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cathepsin/proteasome genes were down-regulated and reactive 
oxygen-related genes were up-regulated. It was inferred that 
SARS-Cov infection could regulate immunity in 
monocytes/macrophages [5]. Wang et al found that SARS-
CoV PLpro stimulated TGF-β1-dependent expression of Type 
I collagen via activating STAT6 pathway [6]. Shao et al found 
that PBMC could be used to identify gene expression profiles 
of patients in recovery and track the response of SARS-Cov to 
host infections. They also found that genes encoding 
mitochondria were significantly up-regulated in patients with 
SARS-Cov during recovery, and it was closely related to the 
antiviral immune response [7]. It can be seen that the 
researches of coronavirus are mainly focused on the 
interference of SARS-Cov on the immune system, and the 
analysis of time series gene expression profile after 
coronavirus infection has not been studied thoroughly. 

With the popularization of sequencing technology and the 
rapid development of RNA-sequencing, gene co-expression 
network analysis has become a research hotspot. Among them, 
WGCNA algorithm is one of the most popular algorithms in 
the field of gene co-expression network analysis [8-11]. The 
process of biological activity was a dynamically changed 
process, and static functional modules analysis cannot satisfy 
the request of dynamic processes searching. Therefore, the 
analysis of time-series gene expression datasets has always 
been a concern of researchers. Wu et al performed Gene 
Ontology (GO) enrichment analysis to analyze differentially 
expression genes (DEGs) of time series dataset (GSE37069). 
And it was found that immune-related processes were 
significantly enriched at all time points, and samples at later 
time points were closely related to cell activation regulation 
processes [12]. Park et al performed an integrated network 
recognition algorithm to analyze GEO datasets (GSE41714, 
GSE9593, GSE15299), and found that the cell cycle-specific 
public network played an important role in regulating aging 
[13]. 
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Abstract—Recently, the epidemic of COVID-19 infection 
broke out in Wuhan, China. To explore the pathological 
mechanism of pneumonia infected by coronavirus, we built a 
bioinformatics pipeline based on time-series gene co-expression 
network analysis to analyze the gene expression profile of lung 
cells in mice infected by SARS-Cov (GSE19137). In this study, 
Pearson correlation analysis was performed to construct a gene 
co-expression network. Time-ordered gene network modules 
were digged out by BFS algorithm . PageRank algorithm was 
used to explore HUB genes related to pneumonia infected by 
coronavirus. Based on the information we got, we think that cell 
lines infected by coronavirus might go through 5 stages, and 10 
HUB genes(AKT1, CD68, CTSS, FCGR3A, HSPA8, PTPRC, 
UBC, VCP, PRPF31, ITPKB) might play a key role in 
coronavirus infection. This might provide some hints for 
coronavirus related research. 

Keywords—coronavirus, time-series gene co-expression 
network, PageRank algorithm, BFS algorithm 

I. INTRODUCTION 

Recently, the epidemic of COVID-19 infection broke out in 
Wuhan, China [1]. As of February 23, 2020, 77269 confirmed, 
3434 deaths and 24922 cured cases have been reported in 
China. So far, there hasn’t been any effective drugs or vaccines 
reported [2]. Studies have shown that COVID-19 and severe 
acute respiratory syndrome coronavirus virus (SARS-Cov) 
have 79.5% similarity at sequence level, and both have ACE2 
as the same cell entry receptor [3-4]. In this study, we took 
SARS-Cov as research object, explored the mechanism of 
coronavirus infection from the perspective of transcriptomics, 
and expected to provide some theoretical support for the 
treatment of coronavirus. 

At present, SARS-Cov has become a hot-spot on the 
research of respiratory diseases. Hu et al found that 24 hours 
after SARS-Cov infection, IFN-α/β-inducible and
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To explore the pathological mechanism of pneumonia 
infected by coronavirus, we used the gene co-expression 
network as background, combining with the network analysis 
algorithm and time series analysis algorithm to mine mice lung 
tissue transcriptome datasets at 1, 2, 3, 5, 14, and 28 days after 
SARS-Cov infection (GSE19137). Firstly, gene expression 
profiles were downloaded from the GEO database 
(https://www.ncbi.nlm.nih.gov/geo/), and DEGs were 
identified using  DESeq2 algorithm [14]. Then, Pearson 
correlation analysis was used to construct gene co-expression 
network (GCN), and Breadth First Search (BFS) algorithm [15] 
was performed to mine time series modules. Furthermore, we 
performed GO enrichment analysis to explore the biological 
significance of each module. Later, we  queried Search Tool 
for the Retrieval of Interacting Genes (STRING) database 
(https://string-db.org/) [16] to construct the protein-protein 
interaction network (PPI network) of module 4 which was 
found closely related to the regulation of the immune system 
and module 7 which was closely associated with material 
metabolism. Then HUB genes in the networks were identified 
by using PageRank algorithm [17]. Finally, we explored the 
functions of HUB genes in DisGeNet database 
(http://www.disgenet.org/)[18]. 

II. MATERIALS AND METHOD 
To study the pathological mechanism of pneumonia 

infected by coronavirus, we took SARS-Cov as the research 
object and built a bioinformatics pipeline based on time-series 
gene co-expression network analysis to analyze the gene 
expression profile of lung cells in mice infected by SARS-CoV.  

A. Data Sources 
The original dataset of this study were derived from GEO 

database (GSE19137) which included samples of non-SARS-
Cov infected mice (GSM474505-GSM474507) and samples of 
mice infected by SARS-Cov after 1, 2, 3, 5, 14, 28 days 
(GSM474508-GSM474525), , there were 3 replicates at each 
time points. There are 3 samples in the control group and 18 
samples in the infection group. The expression values of 
45,101 genes were included.  

B. Analysis of Differentially Expressed Genes 
DESeq2 algorithm[14] was used to identify the DEGs. The 

cut-off value was set at Fold change > 2.5 or < 0.4 and P value 
< 0.05. 6 groups of SARS-Cov infected samples were 
compared to the control group respectively to identify DEGs, 
and all DEGs were merged together to obtain the DEG dataset 
for further analysis. 

C. Construction of Gene Co-expression Network 
Chang et al claimed that when the expression levels of two 

genes in different samples were analyzed by Pearson 
correlation analysis, if the absolute value of the correlation 
coefficient was greater than a certain threshold and was in line 
with statistical significance, two genes could be considered to 
have a co-expression relationship [19]. 

The expression levels of DEGs in 18 SARS-Cov infected 
samples of mice were analyzed by Pearson correlation analysis, 
and Pearson correlation coefficient (PCC) and its P value 
between pairs of genes were obtained. The cut-off value was 

set at |PCC| >= 0.85 and P value < 0.05 to screen the 
interactions between gene pair. Two genes that met this 
qualification were considered to be co-expressed, and a gene 
GCN was constructed based on these interactions. 

D. Mining of Time-Ordered Gene Modules 
Since connected genes in a GCN share similar patterns of 

up-regulation or down-regulation in the time course, we 
decided to infer the expression time order for all genes in the 
GCN by BFS algorithm. Firstly, the initial node of BFS should 
be determined. The gene located in the first time-ordered gene 
module should be selected as the initial node, which was the 
gene with peak expression in Day01 (the first day after 
infection) and monotonously decreased until Day28. Further, 
the expression time-ordered levels of all genes in the GCN 
could be inferred by traversing the GCN using BFS algorithm. 
Finally, the time-ordered levels were merged according to 
results of GO enrichment analysis to obtain the time-ordered 
modules. 

E. Construction of PPI Network 
All the genes in a time-ordered gene module were put into 

STRING database to construct a PPI network. Where"multiple 
proteins by names/identifiers" were selected for query mode; 
and the minimum required interaction score was set to 
"medium confidence (0.400)". 

F. Identification of HUB Genes 
PageRank algorithm is an algorithm proposed by Google 

founders Larry Page and Sergey Brin to calculate the 
importance of nodes in a complex network [17]. In this study, 
PageRank algorithm was used to score the importance of nodes 
(genes) in PPI network (the scoring criteria were based on 
topology principles), and 5 genes with the highest scores in a 
module were defined as HUB genes. Furthermore, the 
homologs of these hub genes in human genome were collected. 

G. Use of DisGeNet Database 
DisGeNet Database contains the information between 

diseases and genes. In this study, DisGeNet database was used 
to query diseases related to HUB genes to explore the functions 
of HUB genes. 

III. RESULT 

A. Identification of DEGs Using DESeq2 Algorithm 

 
Fig. 1.  The DEGs in each group. (a) ~ (f) are the DEG identification results 
of Day1, 2, 3, 5, 14, 28. 
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We performed DESeq2 algorithm to identify the DEGs in 
each group (Fig. 1 & Supplementary Material, Table S1), and 
got 3,978 DEGs which met appropriate thresholds (Fold 
change > 2.5 or Fold change < 0.4 and P value < 0.05) after 
merging all DEGs in 6 groups (Supplementary Material, Table 
S2). 

B. Construction of GCN Using Pearson Correlation 
Analysis 
We performed Pearson correlation analysis to the 

expression values of DEGs (3,978) in 18 SARS-Cov infected 
samples, and there were 15,824,484 interactions among these 
DEGs. Then, interactions failed to meet the chosen threshold 
(|PCC| < 0.85 and P value >= 0.05) were removed, and 3,871 
genes and 1,291,080 interactions were kept. 

 
Fig. 2.  GCN and some small nets. 

The 1,291,080 interactions were visualized using 
Cytoscape software (Fig. 2). A large network and several small 
networks were built. The large network contained 3,818 genes, 
while smaller networks only included less than 20 genes. We 
removed all of small ones and only kept the large one (GCN) 
for further research (Supplementary Material, Table S3). 

C. Mining of Time-Ordered Gene Modules 
In this study, gene AV354139 (which had a peak 

expression in Day01 and monotonously decreased until Day28) 
was selected as the initial node, and the GCN was traversed by 
BFS algorithm to infer the expression time order for all genes 
in the GCN. 

 
Fig. 3.  The heatmap of average normalized gene expression values (z scores) 
at each time point of DEGs at each level of the GCN. For each DEG, the gene 
expression values over time points are normalized to z scores first. For each 
level, the z scores of all DEGs are averaged in the heatmaps. 

The BFS algorithm assigned 3818 genes into 11 time-
ordered levels (Supplementary Material, Table S4). 
Furthermore, we made a heatmap of the average normalized 
gene expression values (z scores) (Fig. 3). As can be seen from 
Fig. 3, red squares (highly expressed) are roughly distributed 
around the main diagonal. Further, GO enrichment analysis 
was used to explore the biological significance of each time-
ordered level, and the adjacent levels with similar functions 
were merged to obtain a total of 8 time-ordered gene modules 
(Fig. 4 & Supplementary Material, Table S5). 

The biological process (BP) results of 8 time-ordered 
modules are shown in Supplementary Material, Table S6. It 
could be seen that module 1 was closely related to the cell's 
stress protection; module 2 was closely related to the regulation 
of the γ-interferon response and the defense response to virus; 
module 3 was closely related to the regulation of β-interferon 
response and negative regulation of viral processes; module 4 
was closely related to the activation of T cells and neutrophils; 
module 5 was closely related to the metabolism of reactive 
oxygen species and the regulation of muscle tissue 
development and cell growth; module 6 was closely related to 
the regulation of cell matrix adhesion and cell chemotaxis; 
module 7 was closely related to the cell's hypoxic response and 
cell migration; module 8 was closely related to the apoptotic 
process of motor neurons. 

 

 
Fig. 4.  Time-ordered gene modules. The GCN structure with DEGs as nodes. The number in a circle indicates the DEG number at that module. 
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Fig. 5.  The PPI networks of key modules. (a) ~ (b) are PPI networks for module 4 and module 7. 

From above analysis results, it could be found that the 8 
time-ordered modules could be roughly divided into 5 stages: 1. 
stage I (module 1): the main biological processes were related 
to the body's own stress protection response; 2. stage II 
(module 2, module 3): the main biological processes were 
related to the regulation of the interferon response and the 
defense response to the virus; 3. stage III (module 4): the main 
biological processes were related to response to immune cell-
mediated immune regulation; 4. stage IV (module 5, module 6, 
module 7): the main biological processes were related to 
metabolism of reactive oxygen species, tissue development and 
cell differentiation; stage V (module 8): the main biological 
processes were related to motor neuron apoptotic process.  

D. Construction of PPI Networks in Key Modules 
According to current literature reports, the PLpro in SARS-

Cov had the additional function of stripping ubiquitin and 
ISG15 from host cell proteins to help coronaviruses evade the 
innate immune response of host [20]. SARS-Cov 3a protein 
activated NLRP3 inflammasomes in macrophages induced by 
lipopolysaccharide, and K+ efflux and mitochondrial reactive 
oxygen species play important roles in activation of SARS-Cov 
3a-induced NLRP3 inflammasome [21]. Thus, combining the 
results of GO enrichment analysis, we defined modules 4 
(stage III) and 7 (stage IV) as the key modules of pneumonia 
infected by coronavirus. Furthermore, genes of module 4 and 7 
were put into the STRING database respectively to construct 
the PPI network (Fig. 6). 

E. Identification of HUB Genes in Key Modules and 
Exploration of Their Functions 
We used PageRank algorithm to score the importance of 

nodes (genes) in the two large, major PPI networks built based 
on modules 4 and 7 respectively, and defined 5 genes with the 
highest scores in one module as HUB genes respectively. After 
mapping, a total of 10 HUB genes of human (AKT1, CD68, 
CTSS, FCGR3A, HSPA8, ITPKB, PRPF31, PTPRC, UBC, 
VCP) were obtained. 

To explore the functions of these HUB genes, we put them 
into the DisGeNet database to query diseases related. From the 
results returned by the DisGeNet database, 10 HUB genes were 
mainly related to 3 types of diseases, namely virus diseases, 
lung diseases, immune system diseases and inflammatory 
diseases. There were 8 genes related to viral diseases: AKT1, 

CD68, CTSS, FCGR3A, HSPA8, PTPRC, UBC, VCP, and the 
corresponding diseases included HIV Infections, Kaposi 
Sarcoma, Coinfection, Hepatitis B, Merkel cell carcinoma, etc.; 
There are 8 genes related to lung diseases: AKT1, CD68, 
CTSS, FCGR3A, HSPA8, PRPF31, UBC, VCP, and the 
corresponding diseases included Carcinoma of lung, 
Adenocarcinoma of lung, Small cell carcinoma of lung, 
Abnormal lung lobation, Interstitial lung fibrosis, etc.; There 
were 9 genes related to immune system diseases and 
inflammatory diseases: AKT1, CD68, CTSS, FCGR3A, 
HSPA8, ITPKB, PTPRC, UBC, VCP, and the corresponding 
diseases included Rhumatoid Arthritis, Lupus Vasculitis, 
Central Nervous System, IGA Glomerulonephritis , HIV 
Infections, B-Cell Lymphomas, Immunologic Deficiency 
Syndromes, etc. 

IV. DISCUSSION 

A. Some Problems about the Bioinformatics Algorithm 
To explore the pathological mechanism of pneumonia 

infected by coronavirus, this study used apply a bioinformatics 
pipeline based on analysis of time-series gene co-expression 
networks to analyze the gene expression profile of lung cells in 
mice infected by SARS-CoV. BFS algorithm is an important 
search algorithm in graph theory. It is a non-heuristic search 
method [15]. In this study, BFS algorithm was performed to 
infer the expression time order for all genes in the GCN. As for 
the initial node of BFS algorithm, we believed that the initial 
node must be located in the first time-ordered gene module. 
That was, the gene with peak expression in Day01 and 
monotonously decreased until Day28 should be selected as the 
initial node[20]. In the data analysis, some parameters need to 
be explained. If the standard setting of DEG identification was 
stricter, the reliability of the identified genes would be higher. 
But, this might prevent some important genes away from the 
research scope; On the contrary, if the DEG identification 
standard was set too low, it might cause lots of false positives. 
In this study, we believed that it was reasonable to control the 
number of DEGs between 3000-4000. Similarly, if the 
threshold selection of the GCN construction was higher, the 
GCN result would be more accurate. However, this would not 
only reduce the number of genes contained in GCN, but also 
reduce the network density of GCN, and even failed to 
construct an effective GCN, which would affect subsequent 
analysis results. Zu et al considered that when | PCC |> = 0.5, 
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the requirements for GCN construction could be met [22]. We 
believe that if two genes met the condition | PCC |> = 0.85, 
they could be considered to have a co-expression relationship.  

B. Biological Significance of the Time-Ordered Gene 
Modules and the HUB Genes 
From the results of GO enrichment analysis, we found that 

the cell line infected by SARS-Cov mainly underwent 5 stages: 
1. stage I(module 1): the main biological processes were 
related to the body's own stress protection response (regulation 
of response to endoplasmic reticulum stress etc.); 2. stage 
II(module 2, module 3): the main biological processes were 
related to the regulation of the interferon response and the 
defense response to the virus (response to interferon-gamma 
etc.); 3. stage III (module 4): the main biological processes 
were related to response to immune cell-mediated immune 
regulation (T cell mediated immunity etc.); 4. stage IV (module 
5, module 6, and module 7): the main biological processes 
were related to metabolism of reactive oxygen species, and 
tissue development and cell differentiation (positive regulation 
of reactive oxygen species metabolic process and muscle tissue 
development etc.); Stage V(module 8): the main biological 
processes were related to motor neuron apoptotic process. 
From the results of HUB genes analysis of key modules, 10 
HUB genes (AKT1, CD68, CTSS, FCGR3A, HSPA8, PTPRC, 
UBC, VCP, PRPF31, ITPKB) were found playing key roles in 
module 4 and 7, and HUB genes were closely related to 3 types 
of diseases: viral diseases, lung diseases, and inflammatory 
diseases. It could be inferred that these HUB genes played a 
key role in pneumonia infected by coronavirus. 

C. A Review of Research on HUB Genes 
AKT1 is a serine protein kinase involved in cell 

metabolism, cell growth, and proliferation [23]. Recent studies 
showed that AKT1-mediated mitochondrial phagocytosis 
contributed to apoptosis of alveolar macrophage, and it was a 
necessary biological process for the development of pulmonary 
fibrosis [24]. CD68 is a syrup protein and is the most reliable 
marker of macrophages [25-26]. CTSS is a cysteine protease 
with higher concentrations in BAL fluid and plasma in subjects 
with chronic obstructive pulmonary disease[27]. Weldon et al 
found that the miR-31/IRF-1/CTSS pathway might play a key 
role in the pathogenesis of pulmonary cystic fibrosis [28]. 
FcγRs played important regulatory roles in humoral immune 
response. Single nucleotide polymorphisms (SNPs) of 
FCGR2A and FCGR3A could affect the expression of CD32 
and CD16 [29]. Arce et al found that treatment of inflamed 
tumors could enhance anti-CTLA-4 activity in inflamed tumors 
by enhancing FcγR binding[30]. HSPA8 was a heat shock 
homologous protein that bound to nascent peptides to promote 
proper folding, played an important role in transporting 
membrane protein-coated vesicles through cell membrane 
components[31]. HSPA8 mutation played an important role in 
the detection of lung tumors [32]. PTPRC was a member of the 
protein tyrosine phosphatase family and played an important 
role in biological processes such as cell growth, differentiation, 
metabolism, and immune response etc.[33]. Li et al found that 
14 target genes such as PTPRC were significantly correlated 
with survival of patients with lung adenocarcinoma[34]. 
Ubiquitin was a small molecule protein that was widely present 
in eukaryotic cells. It could be linked to each other through 

enzymatic reactions to mediate the degradation of target 
proteins[35].Tang et al found that knock-down of ubiquitin by 
mixed shRNAs targeting its coding genes ubiquitin B (UBB) 
and ubiquitin C (UBC) suppressed the growth and increased 
the radiosensitivity in NSCLCH1299 cells[36]. Song et al 
found that VCP could promote proteasome degradation of 
polyubiquitinated proteins through its unfolding activity [37]. 
Bäder et al found that ITPKB negatively controlled 
transmigration of H1299 cells in vitro by blocking Ins (1,4,5) 
P3-mediated calcium release [38]. 

D. Conclusion 
In summary, we found that individuals infected by 

coronavirus might go through 5 stages, and 10 HUB genes 
might play key roles in the pneumonia infected by coronavirus. 
This discovery might provide some new clues for coronavirus 
related research. 
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