome datasets in order to identify the significant genes and pathways that are dysregulated
at each time point. The subsequent over-representation analysis (ORA) revealed that several pathways are
significantly dysregulated at each time point after both SARS-CoV and MERS-CoV infection. We also performed
gene set enrichment analyses of SARS-CoV and MERS-CoV with that of SARS-CoV-2 at the same time point and
cell line, the results of which revealed that common pathways are activated and suppressed in all three coro-
naviruses. Furthermore, an analysis of an in-vivo transcriptomic dataset of COVID-19 patients showed that
similar pathways are enriched to those identified in the earlier analyses. Based on these findings, a drug
repurposing analysis was performed to identify potential drug candidates for combating COVID-19.

1. Introduction

(SARS-CoV-2, also known as novel COVID-19) pandemic is a perfect
example of this challenge.

Infectious diseases have always posed a threat to humanity, and new
diseases continue to emerge. An “arms race” between the pathogens and
the hosts has resulted in sporadic outbreaks, epidemics, and sometimes
pandemics in the past, the present-day, and may also do so in the future.
Among all infectious pathogens, ribonucleic acid (RNA) viruses have the
supremacy [1]. They are infamous for their high mutation rate that leads
to the acquisition of zoonotic potential, enhanced virulence, and
evolvability [2]. Although enormous scientific and technological ad-
vances have been made in the study of these viruses, it remains a chal-
lenging task to deal with and ultimately stop the rapid evolution of
viruses that can result in pandemics. The ongoing coronavirus

To date, seven coronaviruses have been found to infect human be-
ings. Among them, HCoV-229E, HCoV-OC43, HCoV-NL63, and HCoV-
HKU are the prevalent strains of coronavirus that can lead to mild res-
piratory illness [3,4]. In 2002, there was a human coronavirus (HCoV)
outbreak in China, Severe acute respiratory syndrome (SARS), which
caused fatal respiratory illness. Named severe acute respiratory syn-
drome coronavirus (SARS-CoV) [5-8], this CoV killed around 750 peo-
ple [9]. Ten years later, in 2012, there was another coronavirus
outbreak, Middle East respiratory syndrome (MERS), this time in
countries in the Middle East. This HCoV was named Middle East respi-
ratory syndrome coronavirus (MERS-CoV) [10] and killed about 866

Abbreviations: COVID-19, Coronavirus disease-2019; SARS-CoV-2, severe acute respiratory syndrome coronavirus-2; SARS-CoV, Severe acute respiratory syn-

drome; MERS-CoV, Middle east respiratory syndrome.
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people [11]. Very recently, in December 2019, a novel HCoV outbreak
was reported in the city of Wuhan in the Hubei Province of China.
Identified as SARS-CoV-2 and widely known as coronavirus disease
2019 (COVID-19), the outbreak caused by this HCoV is very severe in
comparison with the previous HCoV outbreaks. The virus spread quickly
across almost all of the continents of the world and was declared a
pandemic in March 2020 [12,13]. As of November 8, 2020, SARS-CoV-2
has infected over 50 million people, and the death toll has surpassed
1.25 million [14]. Although the mortality rate for COVID-19 is consid-
ered to be lower in comparison with MERS (34.4%) [11] and SARS
(9.6%) [9], SARS-CoV-2 infects rapidly and has killed far more people in
a short period.

It is, therefore, crucial to gain knowledge about the host tran-
scriptome response of these three coronaviruses to better understand
their pathogenesis with the aim of finding ways to repurpose existing
drugs to combat this disease. It is known that SARS-CoV-2 uses the re-
ceptor angiotensin-converting enzyme (ACE) 2 in the same way as SARS-
CoV to gain entry into human cells, whereas MERS-CoV infects cells
through the dipeptidyl-peptidase 4 (DPP4) receptor [15]. Nevertheless,
all three viral infections have similar clinical features, including fever,
dry cough, and dyspnea. In addition, patients exhibit similar chest
radiograph abnormalities, lowered total lymphocytes, increased lactate
dehydrogenase, prolonged prothrombin rate, and cytokine storms
[16-19]. Also, early reports revealed that in SARS patients, there is a
pulmonary infection and severe lung damage associated with elevated
pro-inflammatory cytokines in serum (IL-1p, TNF-a, IL6, IL-8, IL-12,
IFN-y, IP10, MCP1, and many others) [20]. Meanwhile, other studies
showed that MERS-CoV infection elicits type-I and type-II interferon
responses and Th1 and Th17 cytokine profiles (IFN-y, TNF-a, IL-15, and
IL-17) [21]. A similar cytokine profile has also been reported in
COVID-19 patients, where there is increased IL1p, IFN-y, IP10, and
MCP1, probably culminating in activated Thl responses. These reports
suggest that infection followed by a cytokine storm might be the prob-
able reason for disease severity. Moreover, comorbid factors such as
hypertension and diabetes are also shared by all three of these infections
[22,23]. Hence, it is essential to find out whether unique or similar
pathways are activated or suppressed by SARS-CoV and MERS-CoV in
order to relate and compare these findings to those on the current
pandemic-causing coronavirus, SARS-CoV-2. As the race for vaccines
and therapeutics intensifies, it has become even more important to
identify the underlying molecular mechanisms behind SARS-CoV-2
infection in order to design potential drugs or vaccine candidates.

Transcriptome meta-analysis is a powerful tool for identifying the
underlying genes or signaling pathways as well as discovering the bio-
markers for various diseases. Due to the increasing availability of
microarrays and transcriptome high-throughput sequencing data, it is
expected that the meta-analysis of different datasets under the same
disease and control conditions will reveal novel pathways and genes
with greater accuracy. Traditional approaches for drug development
take years and involve tremendous cost and, moreover, more than 90%
of drugs fail in the early development phases due to lack of efficacy and
severe off-target effects [24-26]. On the other hand, the recently
emerged genomics-based drug discovery approach utilizes databases
such as the Broad Institute Connectivity Map database, which catalogs
numerous approved drugs and the gene expression signatures of small
molecules, in order to identify potential drugs that can be repurposed to
different disease stages by using bioinformatic and computational ap-
proaches [27,28]. At the time of writing, there is still no proper drug or
vaccine available for COVID-19, and many vaccine trails are still in
clinical trials. Thus transcriptome-guided drug repurposing based on the
SARS-CoV-2 infected transcriptome signature provides a ray of hope on
the already approved list of potential drugs that can be used for the
treatment of COVID-19.

In this study, first, we explored the host transcriptome responses
upon SARS-CoV-2 infection with those of the two previous outbreak-
related pathogenic coronaviruses, SARS-CoV, and MERS-CoV, through
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conducting a meta-analysis at different time points. The main rationale
behind this meta-analysis was to identify the significant genes and
associated pathways that are dysregulated at different time points of
infection. As mentioned above, SARS-CoV and MERS-CoV share many
common symptoms with SARS-CoV-2 infections. Hence, the tran-
scriptomic responses of these two viruses were compared with those of
SARS-CoV-2 in order to identify the common activated and suppressed
pathways across all three of these contagious HCoV infections. Next, we
cross-validated our in-vitro data observations with the results of the
pathway analysis of in-vivo sequencing data derived from SARS-CoV-2
positive patients. This comparison revealed many pathways to be dys-
regulated upon all the three HCoVs. Then, we used a pipeline named
cogena, which is based on the clustering of the coexpressed genes in the
disease state, to identify potential drugs that can be repurposed for
COVID-19 treatment. Thus, this study not only reveals potential drug
candidates for COVID-19 treatment but also shows that specific path-
ways are altered similarly by different pathogenic coronaviruses. This
study, therefore, provides valuable insights on the pathogenesis of
human coronaviruses and novel drug targets to tackle future coronavirus
outbreaks.

2. Methods
2.1. Time point transcriptome meta-analysis of SARS-CoV infection

In order to collect the transcriptome data of SARS-CoV infection, we
queried the gene expression omnibus (GEO) database with the terms
“SARS CoV,” “SARS CoV AND Homo sapiens”. We screened the datasets
in a way that the infection was performed in a human cell line at
different time points. We screened for the eligible datasets as per
preferred reporting items for systematic reviews and meta-analyses
(PRISMA) guidelines (Table S1). As of April 10, 2020, 6 datasets were
eligible for further analysis, as per PRISMA guidelines. (Table 1).

Using the GEOquery R package, the expression data of all these
datasets were downloaded[29]. All these studies had corresponding
triplicate time-matched mock and infected samples for each time point.
The sample groups which were infected other than SARS-CoV were
removed. We segregated expression data of each time point of all the
datasets, and meta-analysis was performed time point-wise using the
web tool NetworkAnalyst[30,31]. All the expression data were log2
transformed, if not performed, followed by quantile normalization. All
the probe Ids were converted into their corresponding Entrez gene IDs
for uniformity. In the case of multiple probes mapping to the same gene,
the mean of their expression values was considered.

Limma R package was used to find the differentially expressed genes
between the mock and SARS-CoV groups with a cutoff, adjusted p-value
0.05, and logFC 1.0 [32]. The integrity of the data was tested. The major
challenge in the integration of multiple microarray data is the batch
effect that arose due to the different microarray platforms, cell lines,
design of the study [33]. The normalized datasets were subjected to the

Table 1
SARS-CoV datasets used for meta-analysis.

GSE ID Platform Time points Cell line used
(hours)

GSE47960 GPL6480 12, 24, 36, 48, Human airway epithelium
60, 72 cells (HAE)

GSE47961 GPL6480 24, 48, 60, 72 Human airway epithelium

cells (HAE)

GSE47962  GPL6480 12, 24, 36, 48, Human airway epithelium
60, 72 cells (HAE)

GSE37827  GPL6480 12, 24, 36, 48, Calu-3
60, 72

GSE33267 GPL4133 12, 24, 36, 48, Calu-3
60, 72

GSE17400 GPL570 12, 24, 48 Bronchial epithelial cell line
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ComBat, an empirical Bayes method in-built in this tool, NetworkAna-
lyst [34]. It reduced the study-specific batch effects and confounding
factors due to non-biological variation. The batch adjustment was
visually examined through principal component analysis (PCA) plots.

For combining different datasets for the increased statistical power,
we combined the p-values from each dataset using - Fisher’s method
(—2*Y"Log(p)) with a significant level threshold of 0.05 [35,36]. The
procedure was repeated for all individual time points- 12hr, 24hr, 36hr,
48hr, 60hr, 72hr, common across the selected studies.

2.2. Time point transcriptome meta-analysis of MERS-CoV infection

For MERS-CoV transcriptome data, we queried the GEO database
with the terms “MERS CoV”, “MERS CoV AND Homo sapiens’. We
screened the datasets in such a way that the infection was performed in a
human cell line at different time points, and screening was performed as
per PRISMA guidelines (Table S2). 12 datasets were eligible for further
analysis (Table 2). All the expression data files of microarray were
downloaded through the GEOquery R package and were segregated into
different time points with matched mock controls [29]. Using Networ-
kAnalyst, all the datasets are log2 transformed if necessary and quantile
normalized. Batch effects were adjusted by ComBat by visualizing the
PCA plots. Limma R package was used to find the differentially
expressed genes between the mock and MERS-CoV groups with a cutoff,
adjusted p-value 0.05, and logFC 1.0 for each dataset. Since there is a
high number of datasets available, we have selected the random effect
model after performing Cochran’s Q-test with an effect size cutoff 0.05,
which basically calculates effect size across different studies based on
metaMA Package. The DEGs of each time point meta-analysis were
selected based on the p-value threshold 0.05 based on the random effect
model.

2.3. Functional enrichment analysis of DEGs

The significant differential expressed genes (DEGs) at each meta-
analysis were subjected to over-representation analysis, which in-
cludes the Kyoto Encyclopedia of Genes and Genomes (KEGG)-pathway
analysis and gene ontology enrichment analysis using the R package
clusterProfiler [37] with adjusted p-value cutoff less than 0.05. The
relation between the DEGs at each time points was visualized through
circle plots, venn diagram, upset plots by using Metascape[38], and
Intervene[39] tools. The dot plots were generated using clusterProfiler,
and the number of entries to be displayed were based on the maximum
visibility and readability of the plots. Geneset enrichment analysis
(GSEA)[40] was performed using clusterProfiler by inputting gene
names along with the logFC values. The genes were sorted according to

Table 2
MERS-CoV datasets used for meta-analysis.

GSE ID Platform Time points Cell line used
(hours)

GSE81909 GPL13497 0,12,24,36,48 Primary human airway epithelial
cell

GSE65574 GPL13497  0,7,12,24 Calu-3

GSE79172 GPL13497 0,3,7,12,24 Primary human dendritic cell

GSE79218 GPL13497 0,12,24,36,48 Primary human microvascular
endothelial cell

GSE79458 GPL13497 0,12,24,36,48 Primary human fibroblast

GSE86528 GPL13497 0,12,24,36,48 Primary human fibroblasts

GSE86529 GPL13497 0,12,24,36,48 Primary human fibroblasts

GSE86530 GPL13497 0,12,24,36,48 Primary human microvascular
endothelial cell

GSE100496 GPL13497 0,12,24,36,48 Primary human fibroblasts

GSE100504 GPL13497 0,12,24,36,48 Primary human airway epithelial
cell

GSE100509 GPL13497 0,12,24,36,48 Primary human microvascular
endothelial cell

GSE56677 GPL17077  3,7,18,24 Calu-3
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their log fold change, and the number of permutations was set as 10000
with minimum gene set size 3, maximum gene set size 800, and p-value
cutoff = 0.05 to identify the significant pathways. The activated and
suppressed pathways were calculated based on the normalized enrich-
ment score in each GSEA analysis.

2.4. Individual microarray and RNA-seq datasets differential expression
analysis

The expression data of micro-arrays GSE33267 and GSE65574 were
obtained using the R package, GEOquery [41,42]. After log trans-
formation and quantile normalization, only 24-h time point samples
were selected, and differential expression analysis was performed using
Limma R package with a significance cut-off adjusted p-value 0.05 and
logFC 1.0 to identify the differentially expressed genes (DEGs). For
RNA-seq datasets, the raw read counts of GSE147507 [43] — Calu-3 cell
line samples alone were extracted from GREP2 Rpackage [44], and they
were subjected to Trimmed mean of M-values (TMM)-normalization and
differential expression analysis was performed using R package EdgeR
[45] with a cutoff - adjusted p-value less than 0.05 and logFC greater
than 1 to identify the DEGs.

For GSE152075 [46], we downloaded the raw read counts data
provided in the GEO database, and TMM-normalized and differential
expression analysis was performed using the R package EdgeR with a
significance threshold adjusted p-value 0.05 and logFC greater 1.5 to
find the differentially expressed genes (DEGs).

2.5. Drug repurposing analysis

The normalized gene expression data of DEGs obtained after differ-
ential expression analysis were subjected to drug repurposing analysis
using cogena R package[47]. The clustering parameter used was parti-
tion around medoids (PAM), and the number of clusters was determined
so that a smaller number of genes are found in each cluster, and the same
pathways were not shared by many clusters. The drug candidates were
found by querying the downregulated cluster genes against the upre-
gulated signature of connectivity-map (c-map) database [48] and
upregulated cluster against the downregulated signature c-map
signature.

All the analyses were done using the R 3.6 environment and the tool
NetworkAnalyst. The overall schematic of our approach to identify the
potential drugs and pathways associated with contagious human coro-
naviruses were shown in Fig. 1().

3. Results

3.1. Integrated meta-analysis of transcriptome data of SARS-CoV infected
cells identifies different signaling pathways enriched at different time points

To understand the molecular basis of the pathogenesis of SARS-CoV,
first, we investigated the transcriptomic response of SARS-CoV-infected
cells through a meta-analysis of the data at different time points (Fig. 1).
From a search of the gene expression omnibus (GEO) database for the
transcriptome datasets related to SARS-CoV infection in human cell
lines, we selected six datasets for the analysis, as listed in Table 1. Using
the GEOquery R package, the gene expression data of each microarray
dataset were obtained. The matched mock and infected samples at
different time point —12 h, 24 h, 36 h, 48 h, 60 h, and 72 h post SARS-
CoV infection—were segregated, and the meta-analysis was performed
at each time point. At each time point, the gene expression data of each
dataset were log2 transformed and quantile normalized. Then, the
normalized datasets were subjected to ComBat, an empirical Bayes
method that is inbuilt in the NetworkAnalyst tool. This was done to
reduce study-specific batch effects and confounding factors due to non-
biological variation. The batch adjustment was visually examined
through the use of principal component analysis (PCA) plots for each
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Fig. 1. Schematic workflow for the comparison of different disease-causing coronaviruses transcriptional responses and drug repurposing analysis to
identify novel drugs.

Meta-analysis of SARS-CoV and MERS-CoV transcriptome data of each time point separately and significant genes were identified, and pathway enrichment analysis
was performed, and the important pathways were identified. SARS-CoV, MERS-CoV, SARS-CoV-2 transcriptome data from three different studies performed in Calu-
3 cell line at 24 h were analyzed to find significant genes, and GSEA analysis was performed to identify the common activated and suppressed pathways. In-vivo data
of COVID-19 patient transcriptome was analyzed to check similar pathways that were enriched as observed in-vitro. The significant genes and their expression were
subjected to drug repurposing analysis using a cogena workflow to identify potential drugs.

SARS-CoV-Severe Acute Respiratory Syndrome coronavirus; MERS-CoV- Middle East Respiratory Syndrome coronavirus; SARS-CoV-2 — Severe Acute Respiratory
Syndrome coronavirus; GSEA- Gene set enrichment analysis; COVID-19-Coronavirus disease-2019.
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time point meta-analysis (Fig. 2A-E).

Differential expression analysis of the individual datasets of the mock
and SARS-CoV groups was performed using the Limma R package with a
cutoff adjusted p-value of 0.05 and logFC 1.0. Meta-analysis was per-
formed at each time point by combining the p-values of multiple data-
sets using Fisher’s method (—2*) Log(p)) with a significant level
threshold of 0.05.

The meta-analysis results indicated that 423, 4860, 9281, 10457,
10419, and 10147 genes were significantly dysregulated in the mock-
infected and SARS-CoV-infected groups at 12 h, 24 h, 36 h, 48 h, 60
h, and 72 h, respectively. Among these, 276, 2175, 3634, 4249, 4281,
and 4412 genes were upregulated, and 147, 2685, 5647, 6208, 6138,
and 5735 genes were significantly downregulated at 12 h, 24 h, 36 h, 48
h, 60 h, and 72 h, respectively (Table S3). The commonalities and dif-
ferences in the genes that were upregulated and downregulated at each
time point were visualized through the use of upset plots see (Fig. 2H
and J), respectively, and through the circos plots. (Fig. S1).

The upregulated genes at each time point were subjected to an over-
representation analysis (ORA) for enriched pathways - a Kyoto Ency-
clopedia of Genes and Genomes (KEGG) (hereinafter, ORA-KEGG
pathway analysis) at a cutoff adjusted p-value of less than 0.05 and
their relations and differences were visualized through the use of a dot
plot (Fig. 2G), in which the size of the dot represents the gene ratio of the
particular pathway, and the color represents the significance level based
on the adjusted p-value. The immune-related pathways, such as the
tumor necrosis factor (TNF) signaling pathway, legionellosis pathway,
and interleukin (IL-17) signaling pathway, only became enriched at 12
h. These results suggest that there are very few transcriptomic changes
at 12 h of SARS-CoV infection, which is also evident from the PCA plot
(Fig. 2A). The pathways related to the innate immune system such as the
TNF signaling pathway, RIG-I-like receptor signaling pathway, Janus
kinase/signal transducers and activators of transcription (JAK-STAT)
signaling pathway, chemokine signaling pathway, interleukin (IL)-17
signaling pathway, influenza A pathway, nuclear factor kappa-light-
chain-enhancer of activated B cells (NFkB) signaling pathway, and
mitogen-activated protein kinase (MAPK) signaling pathway were
significantly enriched from 24 h post infection until 72 h post infection.
Besides these immune pathways, other pathways such as advanced
glycation end products (AGE)-receptor for advanced glycation end
products (RAGE) signaling in diabetic complications pathway, osteo-
clast differentiation pathway, growth hormone synthesis, secretion, and
cascade pathway, and apoptosis pathway were significantly upregulated
24 h post infection. At 36 h post infection, pathways such as the
erythroblastic oncogene B (ErbB) signaling pathway and Hippo
signaling pathway were upregulated until 72 h post infection. At later
stages after 48 h of infection, adaptive immune pathways such as the
antigen processing and presentation pathway and inflammatory
signaling pathway associated genes were upregulated until 72 h post
infection. Thus, it is evident that the innate immune pathways and
chemokine signaling pathways were upregulated readily 24 h post
infection, and at later stages, 48 h post infection, inflammation path-
ways, and adaptive immune processes and cell cycle-related signaling
pathways were significantly enriched, in addition to the antiviral innate
immune pathways.

The downregulated genes at each time point were subjected to an
ORA-KEGG pathway analysis at a cutoff adjusted p-value of less than
0.05, and their relations and differences were visualized through the dot
plot (Fig. 2I). The results of the ORA showed that none of the pathways
were significantly downregulated at 12 h. Pathways such as the lyso-
some, cell cycle, glutathione metabolism, valine, leucine, and isoleucine
metabolism pathways were significantly downregulated after 24 h until
72 h. Most of the metabolic pathways, such as carbon metabolism,
oxidative phosphorylation, propoanate metabolism, fatty acid meta-
bolism, and steroid biosynthesis pathways, were significantly down-
regulated after 36 h. In addition, pathways such as glycolysis, glyoxylate
and dicarboxylate metabolism, TCA cycle, and pentose pathways were
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also significantly downregulated after 36 h. These results suggest that
most of the metabolic pathways were downregulated upon SARS-CoV
infection and that these pathways may, therefore, play a crucial role
in the pathogenesis of SARS-CoV infection.

Gene ontology analysis for the Biological processes (GO-BP) of
upregulated genes at 12-h time point revealed the enrichment of cell
cycle-related processes such as chromosome segregation, mitotic nu-
clear division, and regulation of nuclear division, as well as the
enrichment of antiviral innate immune genes such as those involved in
type-I interferon signaling processes (Figs. S1-C). After 24 h, the innate
immune pathways were significantly enriched, as observed in the ORA-
KEGG pathway analysis. Similarly, gene ontology analysis of down-
regulated genes enriches for biological processes such as those related to
the cell cycle, metabolic process and catabolic processes, and protein
targeting to the endoplasmic reticulum (Figs. S1-D).

Thus, the meta-analysis identified previously known innate immune
pathways as well as many metabolic pathways that have not been well
studied with respect to coronavirus infections.

3.2. Integrated meta-analysis of transcriptome data of MERS-CoV
infected cells identifies different signaling pathways enriched at different
time points

Next, to gain further insights into the pathogenesis of fatal and
contagious human coronaviruses (HCoVs), we investigated the tran-
scriptomic response to MERS-CoV, which caused an outbreak in 2015
and resulted in a higher mortality rate than SARS-CoV. After searching
the GEO database for transcriptome datasets related to MERS-CoV
infection in human cell lines, we selected 12 datasets for the analysis,
as listed in Table 2. The matched mock and infected samples at different
time points—12 h, 24 h, 36 h, and 48 h post MERS-CoV infection—were
segregated, and a meta-analysis was performed at each time point
(Fig. 1). Since a larger number of datasets were available for this coro-
navirus, we applied the random effect model after performing Cochran’s
Q-test, which calculates the effect size across different studies based on
the metaMA Package, and thus revealed high-confidence differentially
expressed genes (DEGS).

The results of the meta-analysis showed that 1552, 8682, 9301, and
9318 genes were significantly dysregulated in the mock-infected and
MERS-CoV infected groups with an adjusted p-value cutoff of less than
0.05,at 12 h, 24 h, 36 h, and 48 h, respectively (Table S4). Among these,
1026, 4037, 4038, and 4116 genes were upregulated, and 526, 4645,
5263, and 5202 genes were downregulated at 12 h, 24 h, 36 h, and 48 h,
respectively. The significantly upregulated and downregulated genes
obtained from each time point were visualized through circos plots
(Fig. 3A and C) and venn diagrams (Fig. 3B and D).

Then, an ORA-KEGG analysis was performed for the upregulated and
downregulated genes at each time point with a cutoff of an adjusted p-
value of less than 0.05 and visualized through the use of the dot plot
(Fig. 3E and F). After 12 h of infection, many genes were differentially
expressed compared to SARS-CoV, where MERS-CoV upregulates innate
immune pathways such as the MAPK signaling pathway, TNF signaling
pathway, and NFkB signaling pathway at 12 h. After 24 h, most of the
innate immune antiviral pathways were upregulated, as observed for
SARS-CoV. However, notably, these pathways were activated earlier in
MERS-CoV as compared to SARS-CoV. As regards the downregulated
genes, the ORA-KEGG analysis showed that the pathways related to
Parkinson’s disease (PD), Huntington’s disease, Alzheimer’s disease,
oxidative phosphorylation, thermogenesis, and glutamate metabolism
were significantly downregulated across all time points. Moreover, it
should be noted that most of the genes related to the metabolic pathways
that were significantly downregulated in the SARS-CoV infection, such
as the carbon metabolism, oxidative phosphorylation, propoanate
metabolism, and fatty acid metabolism pathways, were enriched for the
downregulated genes in MERS-CoV too. Furthermore, pathways such as
the glyoxylate and dicarboxylate metabolism, TCA cycle, and pentose
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Fig. 2. Time point wise meta-analysis of SARS-CoV transcriptome datasets to identify differential pathways.

The common datasets for each time point were selected among screened datasets for meta-analysis. After normalization and bath adjustment using ComBat, the
separation of samples at each time point 12 h,24 h,36 h,48 h,60 h,72 h (2A-F) is achieved by PCA. Differentially expressed genes in each dataset were calculated using
the limma R package with a cutoff of logFC greater than 1, and the adjusted p-value less than 0.05. All the datasets at each time point were integrated using Fisher’s
method. The total number of significantly upregulated and downregulated genes common and unique between different time points were visualized through upset
plots (2H,2J). The Over-representation analysis (ORA) for the KEGG pathway for upregulated (2G) and downregulated genes (2I) at each time points were visualized
through dot plots. SARS-CoV-Severe Acute Respiratory Syndrome coronavirus; PCA — Principal component analysis; KEGG-Kyoto Encyclopedia of Genes

and Genomes.
<
<

pathways that were also significantly downregulated in SARS-CoV
infection were also significantly downregulated in the MERS-CoV
infection as well. It is also important to note that the glutathione
metabolism pathway was downregulated at almost all of the time points
in both the SARS-CoV and MERS-CoV infection.

The GO-BP analysis of the upregulated and downregulated genes at
each time point with a cutoff adjusted p-value of less than 0.05 revealed
that the p38 MAPK cascade was enriched among the upregulated genes
at all time points in the MERS-CoV infection. Histone modification,
acetylation, innate immune pathways, cytokine production, ribosome
biogenesis, RNA transport, and viral responses were also observed to be
upregulated after 24 h. However, the interferon pathways, which are
critical for the antiviral response, were not much upregulated in MERS-
CoV as compared to the SARS-CoV infection. Furthermore, the electron
transport chain and other cellular respiratory processes and energy-
generating processes, as well as metabolic processes, were signifi-
cantly downregulated (Fig. S2).

Overall, we found that similar pathways, including innate immune
system-related pathways, and metabolic pathways such as glutathione
metabolism were significantly dysregulated in both the SARS-CoV and
MERS-CoV infections. Also, there were differences in the time points of
activation of several pathways, and the type 1 interferon response also
varied between both coronavirus infections. These results revealed the
different as well as the commonly disturbed pathways, which may be
ideal targets for therapeutics and drug development.

3.3. Comparative gene set enrichment analysis of SARS-CoV-2, SARS-
CoV, and MERS-CoV reveals crucial pathways for coronavirus
pathogenesis

We also sought to investigate and better understand the SARS-CoV-2
transcriptomic response by identifying its similarities and differences
with the transcriptomic responses of SARS-CoV and MERS-CoV. This
approach was adopted as it was envisaged that it would help us to
identify the common and specific features of SARS-CoV-2 that have
enabled it to cause a pandemic as compared to the two previous strains
that caused comparatively less spread. To this end, we searched the GEO
database for transcriptomic profiles related to SARS-CoV-2. As of April
10, 2020, we obtained only the GSE147507 dataset, which is an RNA-
sequencing dataset. That only one dataset was identified is not surpris-
ing, considering that we are continually developing our knowledge
about this novel virus. Using the GSE147507 dataset, we decided to
perform experiments on four lung cell lines, namely, Calu-3, NHBE,
A549, and ACE2-overexpressed A549, which were infected with SARS-
CoV-2 for 24 h.

Then, differential expression analysis was performed for SARS-CoV-
2, and the results were visualized through a PCA plot (Fig. 4A). To
compare the transcriptomic changes at 24 h post infection of SARS-CoV-
2 with those of MERS-CoV and SARS-CoV, we selected the dataset results
for the Calu-3 cell line due to the availability of the transcriptome data
for all three Human coronavirus infection in the same cell line. (Fig. 4B).
Another important reason for the selection of Calu-3 cell line data for the
comparative analysis is that it is the predominant cell line that is used for
in-vitro studies of coronaviruses, and it has been shown that this cell line
is highly susceptible to infection by SARS-CoV, MERS-CoV and SARS-
CoV-2 [49-51]. This analysis focused on MERS-CoV(GSE65574), SAR-
S-CoV(GSE37827) and SARS-CoV-2 (GSE147507). For MERS-CoV

(GSE65574) and SARS-CoV (GSE37827), 24-h mock and infected sam-
ples were obtained, log2 transformed, and quantile normalized. Then,
DEGs were calculated using the Limma R package, and this enabled us to
identify the DEGs for both the virus infection (Fig. S3). For SARS-CoV-2
(GSE147507), (TMM)-normalized counts were obtained using the R
package, GREP2, and differential expression analysis was performed
using the EdgeR package. The subsequent ORA-KEGG pathway analysis
showed that similar pathways were enriched to those that were observed
to undergo enrichment in the meta-analysis, and there were no path-
ways that were enriched for the SARS-CoV downregulated genes
(Fig. $3).

We also conducted a gene set enrichment analysis (GSEA) as it is a
powerful method that can be used to identify whether a set of genes
shows statistically concordant differences between two biological states.
Hence, GSEA for the KEGG pathway for SARS-CoV (Fig. 4C), MERS-CoV
(Fig. 4D), and SARS-CoV-2 (Fig. 4E) was performed to identify the
significantly enriched pathways that were activated and suppressed in
the case of each coronavirus infection (Table S5). From a comparison of
the results, we found that 29 pathways were enriched in all three HCoVs
infections at 24 h (Table 3). Among these, 20 pathways were activated,
and nine pathways were suppressed after viral infection.

Most of the pathways that were activated upon infection by these
three HCoVs were found to be related to the innate immune system, such
as the TNF signaling pathway, toll-like receptor pathways, retinoic acid-
inducible gene-I(RIG-I)-like receptors pathway, and the nucleotide-
binding oligomerization domain (NOD)-like receptor signaling
pathway, as well as other immune pathways such as the T-cell receptor
signaling pathway. Other non-immune pathways, such as the AGE-
RAGE signaling pathway in diabetic complications, neuroactive
ligand-receptor interaction pathway, and the osteoclast differentiation
pathway, were activated upon these coronavirus infections. This finding
is in accordance with the meta-analysis results we obtained for SARS-
CoV and MERS-CoV at 24 h, and these pathways are upregulated until
the later stages of infection.

On the other hand, the pathways for glutathione metabolism, carbon
metabolism, oxidative phosphorylation, terpenoid backbone biosyn-
thesis, fatty acid elongation, DNA replication, and PD were some of the
significantly suppressed pathways. Pathways such as glutathione
metabolism, carbon metabolism, and oxidative phosphorylation were
downregulated at most of the time points in the meta-analysis also.
Hence these pathways may play an important role in disease progression
as well as virus replication. Glutathione levels are downregulated in
many viral infections, not just in HCoV infections, and a reduction in
glutathione levels has been found to be associated with increased
cytokine response or cytokine storm [52]. Another important observa-
tion is that glutathione levels are very low in patients with acute res-
piratory distress syndrome (ARDS) and sepsis [53], hypertension [54],
diabetes [52], cardiovascular diseases [55], and thrombosis [56]. All of
these diseases are comorbid factors in patients with SARS-CoV-2 infec-
tion and can ultimately lead to high susceptibility and, eventually, fa-
tality in these patients. Hence, we strongly speculate that drugs targeted
at enhancing glutathione metabolism may reduce the severity of
SARS-CoV-2 infection, particularly in patients with metabolic diseases.
This speculation is supported by prior research that reported that
inducing the level of glutathione in the later stage of the human im-
munodeficiency virus (HIV) infection inhibited replication [57].

We also found that pathways such as butanoate metabolism, p-
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Fig. 3. Time point wise meta-analysis
of MERS-CoV transcriptome datasets
to identify differential pathways.

The common datasets for each time point
were selected among the screened data-
sets for meta-analysis. After normaliza-
tion and differential expression analysis
of each datasets using limma with sig-
nificance threshold logFC greater than 1
and adjusted p-value less than 0.05, the
batch adjustment was performed. A
random effect model was chosen to inte-
grate the data after performing Cochran’s
Q-test with a significance threshold of
less than 0.05. Such meta-analysis was
performed at 12 h, 24 h, 36 h, 48 h time
points.  Significant upregulated and
downregulated genes between different
time points obtained through meta-
analysis were visualized through circos
plot (3A and 3C) and venn diagram (3B
and 3D), respectively. The Over-
representation analysis for the KEGG
pathway for wupregulated (3E) and
downregulated (3F) genes for enriched
pathways at each time points was visu-
alized through dot plots.

MERS-CoV- Middle East Respiratory
Syndrome  coronavirus; KEGG-Kyoto
Encyclopedia of Genes and Genomes.
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Fig. 4. Comparison of Gene set enrichment analysis of SARS-CoV-2, SARS-CoV, and MERS-CoV transcriptomic response to Calu-3 cell line at 24 h identifies

common activated and suppressed pathways:

Differential expression analysis of GSE147507 (SARS-CoV-2) was performed, and they were visualized through the PCA plot (4A). The transcriptome datasets of the
Calu-3 cell line infected by SARS-CoV, MERS-CoV, and SARS-CoV-2 at 24 h time point were analyzed for comparison. GSE33267 for SARS-CoV, which is a
microarray-based transcriptome dataset, GSE65574 for MERS-CoV, which is a microarray dataset, and GSE147507 for SARS-CoV-2, an RNA-seq transcriptomic data
(Calu-3) was analyzed at 24 h. The Schematic of comparative Gene set enrichment analysis of three different virus-infected profiles in the same Calu-3 cell line is
shown in (4B). Gene set enrichment analysis KEGG pathway of MERS-CoV (4C), SARS-CoV (4D), and SARS-CoV-2 (4E) were visualized through dot plots for

significantly activated and suppressed pathways in each of virus infections.

SARS-CoV-Severe Acute Respiratory Syndrome coronavirus; MERS-CoV- Middle East Respiratory Syndrome coronavirus; SARS-CoV-2 — Severe Acute Respiratory

Syndrome coronavirus; KEGG-Kyoto Encyclopedia of Genes and Genomes.

Table 3

Common pathways dysregulated in SARS-CoV, MERS-CoV and SARS-CoV-2 infection.

ID Description NES_SARS-CoV NES_MERS-CoV NES_SARS-CoV-2
hsa00480 Glutathione metabolism —2.298910091 —2.176969599 —1.540403682
hsa03030 DNA replication —1.958624185 —2.306080464 —2.33524989
hsa00190 Oxidative phosphorylation —1.756224352 —1.755329437 —2.070679952
hsa00900 Terpenoid backbone biosynthesis —1.655287551 —1.710323926 —2.110362992
hsa03430 Mismatch repair —1.629671576 —1.878065092 —1.742815129
hsa00062 Fatty acid elongation —1.621082916 —2.303986236 —1.832364297
hsa03410 Base excision repair —1.515543072 —1.934350218 —2.13217846
hsa01200 Carbon metabolism —1.471887044 —2.329863517 —2.028882929
hsa05012 Parkinson disease —1.354013742 —1.797668907 —1.874990083
hsa04080 Neuroactive ligand-receptor interaction 1.315559522 1.48141617 1.711103112
hsa05202 Transcriptional misregulation in cancer 1.850616761 1.352428496 1.861600109
hsa04010 MAPK signaling pathway 2.000048224 1.303268048 1.680859916
hsa04660 T cell receptor signaling pathway 2.012926776 1.425834322 1.875550834
hsa04061 Viral protein interaction with cytokine and cytokine receptor 2.055214707 1.92521804 2.321081622
hsa04630 JAK-STAT signaling pathway 2.086423404 1.824222172 2.331190225
hsa05235 PD-L1 expression and PD-1 checkpoint pathway in cancer 2.144907843 1.471589071 1.707746178
hsa04933 AGE-RAGE signaling pathway in diabetic complications 2.178445053 1.448078598 2.172532258
hsa05142 Chagas disease (American trypanosomiasis) 2.186347695 1.578187068 2.043611249
hsa04380 Osteoclast differentiation 2.235233404 1.434292735 2.106658166
hsa04060 Cytokine-cytokine receptor interaction 2.278204288 2.032755857 2.576990971
hsa05168 Herpes simplex virus 1 infection 2.316383304 1.39516878 2.10152662
hsa04064 NF-kappa B signaling pathway 2.32014547 1.766160539 2.262514526
hsa04657 IL-17 signaling pathway 2.362340271 1.502799399 2.267902173
hsa04622 RIG-I-like receptor signaling pathway 2.382563829 1.843020397 2.14365696
hsa04621 NOD-like receptor signaling pathway 2.386470137 1.539298358 2.30220384
hsa04625 C-type lectin receptor signaling pathway 2.400224233 1.417470732 2.177013108
hsa05162 Measles 2.485373463 1.550968138 2.015915756
hsa04620 Toll-like receptor signaling pathway 2.508984953 1.571493312 2.303162043
hsa04668 TNF signaling pathway 2.738121175 1.703456341 2.424995068

NES-Normalized enrichment score.

glutamine and p-glutamate metabolism, arginine, and proline meta-
bolism were suppressed in the case of SARS-CoV-2 alone. The meta-
analysis results showed that these pathways were downregulated at
different time points at later stages in MERS-CoV and SARS-CoV in-
fections (Table S6). These results suggest that SARS-CoV-2 infection
enriches mostly similar pathways to those enriched by SARS-CoV and
MERS-CoV, but the transcriptional response of SARS-CoV-2 seems to be
higher as compared to SARS-CoV. Hence common pathways would be
ideal targets for drug discovery for the COVID-19 pandemic and possibly
for any future coronavirus outbreaks or pandemics.

3.4. Analysis of COVID-19 patient transcriptome reveals similar
pathways enriched, and drug repurposing analysis identifies potential drug
candidates

In addition, we sought to extend our observations by analyzing the
in-vivo transcriptome data of human COVID-19 patients. We were
curious to know whether the common pathways that we observed in the
SARS-CoV and MERS-CoV meta-analyses, as well as those that were
revealed in the comparative GSEA analysis at the 24-h time point for all
three pathogenic HCoVs (SARS-CoV, MERS-CoV, SARS-CoV-2), were
similarly enriched in SARS-CoV-2- infected patients. For this purpose,
we selected GSE152075, in which high-throughput RNA-sequencing of
the nasal swab samples of 54 healthy subjects and 430 SARS-CoV-2

10

positive (POS) patients was performed [46]. After TMM- normaliza-
tion, differential gene expression analysis was performed through
EdgeR. The separation of the two different groups, healthy and POS
patients, was visualized through a PCA plot (Fig. 5A). In addition, GSEA
was performed to identify the activated and suppressed pathways
(Fig. 5B, Table S7).

The results indicated that most of the innate immune pathways such
as the toll-like receptor signaling, NOD-like receptor signaling, RIG-I-
like signaling pathway, JAK-STAT signaling, chemokine signaling, and
antiviral pathways as well as other pathways such as the neuroactive
ligand-receptor interaction and olfactory transduction pathways were
activated in the POS group, as observed in the in-vitro data analysis. In
addition, there was activation of pathways such as complement and
coagulation cascades and platelet activation in the SARS-CoV-2 positive
patients, and the activation was more significant than that observed in
the in-vitro data. Also, suppressed pathways such as PD, oxidative
phosphorylation, carbon metabolism, glutathione metabolism, and
thermogenesis were found to be suppressed in the POS group as in the in-
vitro data analysis. The most significant suppression that was identified
in the POS group occurred in the ribosome-associated pathways. Thus,
we would suggest that these pathways are crucial for HCoV pathogenesis
and associated comorbid effects.

In light of the foregoing, drugs that can reverse the above-described
pathogenic signature of SARS-CoV-2 will be more effective in the
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Fig. 5. GSEA and Coexpression Gene enrichment (Cogena) analysis of SARS-CoV-2 positive patients’ transcriptome identify potential pathways and drug
candidates.

GSE152075, high throughput transcriptome sequencing data obtained from SARS-CoV-2 positive (POS) patients’ nasal swabs were re-analyzed. The Segregation of
Healthy and SARS-CoV-2 positive (POS) group was visualized through the PCA plot (5A). The Differential expression analysis was performed using EdgeR with
significance threshold logFC>1.5 and adjusted p-value less than 0.05. GSEA analysis identified the activated and suppressed pathways in SARS-CoV-2 positive
patients and visualized through the dot plot (5B). The Normalized expression of significant genes was subjected to cogena analysis, and different clusters were
visualized through heatmap (5C). KEGG gene enrichment analysis for each cluster was visualized through the dot plot (5D). Drug repurposing analysis of the selected
cluster identified potential drug candidates, which were visualized along with their enrichment score (5E).

PCA-Principal component analysis; SARS-CoV-2 — Severe Acute Respiratory Syndrome coronavirus; KEGG-Kyoto Encyclopedia of Genes and Genomes.
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treatment of COVID-19 disease. To test this hypothesis, we used the
cogena pipeline, which identifies the coexpressed genes in a diseased
group that differs from those in a healthy group. The basic assumption
behind this tool is that coexpressed genes tend to have a similar function
at the cellular level. Therefore, we subjected the normalized expression
data of 1214 significant genes at above logFC 1.5 and at less than an
adjusted p-value of 0.05 to cogena analysis. The number of clusters was
adjusted so that the same pathways were not enriched for the same
cluster. The DEGs were separated into eight clusters (Fig. 5C) using PAM
clustering. Clusters 1, 2, 5, and 8 consisted of the downregulated DEGs in
the POS samples, and clusters 3, 4, 6, and 7 contained the upregulated
DEGs in the POS samples. A KEGG pathway analysis was performed on
each cluster (Fig. 5D).

The results showed that Cluster 1 enriched pathways such as hy-
pertrophic cardiomyopathy, cell adhesion molecules, cardiac muscle
contraction, oxidative phosphorylation, Huntington’s disease, and Alz-
heimer’s disease. Cluster 2 enriched mainly the ribosome pathway.
Cluster 3 enriched neuroactive ligand-receptor interaction. Cluster 4
enriched many innate immune pathways as well as chemokine signaling
pathways. Cluster 5 did not enrich any pathway. Cluster 6 enriched
pathways such as type 1 diabetes, graft versus host diseases, and com-
plement and coagulation cascades. Cluster 7 enriched pathways related
to chemokine signaling. Cluster 8 enriched the ribosome, oxidative
phosphorylation as well as the neurological diseases pathways and
cardiac muscle contraction.

Cluster 8 was selected for the drug repurposing analysis because it
attained a higher enrichment score as compared to the other seven
clusters (Fig. 5E). Most of the genes in this cluster are involved in the
ribosome pathway and in the mitochondrial pathways, including
oxidative phosphorylation that are crucial for the pathogenesis of
neurological diseases such as PD, Huntington’s disease, and Alzheimer’s
disease. It was recently hypothesized that ribosomal proteins exert
antiviral activity by interacting with virus proteins, especially RPL9 (a
protein in cluster 8 in our study), which binds with the rabies virus
phosphoprotein and exerts antiviral activity [58]. Many of the HCoV
proteins bind with many of the proteins in cluster 8. Hence it has been
proposed that ribosomal proteins can be targeted for vaccine candidates
[59]. Consequently, we performed a drug repurposing analysis to find
drugs that can reverse the altered effect of these proteins. The results of
this analysis showed that most of the drugs identified exert antiviral
activity. Identified drugs such as Colchicine, Deferoxamine, Diltiazem,
and verapamil are already undergoing clinical trials for use in the
treatment of COVID-19 [60-63]. Other identified drugs such as valproic
acid, metformin, troglitazone, mesalazine, pyrantel, and oxymetazoline
are promising drugs whose antiviral activity has already been reported
[64-67] and therefore show potential for use in COVID-19 treatment.
The genes that were coexpressed in cluster 8 are listed in Table S9. All of
the drugs predicted by this cluster are listed in Table 4 and depicted in
Fig. 5E.

Most of the drugs that we identified through this approach exert
antiviral activity. In addition, they are related to the treatment of co-
morbid factors such as diabetes, hypertension, and thrombosis. Many of
these drugs are currently undergoing clinical trials involving COVID-19
patients. The drugs identified for the other clusters are listed inFig. S4
Table S8.

4. Discussion

The current SARS-CoV-2 pandemic is one of the biggest challenges to
human health and poses a huge problem for scientists working in the
various disciplines of biomedical sciences such as immunology,
virology, vaccine biology, drug discovery and so on. Our study identified
the crucial genes and pathways that are activated or suppressed at
different time points upon infection with two pathogenic coronaviruses,
SARS-CoV and MERS-CoV, through a meta-analysis of publicly available
transcriptome data. We compared the transcriptome response of SARS-
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Table 4
Drug repositioning using cogena.
Drug Mode of Action Antiviral
activity
Dexverapamil R-enantiomer of calcium channel blocker No
verapamil
Deferoxamine Iron-chelator Yes
Diltiazem Hyper tension drug Yes
Gw-8510 CDK-2 inhibitor No
Colchicine Anti-gout medicine Yes
Paclitaxel Anti-cancer drug Yes
Nilutamide Prostate cancer drug No
Valproic acid Anti-epilepsy drug Yes
Metformin Anti-diabetic drug Yes
Verapamil Anti-hypertensive drug Yes
Mesalazine Inflammatory bowel disease drug Yes
Troglitazone Anti-diabetic drug Yes
Pyrantel Anti-parasitic drug Yes
Prilocaine Anaesthic drug No
Oxymetazoline  Anti-inflammatory drug Yes
Cefotiam Anti-biotic Yes
Pentetrazol Respiratory stimulant No
Oxolinic acid Antibiotic Yes
Nitrofural Antibiotic No

CoV-2 with SARS-CoV and MERS-CoV at 24 h post infection in a
similar cell line to identify the common activated and suppressed
pathways through GSEA. A comparison of the global GSEA of SARS-CoV,
MERS-CoV, and SARS-CoV-2 in the same cell line and at the same time
point revealed the common activated and suppressed signaling path-
ways that are crucial for the pathogenesis of HCoVs. Thus, more studies
on these pathways and their contribution to pathogenesis may be helpful
in understanding and controlling future coronavirus outbreaks. Finally,
we identified some potential drug candidates that may be efficacious
against SARS-CoV-2 based on co-expression and differential gene
expression analyses of COVID-19 patient samples.

Many transcriptome meta-analysis studies have performed func-
tional enrichment analysis by considering both the upregulated-
regulated and downregulated DEGs in the same list. In this meta-
analysis, the approach of conducting an enrichment analysis of the
upregulated and downregulated genes separately using a hypergeo-
metric distribution model proved to be more powerful in identifying
important pathways [68] at different time points. Our time point-wise
meta-analysis of eligible datasets revealed the genes that were dysre-
gulated at each time point post infection. The advantage of this
approach is that it can identify the involvement of several genes and
pathways at different stages of infection. In line with a previous report
[69], our meta-analysis showed that SARS-CoV induced much fewer
transcriptomic changes as compared to MERS-CoV at early time points.
Also, the ORA through KEGG pathway analysis and analysis of the gene
ontology-biological processes revealed the pathways that were enriched
at each time points for significantly upregulated and downregulated
genes. The results indicated that immune pathways such as IL-17
signaling [18,21,69], TNF-signaling [70], MAPK signaling [71,72],
RIG-I-like receptor signaling [73,74], NOD-like receptor signaling [75],
toll-like receptor signaling [76], NFxB signaling [69], cytokine-cytokine
receptor interaction, and C-type lectin receptor signaling [77] were all
enriched for upregulated genes at most of the time points. These path-
ways have already been associated with coronavirus pathogenesis in
previous studies and were therefore also expected to be activated upon
SARS-CoV-2 infection, and indeed, our meta-analysis revealed that these
pathways were significantly enriched and activated upon infection. On
the other hand, the results showed that metabolic pathways such as PD,
glutathione metabolism, TCA cycle, oxidative phosphorylation, ther-
mogenesis, valine, leucine, and isoleucine degradation were some of the
pathways that were enriched for downregulated genes in both
SARS-CoV and MERS-CoV across most of the time points in our
meta-analysis. Most of these pathways were also enriched for
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downregulated genes upon SARS-CoV-2 infection at 24 h (Fig. 4C).

We also compared the SARS-CoV-2 signature at 24 h post infection
with the signatures of SARS-CoV and MERS-CoV in the same cell line,
Calu-3, in different studies as there was no time point-wise tran-
scriptome data available for SARS-CoV-2. Gene set enrichment analysis
was performed to identify the activated and suppressed pathways in
each type of infection. The results revealed that a few pathways were
significantly dysregulated upon infection with all three of these HCoVs,
but the association of these pathways with the respective infections is
not well studied or understood. The AGE-RAGE signaling in diabetic
complications pathway was one such pathway that was upregulated and
activated upon infection by each of the three HCoVs, and thus this
pathway may play an important role in the pathogenesis of SARS-CoV-2
infection. The RAGE is an inflammatory pattern recognition receptor
that can recognize damage-associated molecular patterns (DAMPs) such
as HMGB1 and S100s [78]. The AGE, which is formed as a result of
non-enzymatic glycation of proteins at prolonged oxidative stress, binds
to RAGE and, in turn, activates the extracellular signal-regulated kin-
ase/mitogen-activated protein kinase (ERK/MAPK) signaling pathway,
leading to activation of pro-inflammatory nuclear factor (NFxB) [79].
Furthermore, AGE-RAGE signaling activation has been associated with
cardiovascular diseases such as diabetes [80] and hypertension [81,82],
as well as inflammatory diseases [83], ARDS [84], sepsis [85], and
thrombosis [86], which are all co-morbidities of SARS-CoV-2 infection.
The RAGE expression seems to be upregulated during inflammation, and
knockdown of RAGE has been shown to protect mice from
influenza-induced mortality [87]. However, studies related to this
pathway and its association with HCoV pathogenesis remain scarce.
Nevertheless, a recent work hypothesized that RAGE could act as a
biomarker for the severity of COVID-19 [88]. Another study has shown
that heightened susceptibility to gram-negative bacterial infection and
hyper-inflammation in diabetes patients is activated by RAGE signaling
[89]. Hence more studies are needed to understand the mechanism of
this pathway activation upon HCoV infection and how it leads to co-
morbid mortality.

Another important observation is that glutathione metabolism was
suppressed in all three pathogenic HCoV infections, and in the time
point meta-analysis also it was enriched for downregulated genes at
almost all time points in both SARS-CoV and MERS-CoV. Glutathione
(y-glutamylcysteinylglycine, GSH) is a ubiquitous antioxidant sulfhydryl
containing tripeptide and is produced in most mammalian cells [90-92].
Glutathione exists in the cell in oxidized (GSSG) and reduced (GSH)
states. The primary role of glutathione is to eliminate reactive oxygen
species (ROS) and scavenge free radicals. The potent source of ROS,
hydrogen peroxide, is detoxified by glutathione peroxidase by using
GSH as the substrate. This results in a reduction in the ratio of hydrogen
peroxide to water by linking two GSH molecules together via a disulfide
bridge to form oxidized glutathione (GSSG). Then, GSSG is converted
back to GSH by glutathione reductase utilizing nicotinamide adenine
dinucleotide phosphate (NADPH) as a cofactor. This glutathione redox
balance can be disturbed if there is excess production of ROS [93].
Moreover, glutathione regulates many other cellular functions such as a
cofactor for several antioxidant enzymes as well as the regeneration of
vitamins C and E, and it is also vital to mitochondrial function and
maintenance of mitochondrial DNA and so on.

Several studies have indicated that the intracellular redox balance is
altered during the establishment of a viral infection [94,95]. Hence
shifting the GSH/GSSG redox toward the oxidizing state (oxidative
stress) can activate several signaling pathways, including the MAPK,
NFxB activation, protein kinase B, protein phosphatases 1 and 2A,
apoptosis signal-regulated kinase 1, calcineurin, and c-Jun N-terminal
kinase pathways, thereby increasing apoptosis, reducing cell prolifera-
tion and increasing cytokine levels, leading to tissue damage [96,97].
Thus, oxidative stress and low GSH levels play a key role in the patho-
genesis of viral infections and diseases such as cancer [98,99], Alz-
heimer’s disease [100], PD [101], liver diseases [102,103], cystic
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fibrosis [102-104], HIV [105], influenza [106], HSV-1, [107] rhinovirus
[108], cardiovascular diseases [54], stroke, and diabetes [52]. Another
interesting finding is that GSH levels also drop in patients with ARDS
and sepsis [53].

Glutathione, the major antioxidant in fighting oxidative stress, has
been found to inhibit various viral infections including influenza [109],
dengue [110], and HIV [111]. Glutathione has also been reported to
enhance the vitamin D regulatory and glucose metabolism genes and to
increase 25-hydroxy-vitamin D levels in the blood [112]. Moreover, a
recent study that used oral glutathione derivatives to block NFkB and
subsequent cytokine storm syndrome in two patients suffering from
COVID-19 indicated that this approach could have potential as a novel
therapy to fight the pandemic[113].

Our results also indicated that the olfactory transduction pathway is
significantly activated upon MERS-CoV and SARS-CoV-2 infection, as
well as in COVID-19 patients. The involvement of this pathway in SARS-
CoV-2 pathogenesis needs to be explored further because SARS-CoV-2
patients have been found to exhibit anosmia and olfactory dysfunction
[114-116], and those with olfactory dysfunction as an early symptom
recover relatively early from COVID-19 [117,118]. Recently, a report
was published that showed that olfactory receptor neurons initiate
ultra-rapid antiviral innate immunity against rhabdovirus after binding
with its surface glycoprotein in a zebra-fish model [119]. This raises the
prospect that those who experience olfactory dysfunction during the
early stages of SARS-CoV-2 infection may have better antiviral immu-
nity, and thus, their recovery rate is high from COVID-19. People in the
older age group who have fewer olfactory receptor neurons may have a
suppressed early response, which may lead to this group experiencing
higher disease severity. However, more studies will be needed to justify
this speculation.

Our analysis also showed that a similar neuroactive ligand-receptor
interaction pathway was activated in all three pathogenic HCoVs, and
is in line with the neurological implications of SARS-CoV-2 infection
that have recently been raised [120]. We also found that the osteoclast
differentiation pathway was activated in these three HCoVs. It has
already been shown that osteoclast differentiation is induced by the
SARS-CoV 3a/XI accessory protein with the enhancement of NFkB ac-
tivity leading to excessive inflammation [121]. It has also been reported
that the programmed  death-ligand-1/programmed  death-1
(PD-L1/PD-1) checkpoint pathway in cancer is activated upon infection
by all three pathogenic HCoVs. In addition, a fall in total lymphocyte
counts in severe COVID-19 patients is common and associated with
mortality [122]. Furthermore, over-expression of exhaustion markers
such as PD-1 on the surface of T-cells has been observed in COVID-19
severe patients [123]. Blockage of PD-1 or PD-L1 restored the loss of
T-cells and regulated cytokine production. Hence the use of immune
checkpoint inhibitors has recently been proposed for COVID-19 treat-
ment [124].

We found that oxidative phosphorylation was another pathway that
was suppressed upon infection by the three HCoVs. It has recently been
proposed that upon SARS-CoV-2 infection, there is a faltering of
oxidative photophosphorylation, and the TCA cycle, leading to the
shutdown of melatonin, which may ultimately cause a cytokine storm
[125]. We also observed most of this pathway’s genes were down-
regulated in our time point meta-analysis of SARS-CoV and MERS-CoV
as well as in the transcriptome dataset derived from SARS-CoV-2 posi-
tive nasal swabs. A recent unpublished pre-print showed that Nsp12 and
Nspl3 proteins of SARS-CoV-2 bear a mitochondrial recognition signal
and the possibility of causing mitochondrial dysfunction [126]. Hence
further studies that explore the mitochondrial pathways and their as-
sociation with HCoV infections and cytokine storm is encouraged.
Mitochondrial dysfunction has been reported in COVID-19 [127,128] as
well as in SARS [129]. Moreover, it has been shown that there is a sig-
nificant upregulation of mitochondrial genes in the patients who have
recovered from SARS [130].

Our results also indicated that the PD pathway was suppressed in the
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case of all three HCoVs. It is known that PD is associated with mito-
chondrial dysfunction [131]. Besides, viral infections are considered to
be a risk factor for PD [132]. Although there are no studies that prove
the association between PD and HCoV infections, one study detected
antibodies against four coronavirus antigens, including two HCoVs, in
the cerebrospinal fluid of PD patients and a possible correlation between
HCoV infection and PD [133]. Following the proposed dual-hit theory
for PD [134], it may be that SARS-CoV-2 may also have the potential to
increase PD risk in the future, especially considering its neuro-invasive
potential [135]. It has already been shown in a comorbid factor anal-
ysis that SARS-CoV infection is correlated with PD [136]. A controver-
sial hypothesis has also been put forward that the 1918 influenza
pandemic increased the risk of PD and those who were born or who were
young during the pandemic had a higher risk of developing PD as
compared to those born before 1888 or after 1924 [137-141]. In
accordance with our analysis findings, it was recently reported that the
COVID-19 patients developed PD after infection [142] and the specu-
lation that the infected individuals may be at the increased risk of
developing PD in the future [143]. Although these findings seem
dubious, future studies should focus on the continuous monitoring of
COVID-19 recovered patients to determine the long-term deleterious
effects of SARS-CoV-2 on neurological disorders such as PD, Alzheimer’s
disease, and Huntington’s disease, the pathways of which were found in
our analysis to be dysregulated upon HCoV infections.

In an attempt to validate our in-vitro observations by comparing
them with in-vivo COVID-19 infected patient samples, we reanalyzed
the transcriptome datasets derived from the nasal swabs taken from
SARS-CoV-2 positive patients and compared them with their corre-
sponding controls. The GSEA of both datasets revealed that most of the
pathways that were activated or suppressed were similar to those
observed in our analysis using the Calu-3 cell line data.

We also employed the cogena workflow to evaluate potential drugs
based on the coexpressed genes among the DEGs. Several studies have
utilized this workflow to predict potential drug candidates from patient
transcriptome datasets [144,145]. In a recently published study [145],
after performing differential analysis, drug repurposing was performed
based on the cogena workflow in a reanalysis of transcriptome data of
the BALF-fluid obtained from 10 COVID-19 patients and 20 healthy
subjects. Although that study employed the same pipeline for drug
repurposing analysis as ours, we selected a study with a higher number
of COVID-19 positive samples (430 COVID-19 positive patients) and
healthy controls (54 COVID-19 negative healthy subjects), which allows
more reliable prediction. The potential drug candidates that were
identified in each cluster were expected to reverse the pathogenic dis-
ease state and can be further recommended for repurposing.

Among the predicted drugs identified in our drug repurposing
analysis, Verapamil and its R-enantiomer, Dexverapamil, are calcium
channel blockers that are already approved for therapeutic use in the
treatment of high blood pressure and heart diseases, which are among
the comorbid factors of COVID-19. It has already been shown that
Verapamil at higher doses can inhibit filoviruses such as Ebola virus in-
vitro [146]. Also, it has been reported that Verapamil can inhibit the
influenza virus by disrupting the calmodulin-dependent intracellular
activities necessary for viral assembly [147,148]. There is an ongoing
clinical trial to investigate its role in treating COVID-19 patients [60].
Another calcium channel blocker in the same group, Diltiazem, has also
been reported to exert anti-viral activity [148] and is also reported to be
an inhibitor of NFxB signaling that can reduce excessive cytokine pro-
duction [149] which is the most significant cause of COVID-19 associ-
ated deaths. The use of Diltiazem for COVID-19 treatment is being under
clinical trials [62].

Other drugs that were predicted by our study include deferoxamine,
which is an iron-chelator drug that has been shown to inhibit HIV
replication [150], and its effect on COVID-19 patients is being tested in
an ongoing clinical trial. Another drug with potential is colchicine,
which is used to treat gout and Bechet’s disease, and a clinical trial is
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underway to test its effect on COVID-19 patients [63]. Paclitaxel, which
is basically a chemotherapy agent, is another drug that our analysis
predicted could be useful in the fight against COVID-19. It has also been
reported to have antiviral activity against HIV [151]. However, its use
against HCoV infections is yet to be explored.

Valproic acid, an epilepsy drug, is another promising drug for the
treatment of COVID-19 infection that was predicted by the drug repur-
posing analysis. Its antiviral activity has already been reported [64], and
it can be used in the treatment of ARDS and can reduce cytokine storm
by inhibiting the activation of NFkB signaling [152,153]. Moreover, a
recent unpublished study showed that the metabolite of valproic acid
Co-enzyme A (CoA) has the potential to bind with the non-structural
protein-12 (nsp-12) of SARS-CoV-2 [154]. However, further studies
are needed to evaluate its potential in treating COVID-19 infection.

The results of our analysis also identified metformin as a potential
drug candidate. This drug is widely used to treat type 2 diabetes, which
is also one of the important comorbid factors associated with COVID-19
disease. It has recently been shown that Metformin can reduce the
complications and severity of COVID-19 in patients through its ability to
reduce the C-reactive protein (CRP) and TNF-A levels [65,155,156].
Troglitazone is another antidiabetic drug that can be used for COVID-19
treatment. Troglitazone has been shown to inhibit the hepatitis-B virus
[66] and has immunomodulatory effects on cytokine production [157].
It has also been shown to significantly reduce IL-6 levels [158].

Among the other drugs predicted by the same cluster in our analysis
was Mesalazine. This drug is mainly used in the treatment of inflam-
matory bowel diseases [159], and it has been reported to reduce mor-
tality when used in combination with neuraminidase inhibitor and
results in better recovery from H5N1 influenza in infected mice. It
would, therefore, be interesting to study its role in treating COVID-19
infection [160]. Another drug was Pyrantel, which is used to treat
parasitic worm infection. It has been reported that pyrantel can inhibit
Chikungunya virus nspl cap protein [161]. A further drug, oxy-
metazoline, which is basically a decongestant used in nasal sprays, has
been reported to resolve inflammatory effects mediated by neutrophils
[162] and has also been shown to reduce replication of the human
rhinovirus [67]. Hence, it may be a promising drug for mediating the
severity of COVID-19 disease. On the other hand, Cefotiam is a
broad-spectrum antibiotic whose antiviral role has not been much
studied. However, a recent study identified the potential of cefotiam to
target TMPRSS2, and hence it may have an important role to play in
interfering with SARS-CoV-2 binding [163]. Lastly, oxalinic acid is a
quinolone antibiotic that can inhibit bacterial DNA gyrase enzyme. It
has been shown that oxalinic acid can inhibit human polyomavirus
(BKV) [164], but its association with HCoV pathogenesis is yet to be
explored.

In sum, through our multipronged approach, we identified potential
drugs for COVID-19 treatment as well as the crucial pathways that are
dysregulated upon infection by contagious HCoVs, which cause out-
breaks. However, this study has its limitations. First, the time point
meta-analysis was constrained to an extent by the availability of the data
as well as the number of time points post infection. For SARS-CoV, a
relatively smaller number of datasets with more common time points
were analyzed as compared to MERS-CoV. Also, due to the varied
number of datasets included in each meta-analysis required the use of
different statistical methods to integrate the datasets. In addition,
different meta-analysis approaches were adopted for SARS-CoV and
MERS-CoV due to the differences in the number of samples as well as the
number of datasets used in the analysis. However, we found that most of
the meta-analysis pathway results at the 24-h time point coincided with
those for the individual datasets that were reanalyzed for comparison in
the Calu-3 cell line. Second, due to the non-availability of appropriate
transcriptome datasets related to other HCoVs that are not so pathogenic
and did not cause outbreaks, such as HCoV-OC43 and HCoV-229E, we
cannot say with certainty that the pathways we identified are unique to
pathogenic HCoVs such as SARS-CoV, MERS-CoV, and SARS-CoV-2.
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Another important limitation is that we were unable to validate the
identified drugs by in-vitro experiments due to the prevailing conditions
in the country, which made it challenging to get to the laboratory.

Nevertheless, this study has revealed many important pathways and
their associations which have not previously been studied in relation to
HCoV infections. More studies on these pathways may be beneficial for
the design of suitable drugs and the treatment of the current COVID-19
pandemic as well as future CoV outbreaks. It is hoped that the potential
drug candidates identified herein may be further validated and proposed
for clinical studies and, if promising results are forthcoming, we expect
that this pandemic will come to an end soon.

5. Conclusion

Through time point meta-analysis, this study revealed that crucial
pathways were dysregulated upon SARS-CoV and MERS-CoV infection.
Most of these pathways were also found to be dysregulated by SARS-
CoV-2, the cause of the current COVID-19 pandemic. We validated
these findings by means of an in-vivo analysis of the transcriptome
response of COVID-19 patients. Subsequently, we identified potential
pathways and the drugs to be targeting these pathways for the treatment
using co-gene expression and drug repurposing analysis.
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