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Abstract: The pandemic of COVID-19 ravaged most countries and made the healthcare system go 
for a toss. The impact of the disease is different in each patient and it progresses differently. Based 
on the severity, the COVID-19 infection is stratified into three main categories- mild, moderate, and 
severe. In this study, we performed a transcriptomic study of different stages and studied the pro-
gression of the disease. The study was based on an Indian population of 28 COVID-19 patients, 
which were classified into different groups. Our analysis has shown that as the disease progresses, 
the genes involved in the degranulation of the neutrophils and galactose metabolism increase. Fur-
thermore, we identified the hub proteins in each stage. TB is one of the comorbidities of COVID-19 
and a comparative study was done to identify the preserved module of genes in both. Enrichment 
analysis showed that the members of this module are significantly involved in translation and ribo-
some synthesis.  

Availability: Data are available as supplementary information  
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1. Introduction 
Since its outbreak in 2019, severe acute respiratory syndrome coronavirus-2 (SARS-

CoV-2) has caused irreparable loss to mankind. Belonging to the family betacoronavirus, 
the SARS-CoV-2 infection i.e., COVID-19 was declared a pandemic by WHO on March 11, 
2020 [1]. Localized in the naso-oropharyngeal tract, the virus primarily targets the respir-
atory and vascular systems. Clinical symptoms of the symptomatic patients include fever, 
cough, nausea, shortness of breath, and diarrhea [2]. The infection can be classified as 
mild, moderate, and severe based on the symptoms. According to the National Institute 
of Health (https://www.covid19treatmentguidelines.nih.gov/), patients with mild infection 
show fever, cough, and muscle pain symptoms. As the infection progresses to the moder-
ate stage, evidence of lower respiratory disease is noted and the saturation of oxygen level 
in blood is >= 94%. In the severe stage, a drop in oxygen saturation level in blood is ob-
served below 94%, in the co-occurrence of respiratory rate > 30 breaths/min and lung fil-
trates > 50%. 

With the advent of newer technologies and NGS technologies, more light has been 
shed on the mechanism of COVID-19 infection and its severity. Whole genome sequencing 
of the viral variants revealed that the infections caused by the Omicron variants were less 
severe than that of the Delta variants [3]. It is reported in India that over 17 states and 2 
union territories the average seropositivity was 10.14% and there was high infection and 
seroprevalence of COVID-19, particularly in NE India during the second wave [4,5]. The 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 December 2022                   doi:10.20944/preprints202212.0431.v1

©  2022 by the author(s). Distributed under a Creative Commons CC BY license.

https://www.covid19treatmentguidelines.nih.gov/
https://doi.org/10.20944/preprints202212.0431.v1
http://creativecommons.org/licenses/by/4.0/


 2 of 12 
 

 

Machine Learning based approach with the association of serological data identifies the 
infection status of the vaccine recipient [6]. In a study cohort of unvaccinated children and 
adolescents, COVID-19 infection (Omicron) is less associated with severe cases, as com-
pared to that of the Delta variant [7]. Single-cell RNA sequencing of bronchoalveolar lav-
age revealed the association between immunotypes of Natural Killer cells (NK cells) and 
the severity of the disease [8]. In the NK cells, the ORF10 was found to be differentially 
expressed during the infection. In the NK cells of severe patients, ORF10 was highly over-
expressed compared to moderate infection. In addition to it, bactericidal/permeability-in-
creasing fold containing family A, member 1 (BPIFA1), a secretory protein that regulates 
interferon signaling in times of inflammation, was overexpressed in infected lung cells 
[9,10]. Host factors play an important role in determining the response of the body against 
infections. Chromosome 3 of the human contains the major genetic factors that determine 
the severity of the human. These regions of the chromosome regulate the expression of 
chemokine receptors such as CCR5 [11].  

Transcriptomic analysis has helped to study the molecular signatures in individuals 
with COVID-19 infection. Transcriptomic profiles of blood taken from infected individu-
als showed that expression of the genes involved in the activation of granulocytes demar-
cated the severe patients from the mild ones [12]. Similarly, iterative clustering and guide-
gene selection 2 (ICGS2) analysis of single-cell transcription of bronchoalveolar cells 
(BAL) identified a distinct pattern between severe and mild patients. BAL extracted from 
mild patients consisted of mainly macrophages. In contrast, BAL from severe patients was 
enriched in neutrophils and macrophages [13]. A study of a population of Dubai with 
different severity identified that the expression of angiotensin-converting enzyme-2 
(ACE2) was highest in severe patients as compared to mild and moderate patients [14]. 

In this study, we perform a transcriptomic study of an Indian population to under-
stand the progression of COVID-19 through stages of different severity. The FastQ files of 
the study are publicly available and were downloaded from NCBI. (GSE196822). A com-
parative study was performed against tuberculosis (TB), for which the data was down-
loaded from NCBI too. (GSE181143) 

2. Methods 
2.1. Transcriptomic analysis 

The reads are downloaded from NCBI in FastQ format. Fastp was used in the pipe-
line for trimming the adapters [15]. Quality control of the trimmed reads was performed 
using FastQC. The modified reads were then aligned against the reference genome Homo 
sapiens GRCh38 with the help of Hisat2 [16]. Information regarding the mapped and un-
mapped reads will be stored in BAM files. Using samtools, the aligned reads were extracted 
[17]. Quantification of the mapped reads for each gene was done using the tool feature-
Counts. The final step required the normalization and log transformation of the reads us-
ing the R package, DESeq2 [18]. To identify differentially expressed genes that were sig-
nificant in each stage, a two-fold cut-off was applied: log2foldchange > 1 and padj < 0.05. 

2.2. Gene ontologies and pathways 
The gene ontologies and the pathway were studied using the tool Enrichr [19,20,21]. 

The results which had an adjusted p-value of less than 0.1 were selected. The final results 
were arranged in descending order of their Rich factor (%). The rich factor is calculated as 
the ratio of the number of genes from the input list that were enriched in a function to the 
number of genes annotated in the pathway.  

2.3. Construction of PPI network 
For the analysis of the protein-protein interactions (PPI), the interactions were down-

loaded from the Human Interactome Project [22]. Additionally, the experimentally vali-
dated interactions from the Bioplex database were also included in the study [23,24,25]. 
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The network was constructed using the R package igraph and its degree was calculated 
[26]. The top 10 highly connected proteins (i.e., degree of the proteins) of a PPI network 
were considered hub proteins.  

2.4. Preservation of modules of co-expression network of COVID-19 in TB 
The gene co-expression network gives a cluster of genes whose expression is highly 

correlated. The significant DEGs were used as input to build a gene co-expression network 
for COVID-19 and TB using the R package WGCNA [27]. For the network, Pearson’s cor-
relations analysis of each gene pair was calculated to construct an adjacency matrix using 
the adjacency function of the WGCNA package. The adjacency matrix was, in turn, used 
to construct a scale-free co-expression network based on a soft-thresholding parameter 
βeta (β) to enrich strong correlations between gene pairs. For determining the scale-free 
nature of the network, a β was chosen such that the R2 of its corresponding β was greater 
than 0.85. The calculated adjacency matrix was used as an input for building a Topological 
Overlap Matrix (TOM) by using the function TOMsimilarity. Subsequently, the TOM was 
then used for performing hierarchical clustering using the flashClust function for module 
identification. Finally, the network modules for the test dataset (i.e., Covid-19) were iden-
tified using the, R package, dynamicTreeCut [28] with a minimum module size (i.e., num-
ber of genes in a module) being 30, and minimum sensitivity (deepSplit) = 2 for the gene 
dendrogram. The members of the modules were determined using the eigenvalue of the 
genes. Preservation analysis was performed to assess whether a module of a test network 
is preserved in the reference network or not. Modules were identified in COVID-19 and 
its preservation was studied in TB. The basic idea behind module preservation is to deter-
mine the preservation of genes within a module by comparing a test network (TB) with a 
reference network (COVID-19). The WGCNA function modulePreservation was executed 
to study the preservation analysis. Preservation of the module is conducted by calculating 
two parameters such as Zsummary and medianRank. A module with Zsummary greater 
than 8 is considered preserved between the two networks. However, this parameter is 
based on the module size. Hence, the value of medianRank is used to filter off further 
modules as it does not depend on the median size [29]. Modules with medianRank value 
lesser than 5 are considered preserved. 

3. Results 
3.1. Unique transcriptomic signatures at each stage 

Transcriptomic analysis at each stage has shown unique gene signatures at each 
stage. The number of overexpressed genes was greater than that of under-expressed genes 
in each stage. Upon normalization, it was found that the number of under-expressed 
genes increased as the condition worsened whereas the relative number of overexpressed 
genes remained the same (Table 1). 275 genes were found to be significantly expressed in 
all the stages of the disease (Figure 1) Gene expression of 12% of the common genes grad-
ually increased as the disease progressed. Enrichment analysis showed that these genes 
were significantly involved in inflammation, cytokine production, and the biosynthesis of 
an antibiotic such as neomycin and kanamycin (Figure 2). However, the genes whose ex-
pression decreased with the progression of infection were not enriched in any significant 
biological process. It was seen that the significant DEGs of Covid-19 were involved in 
biological processes such as innate immune response, gamma-aminobutyric acid signal-
ing, and biological pathways such as diabetes mellitus and coagulation (Figure 3[a], [b]). 
The significant DEGs were used to construct a PPI network and the nodes with degrees 
greater than 21 were considered hubs. The genes that were identified as hubs were 
CREB3L1, KLRC1, KIFC3, SCN3B, TRAF1, CCDC33, CMTM5, C7orf34, NRSN1 and 
CEP70.  

Table 1: The number of under-expressed and overexpressed genes in each stage of the disease. 
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Stage of Covid-19 Overexpressed genes 
(%) 

Under expressed genes 
(%) Total significant DEGs 

Mild 282 (83.62 %) 42 (12.28 %) 342 
Moderate 1803 (49.31 %) 887 (24.26 %) 3656 

Severe 1388 (46.39 %) 841 (28.1 %) 2992 

 
Figure 1: Venn diagram showing the union and intersection of significant DEGs from each 

stage. 

 

Figure 2: Ontology of the genes whose expression increases with the gradual progress of the disease. 
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3.2. Healthy vs Mild 
The expression profile of the significant DEGs showed that the most significantly 

overexpressed gene was HIST1H1E. HIST1H1E is a gene whose expression is strongly 
associated with the risk of lung cancer [30]. Similarly, the most under-expressed gene was 
DZIP1, a component of the Hedgehog signaling pathway and is involved in mRNA regu-
lation [31]. During the mild stage, the under-expressed genes were not found to be signif-
icantly enriched in any biological functions (Supplementary 1). On the other hand, the 
overexpressed genes were found to be involved in the metabolism of pantothenate and 
negatively regulated the production of interleukins such as IL-6 and IL-12 (Figure 4). The 
novel SARS-CoV-2 infection brings about hyperinflammation and is known to be caused 
by the markers such as IL-6 and IL-12 [32]. Pantothenate is a vitamin known to decrease 
inflammation and its excess metabolism may hinder the inflammation process [33]. En-
richment analysis has shown that the overexpressed genes are involved in pathways such 
as the degranulation of neutrophil and neutrophil immunity. Degree analysis of the PPI 
network showed that TLR2, ITGAM, MPO, FCGR3B, CD163, HIST1H1E, IL1R1, PYGL, 
HSPA1A, and HK3 acted as hub proteins in the network. These hubs play an important 
role in the inflammation process. TLR1, CD163, and FCGR3B are involved in the inflam-
matory process during Covid-19 [34,35] whereas HSPA1A and PYGL work as a counter-
measure against the inflammation [36]. IL1R1 is a cytokine gene and along with ITGAM, 
is known to be strongly correlated with the severity of the infection [37,38]. The significant 
DEGs of the mild stage were insufficient enough to construct a significant PPI network 
and hence the hub genes were not calculated.  

 

Figure 3[a]: Enrichment analysis of the significant genes of Covid-19.  

3.3. Healthy vs Moderate 
As observed in the previous stage, the overexpressed genes were most significantly 

involved in the degranulation of leukocytes. Along with it, the biological functions such 
as the generation of superoxide and p38 MAPK signaling were also enriched (Figure 5) 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 December 2022                   doi:10.20944/preprints202212.0431.v1

https://doi.org/10.20944/preprints202212.0431.v1


 6 of 12 
 

 

(Supplementary 2). Entry of virus particles through its receptor causes the accumulation 
of O₂⁻ in cells by bringing about the dysfunction of mitochondria [39]. MAPK signaling is 
responsible for the production of pro-inflammatory cytokines and is activated during the 
infection [40]. Similarly, these genes were enriched in biological pathways such as VEGF-
signaling and renal cell carcinoma. VEGF (vascular endothelial growth factor) causes leak-
iness of the vascular tissues at the time of the infection and induces hypoxia. Additionally, 
VEGF causes inflammation of the lung cells. Inhibition of VEGF signaling has been found 
to drastically increase the oxygen support of the patients [41]. In the moderate stage, the 
genes involved in the targeting of the proteins to the ER membrane and the assembly of 
the ribosomal subunits were under-expressed. This shows that the formation and target-
ing of proteins are significantly disturbed at this stage. Non-structural proteins have been 
identified to interact with ribosomes at different states and interfere in the translation of 
the mRNAs [42]. Network analysis revealed that the hub genes in this stage i.e., RPS3A, 
RPL13, RPL3, RPS6, RPLP0, RPL35, RPL4, RPS8, RPL23A, and RPL19 were involved in 
the assembly of ribosomes and their proteins. All the hub genes in this stage were under-
expressed.  

 
Figure 3[b]: Scatterplot showing the enrichment of overexpressed genes (mild stage) in various 
biological processes and pathways. 
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Figure 4: Scatterplot showing the enrichment of DEGs (moderate stage) in significant biological processes and pathways.  

3.4. Healthy vs Severe 
In the final stage of severity, the most significant biological processes were the 

degranulation of neutrophils, degranulation of platelets, and IL-1 β-production (Figure 6) 
(Supplementary 3). Blocking of IL-1 can significantly increase respiratory conditions in 
severe patients [43].  In terms of biological pathways, the most significant was PPAR sig-
naling. Upon binding of the ligands to PPAR (Peroxisome proliferator-activated re-
sponse), the ACE2 gets upregulated in the lung tissues of the infected patients [44]. The 
immunity in this stage is markedly compromised. Activation and proliferation of T and B 
cells are significantly under-expressed. The genes which are involved in the occurrence of 
type 1 diabetes mellitus (T1DM) have also been significantly under-expressed. T1DM is a 
common co-occurrence in Covid-19. The hub genes controlling the transcription machin-
ery in this stage were RPS27A, CCNA2, RPL13A, RPL19, CCNB1, RPL3, MAPK3, RPS6, 
JUN, and RPL37A.  Other than a synthesis of proteins, the hub genes are involved in the 
cell cycle, MAPK-signaling, and regulation of gene expression. 
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Figure 5: Scatterplot showing the enrichment of DEGs (severe stage) in significant biological processes and pathways.  

3.5. Comparison with comorbidities such as TB 
Differential gene expression analysis has shown that a large number of genes were 

shared between TB and Covid-19 (Figure 6[a]). Hence, the WGCNA (Weighted Gene Co-
expression Network Analysis) was performed by considering the coexpression network 
of Covid-19 as a test and TB as the control network. For the construction of a scale-free 
network, the β was chosen to be 10. (Supplementary 4) Module preservation analysis 
showed that some of the modules of the Covid-19 network were conserved in TB (Figure 
6[b]). The magenta, purple and brown modules were found to be preserved in the co-
expression network of TB (Supplementary 5). Members of the magenta module are in-
volved in the translation and regulation of protein targeting whereas the members of the 
purple module were found to be significantly enriched in T-cell proliferation and differ-
entiation. Similarly, the process was repeated by considering TB as a test and Covid-19 as 
a control (Supplementary 6). 
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Figure 6[a]: Venn diagram showing the common differentially expressed genes between Covid-
19 and TB. 

 

Figure 6[b]: Module preservation of Covid-19 modules in TB. Preservation analysis of the module is studied using the value Median 
Rank and Zsummary. A module of Zsummary value (z) with 2<z<10 is considered to be preserved in the test (TB) and the control 

(Covid-19) network. Zsummary value depends on the sample size and hence, median rank is a better metric to study the 
preservation of modules. Modules with medianRank closer to 0 are considered preserved. We identified three modules of Covid-19 

which are preserved in TB i.e., magenta, purple, and brown. 

4. Discussion 
COVID-19 has wreaked havoc throughout the world and brought a toll on human 

lives. With wide-ranging symptoms, the disease condition worsens as the disease pro-
gresses. The stages of Covid-19 are classified based on the saturation level of oxygen in 
the blood. Next-generation sequencing has opened new avenues in the research of 
COVID-19 infection and can be used to study the progression of the disease with time. 
However, such a study has not been performed on an Indian population. Hence, the main 
objective of this study was to identify important genes and pathways unique to different 
stages of COVID-19 infection. 

In this study, we have used an integrated system biology approach to identify the 
hub genes regulating the progression of this disease. We implemented the workflow on a 
publicly available transcriptomic dataset. It consists of 10 healthy samples, 9 mild sam-
ples, 10 moderate samples, and 9 severe samples. The significant genes were selected to 
study the biological pathways and processes that were enriched in each stage. Hub genes 
regulating the progression in each stage were identified and their involvement in COVID-
19 infection was studied.  
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Inflammation is a mechanism of the body to combat intruding pathogens. Unfortu-
nately, uncontrolled inflammation can lead to multiple organ failures and eventually 
death [45]. Degranulation of mast cells and neutrophils is a common observation during 
COVID-19 infection. These cells release cytokines from their granules and in extreme con-
dition causes the cytokine storm [46]. Other than inflammatory processes, the genes are 
significantly involved in the metabolism of starch and sucrose in all the stages. The level 
of sucrose in the body is strongly correlated with the expression of ACE2 in the lungs and 
increases the vulnerability to the virus [47]. During the infection, the DEGs have been 
found to be significantly enriched in IF-1, TNF, and NF-κβ signaling. With the progres-
sion, the number of significant genes involved in IF-1 signaling increases and in turn stim-
ulates hyperinflammation [48]. A similar trend was observed in the case of TNF signaling. 
The hub genes responsible for the progression of each stage were involved in different 
biological processes. PYGL, HSPA1A and HK3. In the mild stage, the hub genes were in-
volved in inflammation, capturing pathogens, removal of antigen-antibody complex, and 
metabolism of glycogen.  As the disease progresses to moderate, the hub genes are in-
volved in the assembly of ribosomes and protein synthesis.  

5. Conclusion 
In summary, we performed transcriptomic analysis for different stages of COVID-19 

infection and studied the enrichment of the significant genes. In the mild stage, the signif-
icant DEGs were enriched in the Hedgehog signaling and negatively regulated the pro-
duction of interleukins such as IL-6 and IL-12. Subsequently, the significant DEGs are en-
riched in the generation of superoxide and production of IL-1 β production during the 
moderate and severe stages respectively. PPI networks were constructed for each stage 
and the hub proteins were identified.  
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