
Network-Based Analysis of Fatal Comorbidities
of COVID-19 and Potential Therapeutics

Broto Chakrabarty , Dibyajyoti Das, Gopalakrishnan Bulusu, and Arijit Roy

Abstract—COVID-19 is a highly contagious disease caused by the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2).

The case-fatality rate is significantly higher in older patients and those with diabetes, cancer or cardiovascular disorders. The human

proteins, angiotensin-converting enzyme 2 (ACE2), transmembrane protease serine 2 (TMPRSS2) and basigin (BSG), are involved in

high-confidence host-pathogen interactions with SARS-CoV-2 proteins. We considered these three proteins as seed nodes and

applied the random walk with restart method on the human interactome to construct a protein-protein interaction sub-network, which

captures the effects of viral invasion. We found that ‘Insulin resistance’, ‘AGE-RAGE signaling in diabetic complications’ and

‘adipocytokine signaling’ were the common pathways associated with diabetes, cancer and cardiovascular disorders. The association

of these critical pathways with aging and its related diseases explains the molecular basis of COVID-19 fatality. We further identified

drugs that have effects on these proteins/pathways based on gene expression studies. We particularly focused on drugs that

significantly downregulate ACE2 along with other critical proteins identified by the network-based approach. Among them, COL-3 had

earlier shown activity against acute lung injury and acute respiratory distress, while entinostat and mocetinostat have been investigated

for non-small-cell lung cancer. We propose that these drugs can be repurposed for COVID-19.

Index Terms—SARS-CoV-2, coronavirus, disease comorbidity analysis, protein-protein interactions, biological networks, biological path-

ways, drug repurposing
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1 INTRODUCTION

THE COVID-19 outbreak started in the Wuhan city of
China in December 2019, and rapidly spread to other

parts of the world [1]. It was declared as a pandemic by the
World Health Organization in March 2020, and by mid of
May 2020, it had spread to more than 200 countries infecting
more than 4 million people and causing more than 300000
deaths [2]. Coronaviruses have caused two major pandem-
ics in the past - severe acute respiratory syndrome (SARS),
which originated from China in 2003, and Middle East
respiratory syndrome (MERS), which originated from Saudi
Arabia in 2012 [3], [4]. Several research groups are working
on the development of drugs and vaccines against these
viruses. There are several ongoing clinical trials of drugs
such as chloroquine, lopinavir, ritonavir, nafamostat, camo-
stat and famotidine [5], [6]. However, currently there are no
therapeutics which have been considered safe and effective
for the treatment of COVID-19 [7].

The viral entry into human cells is carried out by the spike
(S) protein of SARS-CoV-2. Three human proteins have been
identified as host receptors for the viral invasion into human
cells - angiotensin-converting enzyme 2 (ACE2) [8], trans-
membrane protease serine 2 (TMPRSS2) [9] and basigin
(BSG/CD147) [10]. In addition, a number of human proteins
involved in host-pathogen protein-protein interactions with

the virus have been identified recently [11]. In another recent
study the authors identified a number of host-pathogen
interactions for SARS-CoV-2 by assembling CoV-associated
host proteins from four known human coronaviruses (SARS-
CoV, MERS-CoV, HCoV-229E, and HcoV-NL63) [12]. There
are few studies based on gene co-expression analysis of
ACE2, TMPRSS2 and other co-expressed genes in the lung
cell [13], [14]. Some other studies have also analyzed the dif-
ferential gene expression, but these studies are also restricted
to a single cell type [15], [16], [17], [18].

Apart from causing pneumonia, COVID-19 may also
cause damage to other organs such as the heart, liver, and
kidneys, as well as to organ systems such as the circulatory
and the immune system. Patients eventually die of multiple
organ failure, shock, acute respiratory distress syndrome,
heart failure and renal failure. Diseases like diabetes, cardio-
vascular disorders and cancer are risk factors for severe
patients compared to non-severe patients [19]. It has also
been observed that COVID-19 has more severe effects on
older people and people with aforementioned lifestyle dis-
eases than younger people [20]. Network-based approach
has been effectively used to understand the disease mecha-
nism and comorbidities of SARS-CoV and HIV infections
[21]. In this work, we first re-constructed a host protein-pro-
tein interaction (PPI) network based on known information
about initial host contacts of the virus and their neighbor-
hood. The aim of this study is to carry out an integrated
analysis of PPI, their association to diseases, genes, path-
ways and drug associations to explain the molecular basis
of fatal comorbidities of COVID-19 with other diseases like
diabetes, cardiovascular diseases and cancer. We have iden-
tified important proteins and pathways associated with
these diseases and drugs that can be repurposed for
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COVID-19 using gene expression data of drug molecules
and heterogeneous network information.

2 METHODS

The workflow implemented in the study is shown in Fig. F1
of the supplementary file, which can be found on the
Computer Society Digital Library at http://doi.ieeecompu-
tersociety.org/10.1109/TCBB.2021.3075299. We start by
identifying the local human PPI network around the three
proteins which interact with SARS-CoV-2 proteins. We then
identified the fatal comorbidities associated with the pro-
teins in the PPI network, and carried out the pathway analy-
sis to identify the critical pathways associated with the fatal
comorbidities. Finally, we carried out drug analysis to show
which drugs may have adverse effects in patients with
comorbidities and identified those which may be effective.

2.1 COVID-19 Related Host PPI Network

The human PPI data was obtained from a recent study [22],
which integrates experimentally validated interactions from
15 bioinformatics and systems biology databases. The inter-
actome data was updated based on the recent versions of the
constituent databases. The details about the construction of
human interactome are provided in section S2 of the supple-
mentary file, available online. The host PPI network associ-
ated with COVID-19 infection, called COVID-19 host PPI
network, was constructed by considering the PPIs around
the SARS-CoV-2 protein receptors in the human interactome.
The three reported receptors, ACE2 [8], TMPRSS2 [9] and
BSG [10], were considered as seed nodes for the execution of
random walk with restart (RWR) algorithm on the human
interactome. RWR is a ranking algorithm, which engages a
walker to inspect the global network to determine the close-
ness between two proteins in the PPI network [23], [24], [25].
The walker starts the journey from the reported receptors
(seed nodes) and travels randomly to all other proteins in the
PPI network, but is forced to return to the seed proteins with
a restart probability, r, of 0.7. The closeness of the proteins to
the reported receptors is computed as a probability vector,
Pi, which represents the probability of each protein in the
PPI network at each step i as

Piþ1 ¼ 1� rð Þ ATPi þ rP0; (1)

where, P0 is the initial probability vector and AT is the trans-
pose of the column-normalized adjacency matrix of the net-
work. Piþ1, the final outcome of the RWR calculations, is
considered to be converged when (Piþ1) – Pi < 1�10�6, indi-
cating that the probability vector was stable. The significant
proteins from RWR analysis were filtered based on RWR
score cutoff of 0.0002.

The RWR algorithm is highly dependent on the network
topology and may pick up several proteins unrelated to the
seed proteins [23]. To screen these false positives, a permuta-
tion test was performed where RWR was employed 1000
times, each time using randomly generated seed proteins from
the PPI network [23], [24], [25]. A p-value for each protein pre-
dicted byRWRwas calculated,which captures the significance
of the predicted proteins. The p-valuewas computed as

p� value protð Þ ¼ Q=1000: (2)

Here, Q represented the number of RWRs on randomly
generated seed proteins in which the probability of the
RWR-predicted protein, prot, is higher than that of the seed
nodes. Proteins with p-value lower than 0.05 were consid-
ered statistically significant for further analysis [23]. The
sub-network of human interactome obtained from the RWR
analysis can be analyzed to understand the mechanism of
viral invasion.

2.2 Disease Comorbidity

The disease-gene association information was obtained by
considering high confidence experimentally validated asso-
ciations reported in DisGeNet [26], OMIM [27], ClinVar [28]
and PheGenI [29] databases. The disease terms from these
resources were mapped on the Disease Ontology database
[30] to obtain uniform ontology. The disease classification in
the Disease Ontology database was used to extend the dis-
ease-gene association information to the disease group. The
diseases associated with the genes in COVID-19 host PPI
network were identified as possible comorbidities, and
were further analyzed. 79 disease terms belonging to the 6
disease groups (Fig. 2) were associated with one or more of
the 30 genes from the COVID-19 host PPI network, as
shown in Fig. F3 of the supplementary file, available online.

2.3 Functional Analysis

The gene ontology (GO) analysis and pathway analysis
were carried out using the gene set enrichment analysis
web server, Enrichr [31]. The set of proteins associated with
different disease groups were used as input in Enrichr to
identify the statistically significant pathways among all the
human pathways reported in KEGG database (2019 release)
[32]. The pathways and GO terms with adjusted p-value <
0.05 computed using Fisher’s exact test were considered as
significant in the study. The significant GO terms for biolog-
ical processes were obtained from the Gene Ontology
resource (2018 release) [33] using Enrichr by considering all
the proteins in the COVID-19 host PPI network. The rela-
tionship between the biological processes was analyzed
using the REVIGO webserver [34].

2.4 Identification of Drug Molecules Using Gene
Expression Data

Drug Gene Budger [35] was used to explore drugs and
small molecules in L1000 data [36] that significantly regu-
lated ACE2 expression (both upregulated and downregu-
lated) along with other critical proteins of the COVID-19
host network. Small molecules that lead to differential gene
expression of important proteins, captured by log2 fold
change (LFC) higher than 1.5 for upregulation and less than
�1.5 for downregulation, were considered for further analy-
ses. Drugs which are responsible for significant over expres-
sion of ACE2 can increase the risk of COVID-19. On the
other hand, drugs which significantly downregulate the
ACE2 expression were further explored for their potential
therapeutic application against COVID-19. Mechanism of
action, clinical trial stages and structural details of drugs
were analysed using DrugBank [37], PubChem [38],
L1000FWD [39] and ClinicalTrials.gov (https://clinical-
trials.gov/). Drugbank is a knowledgebase consisting of
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pharmacological and clinical level information about drugs
such as side effects and drug interactions. PubChem is a
repository of chemical information where users can search
chemicals and their chemical and physical properties, bio-
logical activities, safety and toxicity information among
others. L1000 FireWorks Display (L1000FWD) shows effects
of various perturbations on cells along with perturbation
attributes such as mechanism of action. CrinicalTrials.gov is
a repository of all clinical studies conducted across the
world. These data sources were analysed to find mechanism
of action, clinical trial stages and structural details of drugs.
Drugs which were approved by FDA or undergoing clinical
trials were considered for further analysis. An edge between
an FDA-approved drug that induced a gene expression less
than �1.5 log2 fold change was established with the respec-
tive gene to develop a drug-gene network.

All scripts were written in Python and Perl, while net-
work analysis was performed in Cytoscape [40].

3 RESULTS AND DISCUSSION

We have analyzed the biological processes, pathways and dis-
ease comorbidities of COVID-19 by considering the protein-
protein interactions around the point of viral entry into the host
cell through its receptors, ACE2, TMPRSS2 and BSG. The PPI
neighborhood of ACE2, TMPRSS2 and BSG obtained from
RWR (COVID-19 host PPI network) comprises of 65 proteins
and 105 edges, as shown in Fig. 1. The progression of the viral
infection affects human health through various biological pro-
cesses carried out by the proteins in the neighborhood of the
receptors in the human interactome. We identified the signifi-
cant GO terms for biological processes associated with the

proteins in the COVID-19 host PPI. The statistically significant
biological processes and the relationship between them through
the COVID-19 host PPI are shown in supplementary Fig. F2,
available online. The processes are colored (Fig. F2) based on
the dispensability score obtained from REVIGO, where higher
scores are represented by darker shades of gray [34]. The
COVID-19 host PPI comprises of proteins that regulate critical
metabolic processes of the human body. These include the pro-
cesses involved in immune response, glucose metabolism,
vasoconstriction, protein metabolism and intracellular trans-
port. Although themolecular basis of the effect of COVID-19 on
these biological processes can be validated experimentally
through protein assays and gene expression data analysis, the
network-based approach provides a systems level understand-
ing of the effect on the interconnected biological processes.

3.1 Disease Comorbidity

The impact of COVID-19 has been observed to be severe in
patients with cancer, cardiovascular diseases, diabetes and
gastrointestinal disorders [1], [41], [42], [43]. The fatalities in
these critical care patients have been mostly due to the origi-
nal comorbidity leading to multiple organ failure [42], [44].
These complex conditions alter many biological processes
and pathways in the human body. Here, we investigate the
effect of COVID-19 through the host PPI and analyze the
important pathways affected in the severe comorbidities
due to the infection. Fig. 2 shows the disease association
of the PPI network for respiratory diseases, cardiovascular
diseases, cancers, glucose metabolism disorders, kidney dis-
eases and gastrointestinal diseases, and the detailed associa-
tion with each disease within the disease group is given in

Fig. 1. COVID-19 host protein-protein interaction network. The receptors of SARS-CoV2, ACE2, TMPRSS2 and BSG, and the edges connecting
them to their immediate neighbors are highlighted.
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supplementary Fig. F3 and table T1, available online. The
high comorbidity of COVID-19 with several diseases of dif-
ferent disease groups can be attributed to the critical genes
that are associated with multiple disease groups. These
include Angiotensinogen (AGT), Nuclear factor kappa B
subunit 1 (NFKB1), Caveolin 1 (CAV1), Leptin (LEP), Ghre-
lin (GHRL) and Von Hippel-Lindau (VHL). For all the dis-
ease groups with fatal comorbidity, we identified the
pathways associated with genes in the COVID-19 host PPI
network. The significant pathways identified are shown in
Fig. 3 and the detailed list of pathways is provided in sup-
plementary table T2, available online.

Glucose Metabolism Disorder. The genes AGT, LEP,
PRKCB, NFKB1, CAV1 and SLC2A4 of the COVID-19 host
PPI are associated with glucose metabolism diseases
(Fig. 2). They regulate ‘insulin resistance’, ‘AGE-RAGE sig-
naling pathway in diabetic complications’, ‘adipocytokine
signaling pathway’, ‘B cell receptor signaling pathway’,
‘NF-kappa B signaling pathway’, ‘aldosterone synthesis
and secretion’, ‘HIF-1 signaling pathway’ and ‘sphingolipid
signaling pathway’.

Cardiovascular Diseases. The genes that can lead to cardio-
vascular diseases (Fig. 2) are involved in pathways that are
responsible for ‘renin secretion’, ‘renin-angiotensin system’,
‘fluid shear stress and atherosclerosis’, ‘aldosterone synthe-
sis and secretion’, ‘insulin resistance’, ‘AGE-RAGE signal-
ing pathway in diabetic complications’, ‘adipocytokine
signaling pathway’, ‘neurotrophin signaling pathway’ and

‘cAMP signaling pathway’. There are 14 genes of the
COVID-19 host PPI network that are associated with cardio-
vascular diseases. Among them, AGT, ACE2, CALM1 and
CALM2 are the critical genes associated with most of the
cardiovascular diseases (supplementary Fig. F3, available
online) and significant pathways (supplementary Table T2,
available online), which are all connected in the immediate
neighborhood of ACE2.

Cancer. The cancer pathways associated with the COVID-
19 host PPIs are ‘HIF-1 signaling pathway’, ‘sphingolipid sig-
naling pathway’, ‘AMPK signaling pathway’, ‘B cell receptor
signaling pathway’, ‘NF-kappa B signaling pathway’,
‘insulin resistance’, ‘AGE-RAGE signaling pathway in dia-
betic complications’, ‘adipocytokine signaling pathway’ and
‘focal adhesion’. The genes PRKCB, NFKB1, VHL, PPP2RB1
and CAV1 are associatedwith different cancer types (supple-
mentary Fig. F3, available online) and significant pathways
(supplementary Table T2, available online).

Gastrointestinal Diseases. The genes AGT, LEP, GHRL,
NFKB1, MMP1 and FLNA of the COVID-19 host PPI are
known to be associated with gastrointestinal diseases. The
pathways of gastrointestinal diseases are ‘relaxin signaling
pathway’, ‘IL-17 signaling pathway’, ‘insulin resistance’,
‘AGE-RAGE signaling pathway in diabetic complications’,
‘adipocytokine signaling pathway’, ‘non-alcoholic fatty liver
disease (NAFLD)’ and ‘neuroactive ligand-receptor inter-
action’. The genes that can lead to gastrointestinal diseases are
shown in Fig. 2.

Fig. 2. PPI associated with the COVID-19 infection and diseases associated with them. The dashed lines represent the protein-protein interactions.
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AGT is associated with the most number of diseases,
which belong to the categories of cardiovascular, respira-
tory, glucose metabolism, kidney and gastrointestinal dis-
eases. It is the only precursor of all angiotensin peptides
and regulates blood pressure and homeostasis of water and
sodium through the renin–angiotensin system (RAS) [45].
The RAS pathway is known to be associated with cardiovas-
cular diseases, respiratory diseases, glucose metabolism,
kidney disease and gastrointestinal diseases [46], [47], [48],
[49]. NFKB1 is a transcription factor of proinflammatory
molecules and is an important regulator of innate and adap-
tive immunity, cell proliferation, stress responses and apo-
ptosis. It is therefore associated with pathogenic infections,
diabetes, kidney and liver diseases, and cancer [50], [51].
CAV1 is a membrane protein associated with endocytosis,
extracellular matrix organization, cholesterol distribution,
cell migration and signaling [52]. It is associated with diabe-
tes, cancer and cardiovascular diseases. LEP and GHRL reg-
ulate the energy homeostasis in the body by storage of fat
and appetite regulation respectively [53], [54]. These are
associated with glucose metabolism disorders, gastrointesti-
nal disorders and some forms of cancer. VHL is a tumor
suppressor gene associated with many forms of cancer (sup-
plementary Fig. F3, available online) [55].

There are three critical pathways that are affected in all
severe disease groups – ‘insulin resistance’, ‘AGE-RAGE
signaling pathway in diabetic complications’ and
‘adipocytokine signaling pathway’. The progression of
COVID-19 infection leading to severe conditions and fatal-
ity can be explained based on these critical pathways.

Insulin Resistance. Insulin resistance is a characteristic fea-
ture of the most prevalent metabolic disorder, type 2 diabe-
tes, and is associated with cardiovascular diseases and
cancer [56]. Hyperinsulinemia can lead to hypertension by
the activation of the sympathetic nervous system, renal
sodium retention, altered transmembrane cation transport
and growth-promoting effects of vascular smooth muscle
cells [57]. Hypertension along with dyslipidemia caused by
insulin resistance can lead to cardiovascular conditions,
especially coronary artery disease [58]. The increase in level
of insulin can also stimulate the synthesis of sex steroids
that can promote cellular proliferation and inhibit apopto-
sis, leading to cancer [59], [60]. Insulin resistance can also be
associated with cancer through the overproduction of reac-
tive oxygen species that can damage DNA, contributing to
mutagenesis and carcinogenesis. The genes AGT, NFKB1,
PRKCB and SLC2A4 of the COVID-19 host PPI are associ-
ated with insulin resistance.

AGE-RAGE Signaling Pathway in Diabetic Complications.
Advanced glycation end products (AGEs) are the products
of non-enzymatic glycation and oxidation of proteins and
lipids that accumulate in diabetes [61], [62]. Increased levels
of AGEs, especially carboxymethyllysine (CML), have been
observed to be associated with atherosclerosis, coronary
artery disease and heart failure [63]. The indirect vascular
effects of elevated AGEs such as coronary dysfunction, ath-
erosclerosis and thrombosis, and their direct effects on myo-
cardium, lead to heart failure. The increased levels of these
highly reactive AGEs induce persistent inflammation and
oxidative stress, which lead to cancer [64], [65].

Fig. 3. Heterogeneous network comprising of the pathways (green triangles) responsible for fatal comorbidities related to COVID-19, genes (red
circles) and drugs (as capsules) which affect them. Important proteins and corresponding significant pathways are shown. All drugs shown here are
also connected with ACE2 as they downregulate ACE2 gene expression but the edges between ACE2 and the drugs are not shown here for
simplicity.
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Adipocytokine Signaling Pathway. Adipocytokines are
secreted by the adipose tissues, which signal key metabolic
organs such as liver, muscle and pancreas, to maintain met-
abolic homeostasis through the adipocytokine signaling
pathway [66]. Leptin (LEP) is the major adipocytokine
which controls appetite and is associated with obesity.
However, it also stimulates oxidative stress, inflammation,
thrombosis, arterial stiffness, angiogenesis and atherogene-
sis. It is associated with diabetes, cardiovascular conditions,
chronic kidney diseases and cancer [67], [68].

It can be observed that all the three pathways common to
the fatal comorbidities are also related to aging [69], [70],
[71], [72]. This is in congruence with the age-wise distribu-
tion of case fatality rate of COVID-19 observed in China and
Italy [73], [74]. The case-fatality rate for patients older than
80 years is as high as 20 percent whereas it reduces to less
than 1 percent for patients younger than 60 years of age.
Aging leads to altered levels of insulin, AGEs and LEP in
the body, which are further affected in COVID-19 patients
through these pathways. It can be concluded from these
observations that the three critical pathways play a signifi-
cant role in regulating the severity of COVID-19 and risk of
mortality, through the comorbid conditions such as diabe-
tes, cardiovascular diseases, cancer, gastrointestinal disor-
ders and higher age that are all associated with these three
pathways.

3.2 Potential Drugs for COVID-19

The spike protein of SARS-CoV-2 mainly binds to the target
cells through ACE2 [43]. The ACE2 is expressed in epithelial
cells of the lungs, intestine, kidneys, and blood vessels [75].
Studies based on SARS-CoV infected mice model suggest
that over-expression of human ACE2 enhanced disease
severity [76], [77], [78]. Drug Gene Budger (DGB) [35] was
used to explore existing drugs and small molecules that reg-
ulate ACE2 expression from L1000 data [36]. The analysis of
expression data helps in understanding the importance of
proteins and pathways identified in this study and their
relationship with SARS-CoV-2 receptors. The objective is to
identify drugs that can increase the chances of COVID-19
infection in patients with comorbidites and explore the
existing drugs which can be repurposed for COVID-19.

Drugs that Increase the Possibility of COVID-19. Drugs that
are responsible for overexpression of ACE2 can increase the
probability of COVID-19 infection. Age and gender are
other important determinants of ACE2 expression as it is
observed that the expression is significantly higher in older
people and males [79], [80]. The ACE2 expression is sub-
stantially increased in patients with type 1 and type 2 diabe-
tes, who are treated with ACE inhibitors like moexipril
(Drug Bank id: DB00691) [81] or angiotensin II type-I recep-
tor blockers (ARBs). Hypertension is also treated with ACE
inhibitors and ARBs, which results in an upregulation of
ACE2. ACE2 can also be increased by thiazolidinediones
and ibuprofen [43]. Based on gene-expression data from
L1000, we identified few additional drugs which are respon-
sible for significant over expression of ACE2. We hypothe-
sise that these drugs can increase the chance of COVID-19.
The ACE2 expression is significantly upregulated by Danu-
sertib (LFC 1.8), which is studied for hormone refractory

prostate cancer [82]. Trichostatin A is an anti-cancer drug,
which also possesses antifungal and antibiotic properties. It
inhibits the activation of the PI3K/Akt and ERK1/2 path-
ways [83] and significantly upregulates ACE2 expression
(LFC 2).

Drugs That Downregulate ACE2 Expression. The drugs
which significantly downregulate ACE2 activity, can be
considered as probable therapeutics against COVID-19.
Drugs that significantly downregulate ACE2 gene expres-
sion and at the same time inhibit other important proteins
and pathways of the host sub-network (shown in Fig. 3)
were identified from L1000 dataset [36]. Some recent articles
indicate that hydroxychloroquine and chloroquine inhibit
terminal glycosylation of ACE2 [84], [85]. As a result, ACE2
becomes less efficient in interacting with the SARS-CoV-2
spike protein, thus inhibiting viral entry. It will be interest-
ing to identify other drugs that affect ACE2.

The complete list of drugs that downregulate ACE2 and at
least one important protein of the COVID-19 host
PPI network is shown in Table 1. COL-3 is chemically modi-
fied tetracycline-3 [6-dimethyl-6-deoxy-4-de(dimethylamino)
tetracycline] which is also known as incyclinide or CMT-3.
It has been extensively studied as a potential new therapeutic
agent for allergic conditions, inflammatory conditions (i.e.,
arthritis, acute respiratory distress syndrome, septic shock
syndrome, acne and rosacea), neoplastic diseases (i.e., colon
carcinoma, prostate cancer) and infectious (fungal) diseases.
COL-3 has been used in trials for HIV infection and brain
and central nervous system tumors [86]. Most importan-
tly, COL-3 has shown promising results against acute lung
injury and acute respiratory distress in animal models [87]. It
significantly downregulates ACE2 (LFC -1.8) and other
important proteins in the COVID-19 host PPI network,
including AGT, CAV1, FLNA, MMP1, NPY and PRKCB
(see Fig. 3).

Interestingly, the list of drugs include investigational
anti-cancer drugs entinostat, mocetinostat and alvespimy-
cin. Entinostat and mocetinostat are benzamide-containing
histone deacetylase (HDAC) inhibitors that downregulate
ACE2 expression (LFC �1.8 and �1.7 respectively as shown
in Table 1). Entinostat [88] is under investigation for the
treatment of non-small-cell lung cancer and epigenetic ther-
apy. It is also found to downregulate other important

TABLE 1
Drugs From L1000 Dataset Which Significantly Downregulate
ACE2 Along With Other Critical Proteins of the COVID-19

Related Human PPI Sub-Network (Fig. 3)

S.

No.

Drug name Host genes

downregulated

LFC for

ACE2

Status of

drug

1. COL-3 ACE2, AGT, CAV1, FLNA,
MMP1, NPY, PRKCB

�1.8 Phase 2
completed

2 Entinostat ACE2, AGT, FLNA, NFKB,
NPY, PCK1

�1.8 Phase 3
recruiting

3 Mocetinostat ACE2, FLNA, NPY �1.7 Phase 2
completed

4 Staurosporine ACE2, FLNA, NPY �1.5 Phase 2
completed

5 Etodolac ACE2, FLNA �1.6 FDA
approved

The log2 Fold Change (LFC) Data is Shown Only for ACE2.
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proteins in the COVID-19 host PPI network, including AGT,
FLNA, NFKB, NPY and PCK1. Mocetinostat [89] is cur-
rently in phase 2 clinical trials for the treatment of various
lymphoid and myeloid malignancies [90]. Alvespimycin is
a derivative of geldanamycin, which is known to reduce
acute respiratory distress syndrome [91], [92]. Alvespimycin
inhibits HSP90 and its regulation of cell signaling pathways.
It downregulates ACE2 expression (LFC �2.11) and at the
same time significantly downregulates CAV1, FLNA,
MMP1, NPY which are part of the COVID-19 host PPI net-
work. In fact, geldanamycin itself downregulates ACE2
(LFC �1.2). However, Alvespimycin has been terminated in
phase 2 clinical trials. Staurosporine, a natural product iso-
lated from Streptomyces staurosporeus, is a potent PKC
inhibitor which downregulates ACE2 expression (LFC
�1.5) [93], [94].

Etodolac [95] is a non-steroidal anti-inflammatory mod-
erate painkiller drug used in rheumatoid arthritis and osteo-
arthritis. It significantly downregulates ACE2 expression
(LFC �1.5). The anti-inflammatory effects of etodolac result
from inhibition of the cyclooxygenase enzymes (COX), spe-
cially COX-2. COX-2 is part of the NFKB pathway, an
important pathway of the COVID-19 host PPI sub-network.
It was also found to downregulate FLNA of the host sub-
network, which is also part of the NFKB pathway.

4 CONCLUSION

Diseases are regulated by a complex network of protein-
protein interactions. The impact of a pathogenic infection
on human health is governed by the host-pathogen interac-
tions, and it propagates through the PPI network to affect
biological processes. We have used the human PPI network
to explain the molecular basis of the relationships between
COVID-19 and other diseases that have high case-fatality
rate. We started with three high confidence host contacts of
SARS-CoV-2, viz., ACE2, TMPRSS2 and BSG, and then
identified the local network around them in the human
interactome using the RWR method. We could identify the
proteins and pathways that are implicated in cancer, cardio-
vascular disease, diabetes and gastrointestinal disorders
from this local network. The pathways ‘Insulin resistance’,
‘AGE-RAGE signaling in diabetic complications’ and
‘adipocytokine signaling’ were found to be associated with
all the fatal comorbidities and are also known to be associ-
ated with ageing, which has been reported in several studies
as one of the major risk factors in COVID-19 patients. These
observations suggest that the severity of disease progression
in SARS-CoV-2 infection and the risk of mortality is higher
for patients with comorbidities associated with the three
critical pathways.

The present study is an attempt to integrate publicly
available multi-omics data including protein-protein
interactions, disease-gene associations, pathway informa-
tion, data of FDA-approved drugs and drugs undergoing
clinical trials, and the differential gene-expression of
drugs to provide a systems level understanding of the
propagation of COVID-19 in patients with fatal comorbid-
ities, and also comment on drug indications. We identified
5 drugs that can significantly downregulate the primary
receptor of SARS-CoV-2, ACE2, along with other

important proteins of the host PPI sub-network. Among
them, COL-3 has previously shown activity against acute
lung injury and acute respiratory distress, while entino-
stat and mocetinostat are in clinical trials for non-small-
cell lung cancer. We opine that these drugs can be investi-
gated further for their therapeutic value and repurposed
against COVID-19.

The inferences presented in this work are based on a
holistic approach to understand the critical comorbidities of
COVID-19 based on protein-protein interactions. Although
we have only considered experimentally validated data, the
reliability of the analysis presented in the work is depen-
dent on the authenticity of the data available across the vari-
ous databases. The molecular basis of comorbidities and
potential drugs proposed here are preliminary indications
requiring experimental validation.
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