
 

 

Since January 2020 Elsevier has created a COVID-19 resource centre with 

free information in English and Mandarin on the novel coronavirus COVID-

19. The COVID-19 resource centre is hosted on Elsevier Connect, the 

company's public news and information website. 

 

Elsevier hereby grants permission to make all its COVID-19-related 

research that is available on the COVID-19 resource centre - including this 

research content - immediately available in PubMed Central and other 

publicly funded repositories, such as the WHO COVID database with rights 

for unrestricted research re-use and analyses in any form or by any means 

with acknowledgement of the original source. These permissions are 

granted for free by Elsevier for as long as the COVID-19 resource centre 

remains active. 

 



Computers in Biology and Medicine 158 (2023) 106855

Available online 5 April 2023
0010-4825/© 2023 Elsevier Ltd. All rights reserved.

Risk factors and actionable molecular signatures in COVID-19-associated 
lung adenocarcinoma and lung squamous cell carcinoma patients 

Md. Asad Ullah a, Sayka Alam a, Abu Tayab Moin b, Tanvir Ahamed a, 
Abdullah Mohammad Shohael a,* 

a Department of Biotechnology and Genetic Engineering, Faculty of Biological Sciences, Jahangirnagar University, Dhaka, Bangladesh 
b Department of Genetic Engineering and Biotechnology, Faculty of Biological Sciences, University of Chittagong, Chattogram, Bangladesh   

A R T I C L E  I N F O   

Keywords: 
COVID-19 
Lung cancer 
Risk factors 
Diagnosis 
Treatment 

A B S T R A C T   

The molecular mechanism of the pathological impact of COVID-19 in lung cancer patients remains poorly un
derstood to date. In this study, we used differential gene expression pattern analysis to try to figure out the 
possible disease mechanism of COVID-19 and its associated risk factors in patients with the two most common 
types of non-small-cell lung cancer, namely, lung adenocarcinoma and lung squamous cell carcinoma. We also 
used network-based approaches to identify potential diagnostic and molecular targets for COVID-19-infected 
lung cancer patients. Our study showed that lung cancer and COVID-19 patients share 36 genes that are 
expressed differently and in common. Most of these genes are expressed in lung tissues and are mostly involved 
in the pathogenesis of different respiratory tract diseases. Additionally, we also found that COVID-19 may affect 
the expression of several cancer-associated genes in lung cancer patients, such as the oncogenes JUN, TNC, and 
POU2AF1. Moreover, our findings suggest that COVID-19 may predispose lung cancer patients to other diseases 
like acute liver failure and respiratory distress syndrome. Additionally, our findings, in concert with published 
literature, suggest that molecular signatures, such as hsa-mir-93-5p, CCNB2, IRF1, CD163, and different immune 
cell-based approaches could help both diagnose and treat this group of patients. Altogether, the scientific 
findings of this study will help formulate appropriate management measures and guide the development of 
diagnostic and therapeutic measures for COVID-19-infected lung cancer patients.   

1. Introduction 

The severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2), 
the causative agent of coronavirus disease-2019 (COVID-19), has 
infected more than 590 million people and resulted in the death of 6.4 
million infected individuals worldwide since its emergence (Source: 
Johns Hopkins University Coronavirus Resource Centre). Although 
SARS-CoV-2 can affect almost every part of the body subsequent to 
infection, lung damage remains the leading cause of COVID-19- 
associated mortality [1]. Furthermore, the presence of any co-existing 
disease may increase the susceptibility to infection and the severity of 
illness in COVID-19 patients [2]. For example, patients with hyperten
sion, hepatitis, diabetes, cardiovascular disease, chronic renal disease, 
lung cancer (LC), blood cancer, and infectious diseases remain the most 
vulnerable groups to COVID-19 [3]. Among them, LC is one of the most 
commonly diagnosed and leading causes of cancer-related mortality and 

is accountable for approximately 1.8 million deaths worldwide [4,5]. 
Studies have found that LC patients are more likely to develop COVID-19 
(frequency: 25%) than other types of cancer [6]. LC can be divided into 
two vital groups known as small cell lung cancer (SCLC) and non-small 
cell lung cancer (NSCLC). Majority of the LC falls into the NSCLC group 
which involves the two most frequently diagnosed types of LC i.e., lung 
adenocarcinoma (LUAD) and lung squamous cell carcinoma (LUSC) [7]. 
For example, more than 500,000 annual deaths are recorded from lung 
adenocarcinoma making it the most frequent type of LC worldwide [8]. 
On the contrary, the number of mortalities by LUSC is over 400,00 
annually throughout the world which makes it the second most wide
spread type of LC [9]. 

Previous studies suggest that intensive care unit (ICU) and me
chanical ventilation supports are highly required for such patients with 
pre-existing lung injuries from cancer when compared to COVID-19 
patients without comorbidities [10,11]. It is hypothesized that LC 
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patients are at increased risk for COVID-19-related medical complica
tions due to the abnormality in the pulmonary and alveolar structure 
that is generated by therapeutic procedures and LC itself. These modi
fications in the alveolar and pulmonary epithelium create a new milieu 
that promotes the production of proinflammatory cytokines including 
interleukin-1 (IL-1), IL-6, and tumor necrosis factor-, which in turn help 
the invading virus develop pneumonitis [12]. Moreover, the immuno
compromised conditions in LC patients with immune cells fighting 
against cancer cells also leave them vulnerable to SARS-CoV-2-related 
medical manifestations [13]. It is also hypothesized that the virus 
manifests its pathogenicity with a higher level of macrophage activa
tion, interferons, T cell lymphocytes, and interleukins which make LC 
patients vulnerable to medical consequences like developing acute res
piratory distress syndrome (ARDS). However, the specific pathophysi
ology of SARS-CoV-2 in LC patients remains poorly understood to date 
[14]. 

Bioinformatics-based meta-analysis could assist in the understanding 
of the pathology of different complex diseases including cancer with 
multiple comorbidities [15,16]. However, previous studies aimed to 
analyze the pathological impact of COVID-19 in NSCLC patients are 
limited by looking at one type of NSCLC histology (LUAD more specif
ically), analyzing an inadequate transcriptome (i.e., artificially induced 
infection in LC cells grown in culture medium) and ignoring the risk of 
other comorbidities [17–19]. 

In this study, we explored the pathological mechanism of COVID-19 
in two most common forms of LC i.e., LUAD and LUSC by investigating 
transcriptome expression patterns in the lung tissues collected from LC 
and COVID-19 patients. We also assessed the risk of comorbidities in LC 
patients infected with SARS-CoV-2 and identified the molecular signa
tures that could help proper screening and treatment of this group of 
patients posing a higher risk of COVID-19. The scientific findings of this 
study will allow a better understanding of the pathophysiological 
mechanism to help make diagnostic and therapeutic decisions in SARS- 
CoV-2-infected LC patients. 

2. Materials and methods 

2.1. Dataset selection and retrieval 

In this step, we explored the National Centre for Biotechnology In
formation Gene Expression Omnibus (NCBI-GEO) database to select the 
datasets for this study. For the COVID-19 samples, we retrieved the 
GSE151764 dataset which contains the high-throughput sequencing 
data of the whole transcriptome (RNA-seq) collected from 34 to 16 
postmortem specimens of LUNG tissues from the patients who died of 
COVID-19 and non-infectious diseases, respectively, with an average 
sample collection time of 20 h preceding the decease [20]. We retrieved 
the GSE116959 (LUAD: 57, Normal: 11) and GSE115002 (LUAD: 52, 
Normal: 52) microarray datasets that contain the whole transcriptome 
expression data from the lung and adjacent normal tissue from LUAD 
patients [21,22]. For the LUSC samples, we collected the GSE30219 
(LUSC: 60, Normal: 14) and GSE2088 (LUSC: 48, Normal: 30) micro
array datasets incorporating the total mRNA expression profile from 
LUSC and adjacent normal lung tissue samples [23,24]. We omitted the 
data from samples cultured in medium and received any treatment. 

2.2. Differential gene expression analysis and identification of shared 
DEGs between COVID-19 and LC patients 

The raw read count matrix of the RNA-seq data was preprocessed and 
normalized in R studio with DESeq2 package [25,26]. Initially, we 
removed the items containing low total read counts (<50) in the whole 
sample. Since the dataset contains multiple samples from the same pa
tient, we collapsed the technical replicates and summed the gene 
expression count values. Thereafter, the count matrix was normalized 
and the differentially expressed genes were identified by performing the 

automated Wald t-test with the help of DESeq2 package. 
For the microarray datasets, we employed the LIMMA (Linear 

Models for Microarray Data) package to identify the DEGs [27]. Pri
marily, the expression matrix was checked and log2 transformation was 
applied to the datasets where applicable. The datasets were then 
normalized using the Quantile normalization method with Bioconductor 
package [28]. Finally, the DEGs were identified by performing moder
ated t-test with the help of LIMMA package. Most significant DEGs were 
then selected based on the Benjamini–Hochberg applied multitest 
adjusted p-value<0.01 and |log2FC|>1.0 cutoffs for all the datasets. 
Finally, we utilized the InteractiVenn online tool (http://www.interacti 
venn.net/) to identify the shared DEGs between COVID-19 and LUAD 
(COVID-19vsLUAD) and LUSC (COVID-19vsLUSC) patients [29]. 

2.3. Examining the molecular characteristics of the shared DEGs and their 
translational products 

In this step, we queried the total shared DEGs in ShinyGO server (htt 
p://bioinformatics.sdstate.edu/go/) to examine their chromosomal 
location [30]. Thereafter, we explored the Annotation feature of the 
Metascape server (https://metascape.org/gp/index.html#/main/step1) 
to optimize the tissue-specific distribution and the classification of the 
translated proteins of the DEGs [31]. Thereafter, we visualized the 
relevant items using the ggplot2 package in R studio and CIRCOS online 
tool (http://circos.ca/) [32,33]. Lastly, we utilized the NetworkAnalyst 
web-based server (https://www.networkanalyst.ca/) to understand the 
lung tissue-specific protein-protein interaction (PPI) network of the 
shared DEGs [34] where we searched our genes of interest against the 
integrated STRING database with high confidence cutoff threshold of 
>0.9 to construct the PPI [35]. After that, we applied a degree cutoff of 
3.0 to identify the most connected nodes. We then downloaded the 
network and customized it in Cytoscape (v 3.7.2) app [36]. 

2.4. Analyzing the correlation between the expression of DEGs and 
different diseases and comorbidities 

Initially, we utilized the DisGeNET plugin of the Cytoscape tool to 
examine the association between the DEGs and different respiratory 
tract diseases with default parameters [37]. After that, we explored the 
DisGeNET online server with help of the Metascape web-utility tool to 
assess the association of the DEGs with the top 20 diseases. We used a 
p-value cutoff of 0.01 and a minimum enrichment score cutoff of 1.5 for 
the associations to be established. Later, the Expression Atlas server 
(https://www.ebi.ac.uk/gxa/home) was used to evaluate the expression 
pattern of DEGs in different human disease studies including sample 
data without treatment and/or stimulus [38]. Finally, we investigated 
The Network of Cancer Genome database (http://ncg.kcl.ac.uk/) to 
identify the known cancer-related genes from our gene pool (DEGs) 
keeping the parameter values at default [39]. The data generated from 
the aforementioned analyses were then visualized utilizing the ggplot2 
package in R studio. 

2.5. Analysis of the COVID-19-related ontology terms and functional 
relevance of the DEGs 

In this step, we first searched our genes of interest against the 
Coronascape, a curated database that enlists the top 300 deregulated 
genes from different COVID-19-related omics studies, through the 
Metascape server to observe the expression pattern of the DEGs in 
different COVID-19 studies [31]. Later, the KEGG pathway analysis on 
the identified DEGs was performed using the Clusterprofiler package in 
R studio [40]. We also analyzed the top gene ontology terms i.e., bio
logical processes (BP), molecular function (MF), and cellular component 
(CC) of the DEGs with the help of the Clusterprofiler package. The results 
were then analyzed based on multi-test corrected p-value and the sig
nificant top 15 gene ontology terms were then visualized using 
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enrichplot and ggplot2 package [40]. 

2.6. Construction of the protein-protein interaction network of DEGs and 
identification of hub proteins 

We constructed the generic PPI of the proteins expressed by the DEGs 
using the NetworkAnalyst server and selecting the STRING database 
with a high overall confidence cutoff (0.900) [41]. Thereafter, we 
employed the most accurate local (i.e., MCC) and global-based (i.e., 
EPC, Closeness) methods for the extraction of the top 10 most connected 
nodes (hub proteins) from the generic PPI using the cytoHubba plugin in 
Cytoscape tool [42]. Finally, we considered the overlapping hub pro
teins from the 3 hub networks as the most significant hubs. Later, we 
analyzed the top biological processes terms on the overlapping hubs 
using the Cluterprofiler package in R studio. 

2.7. Identification of transcriptional and post-transcriptional regulatory 
signatures and drug targets of the DEGs 

In this step, we initially searched the DEGs against the miRTARbase 
database which is a publicly available repository of the experimentally 
validated miRNA-gene interaction database using the NetworkAnalyst 
web-based server [43]. After that, we explored the ENCODE, an exper
imentally validated and curated database, to identify the 
gene-transcription factor (TF) interaction network via the NetworkA
nalyst online tool [44]. In both cases, a degree cutoff of <3.0 was applied 
to generate the mostly connected gene-miRNA and gene-TFs targets of 
the DEGs. Later, the networks were downloaded and customized using 
the Cytoscape server. Finally, the DEGs were quired against the Drug
Bank database to identify the protein targets and their respective drug 
candidates [45]. 

2.8. Determination of the immunophenotypes of the DEGs in LUAD and 
LUSC patients 

We examined the association between the mRNA level expression of 
the DEGs and the infiltration levels of different immune cells i.e., B cell, 
T cell, Macrophage, Neutrophil, Monocyte, Natural Killer (NK) cells in 
LUAD and LUSC microenvironment by investigating the immune mod
ule of the Gene Set Cancer Analysis (GSCA) server (http://bioinfo.life. 
hust.edu.cn/GSCA/#/) [46]. The association was then analyzed based 
on a significant adjusted p-value cutoff (<0.05) and spearman correla
tion coefficient. 

2.9. Validation of the DEG expression on TCGA and independent cohorts 
and their association analysis with LC patients’ survival 

Herein, we again utilized the GSCA server to evaluate the differential 
gene expression pattern of the DEGs in TCGA LUAD and LUSC cohorts. 
The GSCA server collects and preprocesses the raw cancer tissue and 
adjacent normal tissue RNA-seq data the TCGA cohorts and allows DEG 
analysis with statistical methods [46]. Additionally, it also collects 
clinical data and assesses the association between gene expression and 
cancer patients’ survival rates by performing a log-rank t-test and 
measuring the cox-proportional hazard ratio. We searched our differ
entially expressed gene pools against the LUAD and LUSC cohorts and 
observed the pattern of DEG expression and their impact on 
disease-specific survival (DSS), overall survival (OS) and 
progression-free survival (PFS) of LUD and LUSC patients using the 
expression module of GSCA server. Alongside this, we also investigated 
the expression pattern of the shared DEGs in one COVID-19 
(GSE171110) and one lung cancer (GSE74706) dataset. The 
GSE171110 dataset contains the whole blood transcriptome (RNA-seq) 
data of 44 COVID-19 patients and 10 age and sex-matched healthy in
dividuals [47]. On the other hand, GSE74706 is a GeneChip dataset that 
contains the transcriptome profile of cancer tissues (LUSC: 8; LUAD: 10) 

and adjacent normal tissues (n = 18) of NSCLC patients [48]. The DEG 
analysis was performed utilizing the same protocol of the mainstream 
analysis as in step 2.2 and significant DEGs were identified using 
FDR-adjusted p-value cutoff of 0.05 and absolute log2FC cutoff of 1. The 
metagenomic pipeline utilized in this paper has been summarized in 
Fig. 1. 

3. Results 

3.1. The molecular characteristics of the common DEGs between COVID- 
19 and LC patients 

DEG analysis revealed that COVID-19 samples shared a total of 30 
and 13 DEGs with LUAD and LUSC datasets, respectively (Fig. 2A). 
Further inspection revealed that COVID vs LUAD and COVID vs LUSC 
datasets again shared 7 genes (COL1A1, MAD2L1, TOP2A, COL3A1, 
CDKN3, IFIT2 and CXCL13) in common. This resulted in a total of 36 
final DEGs that were utilized in the next phases of the experiment. 
Chromosomal distribution analysis on the common DEGs revealed that 
most of the genes are located in chromosomes 2, 10, 12, and 17 (Fig. 2B). 
Furthermore, DEGs were not found on chromosomes 5, 13, 16, 18–21, or 
the mitochondrial (MT) or Y chromosomes. More information, such as 
gene description and specific chromosomal location of the DEGs, is 
available in Supplementary Table S1. In addition, tissue-specific 
expression analysis revealed that the majority of DEGs were mostly 
expressed in lung tissues. In particular, several genes were discovered to 
exhibit thymus tissue and bronchial epithelial cell-specific expression, 
while the remaining genes were revealed to be spleen tissue and HELA 
cell-specific. (Fig. 2C). The classification analysis of the translational 
products of shared DEGs based on their functional position inside the 
human body revealed that most of the proteins were plasma proteins 
(20) followed by secreted (14) and membrane proteins (8) (Fig. 2D). The 
lung-specific PPI network analysis of the common DEGs revealed that 
five of the deregulated genes (SFTPB, ALOX15B, SFTPA1, LAMP3 and 
SFTPA2) interact with a total of 25 different proteins that are specifically 
expressed in lung tissues (Fig. 2E). 

3.2. Association and expression pattern of the DEGs in different diseases 
and comorbidities 

The association analysis between the shared DEGs and other respi
ratory tract diseases reported that many different genes i.e., FOXM1, 
SFTPB, JUN, PCSK5, SFTPA2 were involved in numerous respiratory 
tract diseases such as lung neoplasm, asthma, respiratory distress syn
drome (RDS), IPF and chronic lung injury (Fig. 3A). The inspection of 
the DEGs in DisGenet irrespective of specific disease groups unsurpris
ingly revealed that the highest proportion of the genes is involved in 
critical lung diseases like RDS, respiratory syncytial virus infection, and 
pulmonary valve insufficiency (Supplementary Table S2) (Fig. 3B). Ac
cording to the results of our query in the NCG dataset, 15 of the 36 DEGs 
were cancer-associated genes, including a total of three oncogenes i.e., 
JUN, POU2AF1, and TNC. (Fig. 3C). The analysis of the shared DEGs in 
the Expression Atlas dataset reported that the majority of the genes are 
also differentially expressed in different diseases including carcinoma as 
the predominant one (Fig. 4). More specifically, the DEGs were found to 
be mostly deregulated in LC (n = 17) followed by leukemia (n = 16), 
breast cancer (n = 16), glioma (n = 13), and other cancer types. A 
noticeable number of the DEGs (n = 15) were found to be upregulated in 
acute kidney failure. Chronic obstructive pulmonary disease (COPD), 
tuberculosis, bacteremia, and leishmaniasis were mentionable among 
respiratory diseases other than carcinoma and other infectious disease 
types. The DEGs were also discovered to be differentially expressed in a 
few autoimmune disorders, such as multiple sclerosis and rheumatoid 
arthritis (Fig. 4). 
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3.3. The ontology terms and functional relevance of the DEGs in relation 
to COVID-19 

COVID-19 ontology term analysis revealed that the DEGs are 
disproportionately upregulated and/or downregulated in all the selected 
COVID-19 transcriptomic and proteomic studies (Supplementary 
Table S3) (Fig. 5A). The KEGG pathway analysis on the common DEGs 
revealed that the majority of the genes were involved in crucial bio
logical pathways like the relaxin signaling pathway, protein digestion 
and absorption, cell cycle, platelet activation, and cellular senescence 
(Fig. 5B). Several genes were also found to be associated with several 
other disease processes, including diabetic cardiomyopathy and 
pertussis. We evaluated the enrichment of the common DEGs in different 
biological function categories by examining their gene ontology terms 
based on BP, MF, and CC. Response to interferon-alpha (IFN-), mitotic 
cell cycle phase transition, control of chromosomal structure, negative 
regulation of cell adhesion, cellular response to vitamins and minerals, 
and so on were identified as the main biological processes shared by the 
DEGs (Supplementary Table S4) (Fig. 6A). Platelet-derived growth fac
tor binding, protease binding, peptidase regulator activity, complement 
receptor activity, and histone kinase activity were the most important 
molecular functions of the shared DEGs, followed by extracellular ma
trix organization, growth factor binding, and scaffold protein binding. 
(Supplementary Table S5) (Fig. 6B). The cellular component ontology 
term analysis on the DEGs revealed that the majority of the DEGs were 
functional in biological compartments like collagen trimers, multi
vesicular body, endoplasmic reticulum lumen, fibrillar collagen 
trimmer, banded collagen fibril, lamellar body, and collagen-containing 
extracellular matrix (Supplementary Table S6) (Fig. 6C). 

3.4. The PPI network of the proteins expressed by shared DEGs and its 
relative hub proteins 

The shared DEGs were utilized to produce a generic PPI network 
which resulted in a network containing 469 nodes and 771 edges 
(Fig. 7A). We then applied different global and local-based algorithms i. 
e., MCC (Fig. 7B), EPC (Fig. 7C) and Closeness (Fig. 7D) to identify the 
top 10 most connected nodes in the generic PPI. Each of the hub protein 
identification methods constructed a network containing the top 10 
most connected nodes from the initial PPI network. Later we discovered 
that all 3 generated hub networks shared 6 proteins in common (data not 
shown here). Therefore, we considered the 6 overlapping proteins 
among the 3 hub networks i.e., CDK1, BUB1, TOP2A, CCNB2, FOXM1, 
and MAD2L1 as the most significant hub proteins. The major three 
biological functions of the most significant hub proteins were mitotic 
cell cycle transition, nuclear division, and organelle fission as observed 
from subsequent BP analysis (Fig. 7E). Additionally, the hub proteins 
were also involved in other biological functions like negative regulation 
of chromosome organization, chromosome separation, mitotic cell cycle 
checkpoint signaling, cell cycle G2/M phase transition. 

3.5. The transcriptional and post-transcriptional regulatory signatures 
and interacting drug molecules of the DEGs 

The gene-miRNA interaction analysis of the shared DEGs stated that 
a total of 18 different DEGs shared interactions with 19 different miR
NAs (hsa-mir-192-5p, hsa-mir-29b-5p, hsa-mir-203a-3p, hsa-mir-218- 
5p, hsa-mir-6807-5p, hsa-mir-192-5p, hsa-mir-3978, hsa-mir-93-5p, 
hsa-mir-186-5p, hsa-mir-1-3p, hsa-mir-16-5p, hsa-mir-92a-3p, hsa-mir- 
29c-3p, hsa-mir-193b-3p, hsa-mir-26b-5p, hsa-mir-15a-5p, hsa-mir- 
335-5p) (Fig. 8A). Additionally, we recorded several different tran
scription factor targets for multiple DEGs by gene-TF interaction 

Fig. 1. Strategic flowchart of the experimental procedures utilized in the study.  
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analysis. More specifically, out of the 36 identified DEGs, we reported a 
total of 23 DEGs that are targeted by 21 different TFs (ZBTB11, EBF1, 
WRNIP1, ZNF2, L3MBTL2, ZFP2, GLIS2, ZNF501, TFDP1, IRF1, DRAP1, 
MAZ, MLLT1, NRF1, ETV4, KLF9, KLF1, ZNF580, ELF1, GTF2E2, 
ZNF644, WT1, FOXA3) (Fig. 8B). Finally, the protein-drug interaction 
analysis reported TOP2A as a potential protein target whose activity 
could be regulated by different currently available drugs in the markets. 
The TOP2A protein interacted with 33 different drug molecules 
including many antineoplastic agents i.e., Amrubicin, Amonafide, 
Banoxantrone, Doxorubicin, chemotherapeutic agents i.e., Elsamitrucin, 
Etoposide and anti-infectious drugs i.e., Finafloxacin, Lucanthone, 
Moxifloxacin, and few others (Fig. 8C). 

3.6. The association between the DEGs expression and the level of 
immune abundance in LUAD and LUSC patients 

According to our findings, most of the DEGs are linked to the 

infiltration levels of the chosen immune cells (B cells, T cells, NK cell, 
Neutrophil, Monocytes, and Macrophages) in LUAD and LUSC patients. 
(Fig. 9). Overall, the infiltration level of NK cells showed a significant 
correlation with most of the DEGs followed by CD4+ T cell, B cell and 
macrophage infiltration levels in both LUAD and LUSC patients. How
ever, a greater number of DEGs were reported to be associated with the 
abundance level of NK cells in LUAD microenvironment than in LUSC 
patients. CD4+ T cells and macrophages, on the contrary, were observed 
to be associated with the mRNA level expression of a higher number of 
DEGs in LUSC patients compared to the LUAD patients (Fig. 9). Other 
immune cells showed a significant correlation with a similarly small 
number of DEGs both in LUAD and LUSC microenvironments. Impor
tantly, the DEGs maintained a similar projection of association (i.e., 
either positively or negatively correlated) with the infiltration levels of 
different immune cells in both cancer types. 

Fig. 2. (A) The venn diagram representation of the shared DEGs between COVID-19 and LUAD patients (left panel) and COVID-19 and LUSC patients (right panel). 
(B) The histogram representation of the chromosomal distribution of the shared DEGs. (C) Bar diagram reflecting the number of DEGs specifically expressed in 
different tissues. (D) Chord diagram delineating the functional distribution of the DEGs in different locations inside the human body. (E) The PPI network of the lung 
tissue-specific interactions of the translated proteins of DEGs with different proteins. The octagonal nodes represent the proteins expressed by the DEGs and the 
circular nodes represent interacting proteins that are exclusively expressed in lung tissues. 
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3.7. The expression pattern of the DEGs in TCGA database and their 
impact on LUAD and LUSC Patient’s survival 

Most of the genes were found to be significantly upregulated and/or 
downregulated in LUAD and LUSC samples than in adjacent normal lung 
tissues. The shared DEGs were observed to exhibit a similar pattern of 
deregulation (i.e., either upregulated or downregulated) in both cancer 
types. The log2FC value of the deregulated genes varied between − 6 and 
8 as evidenced by the experiment carried out on the TCGA cohorts 
(Fig. 10A). The association analysis between the expression of the DEGs 
and different survival rates revealed that the mRNA level expression of 
most of the genes was associated with both favorable and unfavorable 
survival of LUAD and LUSC patients in a different manner (Fig. 10B). In 
summary, MKI67, MELK, MAD2L1, KRT8 (except for PFS), FOXM1, 
CDKN3, CDK1, CCNB2, and BUB1 expression was discovered to be 
associated with the unfavorable DSS, OS and PFS of LUAD patients as 
suggested by higher HR values. Additionally, SFTPA2 and SFTPA1 
expression was found to be able to predict poor prognosis in LUSC pa
tients. In contrast, POU2AF1, CMLRK1, CD83 (associated with DSS only) 

and CA4 expression showed significant association with the better DSS, 
OS and PFS of LUAD patients (Fig. 10B). The impact of the expression of 
the DEGs on LUAD and LUSC patients’ survival trend can be further 
explored on the TCGA dataset and other independent datasets from 
GEPIA 2.0 (http://gepia2.cancer-pku.cn/#survival) [49] and Progno
Scan (http://dna00.bio.kyutech.ac.jp/PrognoScan/) databases [50], 
respectively, in the form of Kaplan-Meier plot. Additionally, we also 
investigated the expression pattern of the shared DEGs in one COVID-19 
(GSE171110) and one lung cancer (GSE74706) datasets. And at least 28 
of the 36 DEGs were found to show significant differential expression (| 
log2FC|>1; p < 0.05) in those datasets as well (Supplementary Fig. S1). 

4. Discussion 

In this study, we employed a comprehensive bioinformatics meta- 
analysis pipeline to assess the pathological impact of COVID-19 on 
two most common forms of NSCLC i.e., LUAD and LUSC. Meta-analysis 
in genomic study refers to a method that uses a series of statistical 
analysis modules to combine the results of multiple studies to increase 

Fig. 3. (A) The interaction network delineating the association between the proteins expressed by the DEGs and different respiratory tract diseases. (B) The dot-plot 
representation of the enrichment of the DEGs among different diseases was obtained from the DisGenet database. (C) The dot-plot representation of enrichment of the 
15 cancer-related genes identified among the total 36 differentially expressed genes in this study. 
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the analysis power and provide a more comprehensive and accurate 
summary of the evidence [51]. With the advent of advanced sequencing 
and computational techniques, meta-analysis has become an important 
research protocol in predicting the mechanism and clinical outcome of 
different genetic and infectious diseases by combining the findings from 
multiple studies [52]. In genomic studies, meta-analysis methods have 
several advantages over other conventional methods including the 
ability to pool data from different studies to increase sample size and 
reduce the risk of false negative results, synthesize evidence from 

multiple sources to overcome the limitations of individual studies, 
identify patterns and trends in the data that are not apparent from in
dividual studies, and provide more precise estimates of the true effect 
size by combining the results of multiple studies [53–55]. Thus, 
meta-analysis methods in combination with other approaches like 
pathway and network-based strategies play an important role in syn
thesizing the available evidence and providing a more comprehensive 
and accurate understanding of the effects of various interventions and 
identifying potential molecular targets in different diseases like cancer 

Fig. 4. Heatmap reflecting differential expression pattern of the 36 DEGs in different diseases and comorbidities. The color scale represents the log2FC of the DEGs in 
those respective disease types. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 5. (A) Dot-plot representing the regulation pattern of the common DEGs in different COVID-19-related studies from the Metascape server. The y-axis represents 
the COVID-19-related studies with authors’ names. (B) The dot-plot representation of the signaling pathway involved with the shared DEGs. The x-axis represents the 
overlapping gene counts with the enrichment terms. The color gradient indicates the adjusted p-value distribution of the DEGs within those ontology terms (low: red, 
high: blue). 
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Fig. 6. The bar plot representation of the top 15 gene ontology terms of the shared DEGs: (A) biological processes, (B) molecular function and (c) cellular component. 
The y-axis represents the ontology terms and the x-axis represents the counts shared with the DEGs. The color gradient indicates the adjusted p-value distribution of 
the DEGs within those ontology terms (low: red, high: blue). 
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[56]. 
Differential gene expression pattern analysis can help understand the 

involvement and possible roles of different genes in various complex 
diseases like cancer [57–59]. We identified 36 differentially expressed 
genes that are common in COVID-19, LUAD and LUSC patients sug
gesting that the SARS-CoV-2 infection may modulate the disease pro
gression of LC patients. We also discovered that most of the deregulated 
genes are expressed specifically in lung tissues which suggests that the 
SARS-CoV-2 infection may affect the overall lung homeostasis and 
hasten the LUAD and LUSC-associated lung injury further. Additionally, 
a large number of proteins expressed by the DEGs were classified as 
secreted and plasma proteins which signifies the relevance of those 
proteins in the non-invasive diagnosis of COVID-19-affected LUAD and 
LUSC patients. 

The comorbidity profiling of the DEGs revealed that multiple genes 
are associated with different forms of respiratory tract diseases and 
patients with such comorbidities are the most vulnerable groups to 
SARS-CoV-2 infection-related severity and mortality [60]. Furthermore, 
all of the previously discovered lung-specific DEGs were subsequently 
shown to be implicated in various lung injuries. Later, our examination 
of the DEGs versus all disease pools indicated correlations with addi
tional complicated respiratory illnesses such as RDS. Studies have shown 
that adult patients with a history of lung damage have a greater risk of 
developing RDS after contracting COVID-19, which increases fatality 

rates by 35% [61]. Therefore, COVID-19 may further increase the risk of 
developing RDS in LUAD and LUSC patients by deregulating the genes 
associated with RDS. Afterward, we observed that the DEGs are also 
deregulated in other types of diseases including carcinoma with LC as 
the predominant disease. Among the deregulated genes in LC, TOP2A is 
associated with tumorigenic progression and unfavorable survival in 
LUAD patients [62]. Previous studies reported that patients with LUAD 
and LUSC had worse prognoses when they express high levels of TOP2A. 
Thus, TOP2A is reported as a marker for predicting patient outcomes, 
such as disease recurrence and overall survival in patients with these 
two types of LC [63,64]. TOP2A has also been demonstrated to 
contribute to the pathogenesis of the disease in COVID-19 patients such 
as severe symptoms and an elevated risk of death have been linked to 
high expression of TOP2A [65]. As a result, it is possible that TOP2A 
might also be used as a therapeutic target in COVID-19 patients. Among 
the other deregulated genes in LC, MELK promotes the mitotic and 
metastatic potential of LC cells [66], BUB1 is associated with the divi
sion of LC cells and poor prognosis of NSCLC patients [67,68]. Moreover, 
an in vitro study has recently shown that CCNB2 serves as a prognostic 
indicator and therapeutic target for LUAD patients infected with 
COVID-19 [69]. Additionally, other deregulated genes in LC i.e., C1QB, 
have been found to be overexpressed in both NSCLC and IPF patients and 
reported to act as an unfavorable survival indicator for both diseases 
[70]. Furthermore, C1QB expression level has recently been proposed to 

Fig. 7. (A) The PPI network of the proteins expressed by the shared DEGs between COVID-19 and lung cancer patients. The nodes represent the proteins and the 
edges represent the interactions. Octagonal nodes represent the proteins expressed by the DEGs and circular nodes represent the interacting partners. The network of 
top 10 connected interacting proteins (hub proteins) was identified by (B) MCC, (C) EPC, and (D) Closeness methods. (E) The cnet-plot representation of the top 10 
ontology terms (biological processes) of the overlapping hub proteins. The color gradient scale indicates the strength of interactions with partner proteins (i.e., higher 
intensity of color refers to a greater number of interactions and vice versa). 
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be able to discriminate the macrophage infiltration levels between 
healthy subjects and COVID-19 patients [71]. Additionally, increased 
CD163 expression was associated with the damaged lymph nodes ob
tained from lung autopsy samples of COVID-19-infected patients [72]. 
Collectively, these findings bolster the hypothesis that 
COVID-19-induced expressional changes may predispose LUAD and 
LUSC patients to LC-related complexities. Furthermore, COVID-19 has 
been shown to induce acute liver injuries in infected patients irre
spective of prior history of liver diseases [73]. In our study, we reported 
that a total of 15 genes of the 36 DEGs are differentially expressed in 
acute liver failure. Among those deregulated genes in liver failure, 
CD163 expression is correlated with the development and progression of 
chronic liver failure [74]. The genomic instability of POU2AF1 is asso
ciated with primary biliary cirrhosis of the liver [75]. Moreover, the 
optimum expression of TOP2A is required to maintain liver homeostasis 
by regulating c-Myc [76]. These findings suggest that the presence of 
COVID-19 in LUAD and LUSC patients may further increase the risk of 
COVID-19-associated liver injury. 

We also observed that the DEGs were differentially expressed in 
different autoimmune diseases. COVID-19 patients with autoimmune 
disease are assumed to experience more complications due to the similar 
immune system-mediated pathomechanism of both diseases [77,78]. 
Remarkably, few studies have recorded the development of autoimmune 
diseases in individuals who had no previous medical history of the 
illness following SARS-CoV-2 infection [79]. Moreover, a case report has 
recently recorded evidence of ulcerative colitis (newly diagnosed) in a 
patient after a SARS-CoV-2 infection [80]. We also observed that the 
DEGs were deregulated in a few infectious diseases i.e., tuberculosis. A 
meta-analysis on COVID-19 patients with tuberculosis (n = 2765) by 
Gao et al., concluded that the case fatality rate in those patients was 
around 4.5% [81]. Therefore, the extant literature suggests that LUAD 
and LUSC patients with such comorbidities need special medical care 
and the involvement of experts for emergency clinical decision-making 
(i.e., chemotherapy, immunotherapy). Finally, we identified that out of 
36 DEGs 15 genes are cancer-associated genes involving 3 oncogenes i. 
e., JUN, POU2AF1, and TNC. JUN signaling pathway is associated with 

Fig. 8. (A) The gene-miRNA network of the shared DEGs. The rectangular nodes represent individual miRNA and octagonal nodes represent DEGs. (B) The gene-TF 
interaction network of the DEGs. The hexagonal nodes correspond to interacting proteins whereas the octagonal nodes indicate shared DEGs. (C) The protein-drug 
interaction network of the proteins encoded by shared DEGs. 
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LC development [82]. Studies suggest that high JUN expression might be 
associated with a poorer prognosis in patients with LUAD and LUSC 
[83–85], which has led researchers to investigate the use of JUN as a 
diagnostic marker in the early detection of lung cancer. Studies also 
showed that the products of the TNC gene seem to help LC spread and 
thus promote cancer invasion and exacerbation [86]. In addition, high 
TNC expression has been linked to poor prognosis in LUAD and LUSC, 
indicating its potential use as a prognostic marker. [87,88]. POU2AF1 
has been linked to the development of other types of cancer, like 
myeloma [89], but its connection to LC or COVID-19-infected LUAD and 
LUSC patients is still not clear. 

The KEGG pathway analysis reported that most of the DEGs are 
involved in controlling the cell cycle, cellular senescence, extracellular 
matrix organization, cell cycle phase transition, p53 signaling pathway 
and the deregulation of such activities by abnormal gene expression can 
lead to cancer development, progression and distant metastasis [90,91]. 
We also observed that the deregulated DEGs control different signaling 
pathways involved in diabetic complications. Diabetic patients were 
among the hardest hit by SARS-CoV-2 infection and this group of pa
tients had a higher risk of developing ARDS and requires an extended 
period of ICU support [92]. Response to IFN-α and platelet-derived 
growth factor binding was among the most significant biological pro
cesses and molecular functions of the DEGs. IFN-α has been accused to 
induce the expression of the Angiotensin Converting Enzyme 2 receptor 
(a molecule that assists SARS-CoV-2 entering inside the cell) in the 
human upper respiratory tract [93]. Furthermore, increased IFN- pro
duction is linked to morbidity because to COVID-19 [94]. Hematologic 
platelet counts may provide light on the prognosis of patients with 
COVID-19 and LC [95,96] since platelets are the first line of defense 

against lung damage. Patients with LC infected with COVID-19 may 
benefit from using a variety of immune modulators for diagnosis and 
treatment. 

The interconnection pattern of the PPI network signified that the 
DEGs may affect the functions controlled by many other genes in COVID- 
19-affected LUAD and LUSC patients. Moreover, we next identified 6 
significant hub proteins from the PPI network and targeting those pro
teins can provide the most efficacy in the therapeutic intervention 
approach for this group of patients [97]. Among the identified hub 
proteins, CDK1 and MAD2L1 serve as potential therapeutic targets and 
unfavorable prognostic indicators in NSCLC patients [98–100]. Likely, 
FOXM1 overexpression is associated with epithelial to mesenchymal 
transition and the poor prognosis of NSCLC patients [101,102]. We 
previously found that the remaining hub proteins i.e., BUB1, TOP2A and 
CCNB2 are associated with LC exacerbation and other comorbidities. We 
later discovered that regulating the cell cycle and cell division were the 
predominant biological processes of the hub proteins justifying their 
therapeutic potential. 

The miRNA and TF interaction analysis suggested that multiple DEGs 
and their respective mRNA and proteins are targeted by different miRNA 
and TFs. Of the identified interacting miRNAs, downregulation of the 
hsa-mir-203a-3p provides a therapeutic advantage in LC patients [103]. 
As a prognostic marker, hsa-mir-203a-3p has been found to be associ
ated with poor prognosis in lung cancer patients, with low expression 
levels linked to increased risk of death [104,105]. As a therapeutic 
target, hsa-mir-203a-3p has been found to regulate key cancer-related 
genes, including those involved in cell proliferation, invasion and 
metastasis, making it a promising target for cancer therapy [106]. 
Additionally, hsa-mir-203a-3p has been shown to be upregulated in 

Fig. 9. The association between the mRNA level expression of DEGs and different immune cell infiltration levels in LUAD and LUSC tissues. The color gradient 
indicates (low: blue, high: red) the spearman correlation coefficient. The circle represents a significant correlation (adjusted p-value<0.05) and the blank space 
indicates an insignificant correlation. 
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COVID-19 patients, and may play a role in the inflammation and 
oxidative stress response associated with severe COVID-19 outcomes 
[107]. Targeting hsa-mir-203a-3p could therefore have therapeutic 
implications for COVID-19 patients. Another identified miRNA i.e., 
hsa-mir-218-5p is assumed to play a significant role in the pathogenesis 
of NSCLC by being upregulated in LUAD and LUSC patients, and thus has 
been shown to be an independent predictor of poor prognosis in these 
patients [108–110]. Also, in COVID-19 patients, hsa-mir-218-5p has 
been found to be associated with severe disease and poor outcomes in 
patients with COVID-19-related pneumonia [111]. Additionally, the 
expression of hsa-mir-218-5p has been shown to be regulated by the 
viral infection, suggesting its potential as a therapeutic target in 
COVID-19 patients [112]. Moreover, hsa-mir-186-5p promotes the 

LUAD cell growth and invasion through inhibiting the activity of PTEN 
[113]. In LUAD, the expression of hsa-mir-186-5p was found to be a 
predictor of poor survival outcomes and increased drug resistance, 
making it a potential target for personalized therapies [114]. In LUSC, 
hsa-mir-186-5p was found to be overexpressed and associated with more 
aggressive tumors, making it a potential prognostic biomarker [115]. 
Additionally, recent studies have also shown that hsa-mir-186-5p is 
involved in the development and progression of COVID-19, where it was 
found to be overexpressed in severe cases and associated with increased 
cytokine production and inflammation [116]. This makes 
hsa-mir-186-5p a potential diagnostic and therapeutic target for the 
stratification and treatment of this group of patients. Additionally, 
hsa-mir-193b-3p has been found to regulate the expression of various 

Fig. 10. (A) The dot-plot representation of the expression pattern of the DEGs in LUAD and LUSC tissue samples in comparison with normal lung tissue samples from 
TCGA database. The color gradient scale corresponds to the log2FC (low: blue; high: red). (B) The association between the expression level of DEGs and different 
survival rates of LUAD and LUSC patients from TCGA database. The color gradient scale indicates the distribution of hazard ratio (low: blue; high: red). DSS: disease- 
specific survival; OS: overall survival; PFS: progression-free survival. 

Md.A. Ullah et al.                                                                                                                                                                                                                              



Computers in Biology and Medicine 158 (2023) 106855

13

genes involved in tumor progression and angiogenesis in LUSC, making 
it a potential therapeutic target for LUSC therapy [117,118]. In LUAD, 
hsa-mir-193b-3p was found to be a powerful prognostic marker, with 
low levels associated with poor overall survival and high levels linked to 
better patient outcomes [119]. 

Among the identified TFs, EBF1 knockdown with shRNA can block 
the cell cycle at the G1 phase in LUAD cell lines [120]. In LUAD and 
LUSC, EBF1 has been found to have a strong association with tumor 
progression and poor prognosis, with higher EBF1 expression levels 
being associated with reduced survival and increased metastasis which 
suggests that EBF1 may be a useful target for therapeutic intervention in 
lung cancer [121,122].TFDP1 hyperactivity promotes the p53 signaling 
pathway and progresses the NSCLC cells through the cell cycle [123]. 
Moreover, TFDP1 has been shown to be upregulated in infected in
dividuals and may play a role in the severity of COVID-19. Studies thus 
also suggest that targeting TFDP1 may have therapeutic potential for 
treating severe cases of COVID-19 [124]. Huang et al. showed that IRF1 
acts as a tumor suppressor in LC cells and provides a therapeutic target 
for IRF1-based LC treatment strategies [125]. Moreover, IRF1-mediated 
inhibition of MHC class I and IFN signaling pathway helps SARS-CoV-2 
evade the immune system of the human body [126]. Additionally, ETV4 
overexpression promotes NSCLC cell proliferation by upregulating genes 
involved in maintaining focal adhesion i.e., MMP1 and PXN [127]. 
Furthermore, ETV4 has been identified as a potential target for the 
treatment of COVID-19, with studies indicating its involvement in the 
regulation of the immune response and susceptibility to the virus [128]. 
Finally, we discovered TOP2A as a potential target for the treatment of 
COVID-19-infected LC patients which interacted with many approved 
drugs including several antineoplastic agents. Therefore, the miRNA, TF 
targets, and different drug molecules could be investigated further for 
the treatment of LUAD and LUSC patients infected with SARS-CoV-2. 

In LUAD and LUSC patients, DEGs are favorably and adversely 
correlated with immune cells. High B cell abundance in LC cancer 
microenvironment predicts good survival, and adoptive B cell transfer 
may regress cancer development and limit metastasis [129]. Higher T 
cell and NK cell abundance enhances LC patient survival, and both are 
prospective candidates for immune-based therapeutic intervention 
[130,131]. COVID-19 patients generally have lymphopenia with fewer 
B, T, and NK cells [132,133]. Infiltration of immune cells may act as a 
therapeutic marker and immunotherapy implication in 
COVID-19-infected LC patients. The expression profile of differentially 
expressed genes (DEGs) in the TCGA LUAD and LUSC cohorts, which 
include a significant number of RNA-seq data from cancer and sur
rounding normal tissues of respective cancer types. We detected differ
ential expression of the identified DEGs in TCGA cohorts. The survival 
analysis of DEGs demonstrated that the differential expression of a 
substantial number of DEGs is associated with the survival conditions of 
LUAD and LUSC patients, indicating their underlying involvement in the 
development and progression of LC. Finally, we also investigated the 
expression pattern of the DEGs in two different independent databases 
including one that involves the blood transcriptome of COVID-19 pa
tients. We found that at least 28 of the 36 DEGs are differentially 
expressed in the cells present in the blood circulation system of 
COVID-19 patients which may further assist in formulating non-invasive 
diagnosis of this group of patients. At the same time, how COVID-19 may 
promote the LC invasion and influence the prognosis of LC patients by 
deregulating these set of genes in cells that may travel to distant organs 
requires further investigation. 

5. Conclusion 

This study sought to investigate the potential pathophysiology and 
risk factors of COVID-19 in LUAD and LUSC patients by differential gene 
expression pattern analysis. The SARS-CoV-2 infection was reported to 
impact the course of LC by deregulating many oncogenes and cancer- 
associated genes. Moreover, it was found that the presence of COVID- 

19 may affect and manifest distinct respiratory illness phenotypes in 
LUAD and LUSC patients by deregulating lung-specific genes. Later, we 
used a network-based strategy to discover critical molecular markers 
with diagnostic and therapeutic potential for this group of patients. 
While the comorbidity and functional enrichment profiles of the 
deregulated genes in COVID-19-affected LUAD and LUSC patients may 
guide the adoption of necessary management measures, the distinct 
regulatory signatures identified in this study may facilitate the devel
opment of diagnostic and therapeutic options for this vulnerable patient 
group. Therefore, more laboratory research on regulatory signatures for 
future clinical development is required. 
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H. Grønbæk, Macrophage activation markers, CD163 and CD206, in acute-on- 
chronic liver failure, Cells 9 (5) (2020) 1175. 

[75] M. Nakamura, N. Nishida, M. Kawashima, Y. Aiba, A. Tanaka, M. Yasunami, 
H. Nakamura, A. Komori, M. Nakamuta, M. Zeniya, E. Hashimoto, Genome-wide 
association study identifies TNFSF15 and POU2AF1 as susceptibility loci for 
primary biliary cirrhosis in the Japanese population, Am. J. Hum. Genet. 91 (4) 
(2012) 721–728. 

[76] T. Hishida, M. Yamamoto, Y. Hishida-Nozaki, C. Shao, L. Huang, C. Wang, 
K. Shojima, Y. Xue, Y. Hang, M. Shokhirev, S. Memczak, In vivo partial cellular 
reprogramming enhances liver plasticity and regeneration, Cell Rep. 39 (4) 
(2022), 110730. 

[77] Y. Liu, A.H. Sawalha, Q. Lu, COVID-19 and autoimmune diseases, Curr. Opin. 
Rheumatol. 33 (2) (2021) 155. 

[78] Y. Rodríguez, L. Novelli, M. Rojas, M. De Santis, Y. Acosta-Ampudia, D. 
M. Monsalve, C. Ramírez-Santana, A. Costanzo, W.M. Ridgway, A.A. Ansari, M. 
E. Gershwin, Autoinflammatory and autoimmune conditions at the crossroad of 
COVID-19, J. Autoimmun. 114 (2020), 102506. 

[79] M.A. Saad, M. Alfishawy, M. Nassar, M. Mohamed, I.N. Esene, A. Elbendary, 
Covid-19 and autoimmune diseases: a systematic review of reported cases, Curr. 
Rheumatol. Rev. 17 (2) (2021) 193–204. 
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