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Editorial on the Research Topic

Computational drug discovery for emerging viral infections

The emerging and remerging viral infections mainly SARS-CoV2, Nipah, Zika, Lassa,

Monkeypox (mpox), West Nile, and Ebola, are significant concerns for public health in

recent the past with high mortality and morbidity throughout the world. Though vaccines

have been developed for some of these infections, the lack of promising lead and drug

candidates against many of these emerging viruses is a present concern (Morens and

Fauci, 2020). Screening of potential molecular targets and unexplored lead molecules from

natural sources and repurposing of drug molecules are recent trends in drug discovery.

Computational Biology and Bioinformatics potentially contribute to the modern drug

discovery protocol (Zhang et al., 2022). The integration of data science, machine learning,

and artificial intelligence with computational biology offers great scope in screening lead

candidates with ideal drug likeliness, pharmacokinetic and toxicities properties for drug

development (Rai et al., 2023). The computational models not only provide insights into the

experimental validation, but also reduce the cost, time and other complexities associated with

traditional drug discovery and development. Hence, with the advent of molecular docking

and dynamics method, computational research is becoming more important than ever for

drug development against viral infections (Karplus and McCammon, 2002; Shoichet et al.,

2002).

This Research Topic aimed to provide a recent outline and update on various aspects

of drug discovery for emerging viral infections that utilize data science, computational

biology, bioinformatics, and integrated omics sciences. The major goal of this Research

Topic is to prioritize cutting-edge in silico drug discovery approaches that can be scaled

up to the experimental level and contribute to modern drug discovery against emerging

viral infections.

The Research Topic was introduced in May 2022, within the next 6

months we received 23 submissions, of which 12 full-length research articles

were accepted and 11 manuscripts were rejected. We have contacted 100%

of the potential authors and 100 authors contributed to the Research Topic.
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As of the second week of October 2023, 19K total views and

downloads were reported. The accepted manuscript contributes

substantial breakthroughs in the scope and applications of

computational drug discovery and predictive models in future-

generation drug discovery to emerging viral infections. Though

the Research Topic welcomed the submissions related to emerging

viral infections, most of the articles were focused on the

role of computational biology and other in silico approaches

against SARS-CoV-2.

Khan and Lee comprehensively reported the network

pharmacological and molecular docking-based studies of using the

phytochemicals of Kochiae fructus toward the potential molecular

targets for the lead discovery against SARS-COV2. The molecular

interaction and binding stability of small molecule N-0385 toward

TMPRSS2, ACE2, and DPP4 receptors of SARS-CoV-2 were

reported (Cao et al.). Han et al. also identified five potential natural

compounds against the S protein of Lambda and Delta mutants of

SARS-CoV-2. Similarly, with the help of structure-based virtual

screening and deep learning approaches, potential ligands were

screened toward the main proteases of SARS-CoV-2 (Prabhakaran

et al.). The common pathogenic processes between SARS-COV2

and Hemorrhagic fever with renal syndrome (HFRS) are well

illustrated by the integration of RNA-seq differential expression

analysis and machine learning approaches (Noor et al.). Further,

machine learning approaches were used for the large-scale

screening for SARS-CoV-2 host factories and prioritized PRI-724

as a potent antiviral against β-catenin/CBP (Kelch et al.). The

specific role of immunogenic cell death (ICD) and related genes

in SARS-COV2 was analyzed by Zhuo et al. they suggested that

CASP1, CD4, and EIF2AK3 are probably the diagnostic genes of

SARS-COV2 and that are correlated with immune activity.

In addition to SARS-COV2, the topic collection also

highlighted the role of various computational biology approaches

and models toward the drug discovery against Lassa virus, West

Nile virus, Monkeypox virus and tick-borne pathogens such as

human Babesia microti. Rcheulishvili et al. designed a universal

multiepitope DNA vaccine candidate against mpox and its

efficiency was evaluated by immunoinformatic approaches. Several

natural plant-based molecules were subjected to computational

screening and potential lead molecules were identified as the

probable molecular targets of Babesia microti and monkeypox

virus (Akash, Ahmad Mir et al.). The scope of Xuanbai Chengqi

decoction (XBCQD) on monkeypox is illustrated by several

computational biology resources by Jioa et al. suggested that

the estrone-target AR interaction model is probably one of

the best models against monkeypox drug discovery. The

modified evodiamine derivatives are probably promising lead

candidate against the glycoprotein and nucleoprotein targets

of the Lassa virus (Akash, Baeza et al.). Akash, Bayil et al. also

performed the interaction modeling of envelope glycoprotein and

methyltransferase of West Nile virus and phytocompounds using

several in silico approaches.

The major focus of the Research Topics is Computational drug

discovery for emerging viral infections, the authors comprehensively

illustrated the scope and applications of various predictive models

in drug screening and new lead discovery against various emerging

infections such as SARS-CoV2, Monkeypox and Lasa Viral

infections, the computational models require extensive studies and

validation in experimental level. Computational drug discovery

certainly reduces the time, complexities, and initial investments

associated with conventional vaccine design and drug discovery.

The predictive models provide substantial breakthroughs and

a foundation to scale up the hypothetical aspects into the

experimental level and can scale up the approach into the industrial

and healthcare sectors.
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Network pharmacology and
molecular docking-based
investigations of Kochiae
Fructus’s active phytomolecules,
molecular targets, and pathways
in treating COVID-19
Shakeel Ahmad Khan1* and Terence Kin Wah Lee1,2*
1Department of Applied Biology and Chemical Technology, The Hong Kong Polytechnic University,
Kowloon, Hong Kong SAR, China, 2State Key Laboratory of Chemical Biology and Drug Discovery,
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COVID-19 disease is caused by SARS-CoV-2. Hyper-inflammation mediated

by proinflammatory cytokines is humans’ primary etiology of SARS-CoV-

2 infection. Kochiae Fructus is widely used in China as traditional Chinese

medicine (TCM) to treat inflammatory diseases. Due to its anti-inflammatory

properties, we hypothesized that Kochiae Fructus would be a promising

therapeutic agent for COVID-19. The active phytomolecules, targets, and

molecular pathways of Kochiae Fructus in treating COVID-19 have not been

explored yet. Network pharmacology analysis was performed to determine

the active phytomolecules, molecular targets, and pathways of Kochiae

Fructus. The phytomolecules in Kochiae Fructus were retrieved from the

Traditional Chinese Medicine Systems Pharmacology (TCMSP) database,

and their potential targets were predicted with the SwissTargetPrediction

webserver. COVID-19-related targets were recovered from the GeneCards

database. Intersecting targets were determined with the VENNY tool. The

Protein-protein interaction (PPI) and Molecular Complex Detection (MCODE)

network analyses were constructed using the Cytoscape software. Using

the DAVID tool, gene ontology (GO) and Kyoto Encyclopedia of Genes

and Genomes (KEGG) pathway enrichment analysis were performed on the

intersecting targets. AutoDock Vina (version 1.2.0.) was used for molecular

docking analysis. Six active phytomolecules and 165 their potential targets,

1,745 COVID-19-related targets, and 34 intersecting targets were identified.

Network analysis determined 13 anti-COVID-19 core targets and three key

active phytomolecules (Oleanolic acid, 9E,12Z-octadecadienoic acid, and

11,14-eicosadienoic acid). Three key pathways (pathways in cancer, the

TNF signaling pathway, and lipid and atherosclerosis) and the top six anti-

COVID-19 core targets (IL-6, PPARG, MAPK3, PTGS2, ICAM1, and MAPK1)

were determined to be involved in the treatment of COVID-19 with active

phytomolecules of Kochiae Fructus. Molecular docking analysis revealed that
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three key active phytomolecules of Kochiae Fructus had a regulatory effect

on the identified anti-COVID-19 core targets. Hence, these findings offer a

foundation for developing anti-COVID-19 drugs based on phytomolecules of

Kochiae Fructus.

KEYWORDS

Kochiae Fructus, COVID-19, network pharmacology, molecular docking, molecular
pathways

Introduction

The severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) initially emerged in December 2019 in Wuhan,
China, and then spread fast across the country, causing
extensive respiratory infections (Rizwan et al., 2020). Till now,
we have remained unsuccessful in halting the transmission
of SARS-CoV-2 and its subsequent disease, “Corona Virus
Disease 2019” (COVID-19). They are posing a continuous
threat to human health and are claiming the deaths of
numerous people over the globe daily (Tang et al., 2022). One
of the most significant impediments in treating COVID-19
is the production of proinflammatory cytokines throughout
the disease’s progression, referred to as cytokine release
syndrome (CRS). CRS has been identified as humans’ primary
etiology of SARS- and MERS-CoV infection (Channappanavar
and Perlman, 2017; Mehta et al., 2020; Niu et al., 2021).
COVID-19 patients have been observed to have systemic
hyper-inflammation, also known as macrophage activation
syndrome or cytokine storm (McGonagle et al., 2020). Reports
demonstrate that a biomarker for CRS is an increase in
pro-inflammatory cytokines such as IL-6. In patients with
COVID-19, IL-6-induced CRS has been observed (Fehr
et al., 2017; Ruan et al., 2020a; Zhang X. et al., 2020).
Studies have reported that Tocilizumab, an IL-6 receptor
antagonist, can be effective in suppressing cytokine storms
in patients with COVID-19. However, early evidence from
randomized clinical trials remains inconclusive (No author
list, 2020; Niu et al., 2021). The only anti-COVID-19
therapies available are anti-SARS-CoV-2 vaccines such as
BNT162b2, CoronaVac, ChAdOx1 nCoV-19, and mRNA-
1273 which have been administered to people all over the
globe (Tang et al., 2022). The vaccination program of anti-
SARS-CoV-2 vaccines has successfully prevented thousands
of deaths from COVID-19. Despite their therapeutic efficacy,
these vaccines are reported to induce severe complications,
including hypersensitivity myocarditis, Bell’s palsy, vaccine-
induced immune thrombocytopenia, and thrombosis (VITT)
(NICE, 2021; Kounis et al., 2022; Wan et al., 2022). As
a corollary, developing more effective therapeutics with a

reduced risk of adverse effects against COVID-19 remains a
critical demand.

In this instance, traditional Chinese medicine (TCM) may
be a viable alternative therapy for COVID-19. TCM has been
used for thousands of years to treat a variety of diseases.
Recent research has shown that TCM is quite beneficial in the
treatment of COVID-19 (Liu et al., 2020; Ma Q. et al., 2020; Yang
et al., 2020). The phytochemicals in TCM, such as polyphenols,
flavonoids, alkaloids, and terpenoids, have been shown to
effectively suppress pro-inflammatory cytokines (Zhou H. X.
et al., 2020; El-Missiry et al., 2021; Alzaabi et al., 2022; Ge
et al., 2022). Moreover, compared to conventional therapeutic
drugs, the potential of TCM to treat just the symptoms of a
disease while causing no damage to healthy cells makes it a more
tempting choice for drug design and development.

Kochiae Fructus is the dried fruit of Kochia scoparia
(L.) Schrad., has been used in TCM for over 2000 years
as a topical and edible drug (Choi et al., 2014; Luo et al.,
2021). Kochiae Fructus was initially reported in “Shennong
Ben Cao Jing” as a “top grade” medicinal herb (Matsuda
et al., 1999; Zou et al., 2021). Kochiae Fructus’s traditional
efficacy was also reported in ancient medicinal books such
as the Herbal Canon, Compendium of Materia Medica, etc.,
(Xiao et al., 2018; Zou et al., 2021). Kochiae Fructus has
traditionally been used to treat back pain, malignant sores,
skin itching, eczema, abnormal leucorrhea, male impotence,
frequent urination, and eye conditions (Choi et al., 2014;
Xiao et al., 2018; Luo et al., 2021; Zou et al., 2021). More
than 150 phytomolecules have been identified in Kochiae
Fructus that are characterized as heterocyclics, essential
oils, organic acids, amino acids, carbohydrates (primarily
mono- and disaccharides), flavonoids, and triterpenoids (Zou
et al., 2021). Pharmacological studies demonstrated that
extracts and components of Kochiae Fructus have anti-
cancer, anti-microbial, anti-gastric mucosal damage, anti-
edema, anti-nociceptive, anti-allergic, anti-inflammatory, anti-
dermatitic, anti-pruritogenic, anti-itching, and hypoglycemic
effects (Zou et al., 2021). Due to the presence of phytomolecules
(polyphenols, flavonoids, terpenoids, etc.) and their anti-
inflammatory properties, we hypothesized that Kochiae Fructus
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would be a promising therapeutic agent for COVID-19. The
active molecules and mechanisms of action of Kochiae Fructus
in treating COVID-19 have not been reported yet. Thus, we
have provided several justifications for our hypothesis about the
effectiveness of Kochiae Fructus in treating COVID-19.

Network pharmacology and bioinformatics are emerging
interdisciplinary fields involved in drug research and
development. They utilize artificial intelligence as well as
big data to identify active drug molecules and their molecular
pathways (Xia, 2017). According to TCM’s holistic approach,
network pharmacology intends to investigate the effectiveness
of pharmaceuticals holistically, shifting research away from
conventional one drug, one target mode, and toward a
developing one drug, network targets paradigm (Zhou Z.
et al., 2020). In the current study, we, therefore, employed
different bioinformatics tools, including network pharmacology
and molecular docking approaches, to predict biologically
active molecules, molecular targets, as well as molecular
pathways implicated in Kochiae Fructus’s anti-COVID-19
effects (Figure 1).

Materials and methods

Collection of Kochiae Fructus’s active
molecules

We have retrieved the active phytomolecules of Kochiae
Fructus utilizing the TCMSP (Version 2.31) (Ru et al., 2014).
The TCMSP database includes the relationships between
each component’s absorption, distribution, metabolism, and
excretion (ADME) characteristics. Oral bioavailability “OB” is
a term that refers to “the rate and degree to which an active
component or active moiety is absorbed from a therapeutic
product that becomes accessible at the targeted site.” Drug
Likeness “DL” is a qualitative paradigm for drug design that
incorporates the ADME qualities of ingredients and established
medications. Thus, the therapeutic phytomolecules of Kochiae
Fructus that satisfied the requirements of both OB ≥ 20% and
DL ≥ 0.10 were selected for further analysis (Chen et al., 2001;
Ru et al., 2014; Ma X. et al., 2020; Wang et al., 2021).

Screening of COVID-19-related targets

The COVID-19-related targets were retrieved from the
GeneCards R© : The Human Gene Database2 by searching
the keywords “Novel Coronavirus Pneumonia” and “Novel
Coronavirus,” (Rebhan et al., 1997). After combining the targets

1 https://old.tcmsp-e.com/tcmsp.php, accessed on April 8, 2022

2 https://www.genecards.org/, accessed on April 8, 2022

of both keywords, the duplication of targets was removed using
Venny 2.1 online database3 (Oliveros, 2007).

SwissTargetPrediction of Kochiae
Fructus’s active phytomolecules

By using the SwissTargetPrediction database,4 the potential
targets of Kochiae Fructus’s active phytomolecules were
acquired (Daina et al., 2019). The only potential targets
with a probability score greater than 0 were selected for
further analysis.

Identification of intersecting targets

The intersection targets between the potential targets of
the Kochiae Fructus’s active phytomolecules and the COVID-
19-related targets were identified using the Venny 2.1 online
database (see text footnote 3) (Oliveros, 2007). These identified
intersecting targets were recognized as potential anti-COVID-
19 key targets.

Protein-protein interaction analysis

The potential anti-COVID-19 key targets (identified in
section “Identification of intersecting targets”) were then
assessed for protein-protein interaction (PPI) analysis using the
STRING database (version 11.5, accessed on April 8, 20225)
at a confidence score > 0.4 and a species limited to “Homo
sapiens” (von Mering et al., 2003; Chu et al., 2020). The string
PPI analysis results were then uploaded to Cytoscape software
(version 3.9.0, Boston, MA, the United States, accessed on April
8, 2022) to identify the potential anti-COVID-19 core targets
(Lopes et al., 2010).

Molecular Complex Detection analysis

The important modules in the PPI network of 34 potential
anti-COVID-19 key targets were then determined by employing
the Molecular Complex Detection (MCODE) plug-in in
Cytoscape software (accessed on April 8, 2022) (Lopes et al.,
2010). The conditions for MCODE analysis were Find clusters:
in the whole network, Degree cutoff: 2, Node score cutoff: 0.2,
K-core: 2, and Maximum Depth: 100 (Cao et al., 2021).

3 https://bioinfogp.cnb.csic.es/tools/venny/, accessed on April 8, 2022

4 http://www.swisstargetprediction.ch/, accessed on April 8, 2022

5 https://string-db.org/
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FIGURE 1

The workflow of the present study for predicting the active molecules and mechanism of action of Kochiae Fructus in treating COVID-19.

Network construction between
potential anti-COVID-19 (key and core)
targets and Kochiae Fructus’s active
phytomolecules

The network between anti-COVID-19 (key and core)
targets and Kochiae Fructus’s active phytomolecules was further
constructed by integrating them using Cytoscape software

(version 3.9.0, Boston, MA, the United States, accessed on April
8, 2022) (Lopes et al., 2010; Chu et al., 2020).

Enrichment analysis

Further enrichment analysis of GO functional and Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway
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was performed on 34 potential anti-COVID-19 key targets
(identified in section “Identification of intersecting targets”)
using DAVID (Version 6.8)6 (Huang et al., 2008; Zhang
et al., 2021). The GO terms were categorized into three types:
cellular component (CC), biological process (BP), and molecular
function (MF). By uploading the data to the Bioinformatics
platform,7 the top 10 GO analysis data (BP, CC, and MF)
and top 30 KEGG pathways were further exhibited in the
form of an enrichment dot bubble (Weishengxin, 2022). The
classical hypergeometric test was used to determine statistical
significance. The adjusted p-value < 0.05 was utilized as the
significant threshold in our investigation after utilizing the
Benjamini–Hochberg method to control the false discovery rate
(FDR) for multiple hypothesis testing (Chu et al., 2020).

Molecular docking

Briefly, two-dimensional (2D) structures of Kochiae
Fructus’s key active phytomolecules were obtained from the
NCBI PubChem8 online database in Spatial Data File (SDF)
format and three-dimensional (3D) structures were designed
utilizing BIOVIA Discovery Studio Visualizer 2021 and saved
in PDB file format (BIOVIA DS, 2016; NIH, 2022). Protein
crystal structures of top-six potential anti-COVID-19 core
targets were obtained in PDB format from the Protein Data
Bank9 (Berman et al., 2000; RCSB PDB, 2022). The ligands and
water molecules from the protein crystal structure complexes
were retrieved using BIOVIA Discovery Studio Visualizer
2021 software. Following that, a grid of each protein was
constructed using it, polar hydrogen was added, and the
resulting protein was saved in PDB file format (BIOVIA DS,
2016). The PDB-formatted proteins were then uploaded to
AutoDock Vina (version 1.2.0), and the Kollman and Gasteiger
partial charges were applied. The key active phytomolecules
of Kochiae Fructus were then transferred to AutoDock Vina
in PDB format. Proteins and key active phytomolecules were
converted to pdbqt format, and AutoDock Vina scripts were
written for molecular docking (Trott and Olson, 2010). Finally,
the acquired docked complexes were visualized using the
software BIOVIA Discovery Studio Visualizer 2021 to assess the
binding capacity of the key active phytomolecules and potential
anti-COVID-19 core targets (BIOVIA DS, 2016). Binding
energy less than zero shows that a ligand may spontaneously
bind to the receptor. It is generally accepted that the lower the
energy score of the ligand-receptor binding configuration, the

6 https://david.ncifrf.gov/, accessed on April 8, 2022

7 http://www.bioinformatics.com.cn/, accessed on April 8, 2022

8 https://pubchem.nlm.nih.gov/, accessed on April 9, 2022

9 https://www.rcsb.org/, accessed on April 9, 2022

greater the likelihood of binding (Trott and Olson, 2010; Chu
et al., 2020).

Results

Active compounds screening

From the TCMSP database, 19 phytomolecules from
Kochiae Fructus were retrieved. In addition, screening for active
phytomolecules based on OB ≥ 20% and DL ≥ 0.10 resulted
in identifying six active phytomolecules in Kochiae Fructus.
Table 1 lists each of Kochiae Fructus’ six active phytomolecules.

Potential targets of Kochiae Fructus’s
active phytomolecules

Using the SwissTargetPrediction online database, the
potential targets of Kochiae Fructus’ active phytomolecules were
identified. With a probability score > 0, 459 potential targets
of six active phytomolecules were identified. 165 potential
targets were chosen for further investigation after redundancies
were eliminated.

COVID-19-related targets

By searching the GeneCards database with the terms
“Novel Coronavirus Pneumonia” and “Novel Coronavirus,”
1745 COVID-19-related targets were identified.

Intersecting targets analysis

Using the VENNY 2.1.0 online tool, the intersecting
targets between the potential targets of Kochiae Fructus’
active phytomolecules and the COVID-19-related targets were
analyzed, and 34 intersecting targets were determined as
potential anti-COVID-19 key targets (Figure 2).

Protein-protein interaction network
construction and analysis

The PPI network was established by uploading 34 potential
anti-COVID-19 key targets into the STRING database version
11.5, as illustrated in Figure 3A. The result reveals that
the network has 34 nodes and 115 edges. Correspondingly,
the average node degree, local clustering coefficient, expected
number of edges, and PPI enrichment p-values were 6.76, 0.667,
32, and p < 0.0000001.
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TABLE 1 List of Kochiae Fructus’s active phytomolecules based on OB ≥ 20% and DL ≥ 0.10.

Phytomolecules ID Phytomolecules
name

Phytomolecules structure Molecular weight OB (%) DL

MOL001442 Phytol 296.6 33.82 0.13

MOL002038 9E,12Z-octadecadienoic acid 280.5 41.9 0.14

MOL002211 11,14-eicosadienoic acid 308.56 39.99 0.2

MOL000263 Oleanolic acid 456.78 29.02 0.76

MOL000449 Stigmasterol 412.77 43.83 0.76

MOL000675 Oleic acid 282.52 33.13 0.14

In addition, the PPI findings in a simple text data
format (.tsv) file were then imported into the Cytoscape
3.9.0 software to visualize and analyze the PPI network. As
seen in Figure 3B, the PPI network consisted of 32 nodes
(after removing two unconnected nodes) and 115 edges, with
an average shortest path length of 2.022 between all node
pairings. The network’s density, diameter, and radius were
0.232, 4, and 3, respectively. The average number of neighbors,
clustering coefficient, network heterogeneity, and network
centralization were 7.188, 0.61, 0.75, and 0.475, respectively.
As a PPI network node’s degree lowers, its color changes from
red to yellow. The 13 nodes satisfying the degree centrality
(DC) > average value (7.187) requirement were retrieved
and identified as anti-COVID-19 core targets (Figure 3C).
The 13 anti-COVID-19 core targets sorted by DC are shown
as a bar graph in Figure 4. The top six anti-COVID-19
core targets, IL-6, PPARG, MAPK3, PTGS2, ICAM1, and
MAPK1, were selected for molecular docking analyses with key
active phytomolecules of Kochiae Fructus identified in section

“Network of anti-COVID-19 targets and the Kochiae Fructus’s
active phytomolecules.”

Molecular Complex Detection analysis

The MCODE analysis identified two cluster networks inside
the PPI network of 34 anti-COVID-19 key targets, as seen
in Figure 5. Cluster network 1 consisted of 7 nodes and
17 edges, with a score of 5.667. The components of cluster
network 1 were IL6, AR, PPARG, MAPK3, MDM2, PTGS2,
and TLR9. In cluster network 1, IL6, PPARG, MAPK3, and
PTGS2 have extensive interconnections with multiple targets.
Cluster network 2, on the other hand, has 10 nodes and
22 edges with a score of 4.889. PRKCA, PRKCB, PRKCCE,
PRKCQ, MAPK1, NOS2, PLA2G4A, MAPK14, KEAP1, and
ICAM1 were all part of Cluster Network 2. PRKCA, PRKCB,
and MAPK1 are the highly interconnected targets in cluster
network 2. Moreover, both cluster networks have found the
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FIGURE 2

Intersecting targets between COVID-19-related targets and
potential targets of Kochiae Fructus’ active phytomolecules.

top six anti-COVID-19 core targets. Cluster network 1 had
four of them (IL6, PPARG, MAPK3, and PTGS2). Two of
them (ICAM1 and MAPK1) were found in cluster network
2; thus, both the PPI network and MCODE analyses yielded
consistent findings.

Network of anti-COVID-19 targets and
the Kochiae Fructus’s active
phytomolecules

As shown in Figure 6A, the network between the
34 potential anti-COVID-19 key targets and the active
phytomolecules of Kochiae Fructus was established using
Cytoscape software 3.9.0. It consists of 40 nodes and 86
edges. Each edge represents the interaction between active
phytomolecules and potential anti-COVID-19 key targets. In
addition, the network’s diameter and radius were, respectively,
four and two. A node’s degree reflects the number of edges
connecting it to other network nodes. As the degree of a node
rises, its color changes from yellow (lowest degree) to red
(highest degree).

In addition, the hub network between the 13 potential
anti-COVID-19 core targets and the active phytomolecules
of Kochiae Fructus was constructed using the Cytoscape
software version 3.9.0, as shown in Figure 6B. All six active
phytomolecules of Kochiae Fructus have been shown to
interact with thirteen potential anti-COVID-19 core targets.
The six active phytomolecules of Kochiae Fructus with their
degree values in the hub network are presented as a bar graph
in Figure 7. MOL002038 (9E,12Z-octadecadienoic acid),
MOL002211 (11,14-eicosadienoic acid), and MOL000263
(oleanolic acid) are, respectively, the top three active
phytomolecules that interact with nine, seven, and five
anti-COVID-19 core targets (DC ≥ 5). Furthermore, the

network findings revealed that single key active phytomolecules
may interact with multiple anti-COVID-19 core targets and that
multiple key active phytomolecules can interact synergistically
with a single anti-COVID-19 core target. Thus, our results
verified the combinatorial interaction mechanism between
numerous anti-COVID-19 core targets and multiple key active
phytomolecules in Kochiae Fructus.

Gene ontology enrichment analysis

The 34 potential anti-COVID-19 key targets were subjected
to enrichment analysis of GO terms. Figure 8 depicts the top
10 enrichment terms of MF, CC, and BP for 34 potential
anti-COVID-19 key targets of Kochiae Fructus. According
to GO enrichment analysis, the gene targets associated
with BP are embroiled in platelet activation, peptidyl-serine
phosphorylation, inflammatory response, positive regulation of
gene expression, intracellular transduction, positive regulation
of transcription from RNA, polymerase II promoter, apoptotic
process, etc. Gene targets in CC are primarily found in the
cytoplasm, plasma membrane, nucleoplasm, cytosol, nucleus,
endoplasmic reticulum, etc. GO enrichment analysis indicates
further that protein serine/threonine kinase activity, calcium-
dependent protein kinase activity, protein kinase C activity,
enzyme binding, integrin binding, MAPK kinase activity, etc.,
dominate the enriched MF ontology.

Kyoto Encyclopedia of Genes and
Genomes analysis

Figure 9 depicts the thirty most significant KEGG pathways
of the thirty-four potential anti-COVID-19 key targets. The
KEGG pathway enrichment study suggested that Kochiae
Fructus anti-COVID-19 key targets may be implicated in the
AGE-RAGE signaling pathway in diabetic complications, the
VEGF signaling pathway, cancer pathways, neurodegeneration-
multiple diseases pathways, inflammatory mediator regulation
of TRP channels, GnRH signaling pathway, Fc epsilon
RI signaling pathway, Sphingolipid signaling pathway, TNF
signaling pathway, HIF-1 signaling pathway, etc. These
pathways may contribute substantially to the underlying
mechanisms of Kochiae Fructus in alleviating COVID-
19.

Network between top six
anti-COVID-19 core targets and thirty
enriched KEGG pathways

A network was established connecting the top six anti-
COVID-19 core targets and their related pathways to determine
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FIGURE 3

(A) The PPI network of 34 potential anti-COVID-19 key targets constructed by employing STRING. The PPI network of (B) 34 potential
anti-COVID-19 key targets, and (C) 13 potential anti-COVID-19 core targets constructed by using the Cytoscape software. The color of each
node changes from red (highest) to yellow (lowest) as its degree decreases. DC stands for degree centrality.

the key pathways involved in the anti-COVID-19 effects of
Kochiae Fructus’ active phytomolecules. The network findings
revealed that five anti-COVID-19 core targets followed the
pathways in cancer (IL6, MAPK1, PPARG, PTGS2, and
MAPK3) (degree = 5), TNF signaling pathway (IL6, MAPK1,
PTGS2, ICAM1, and MAPK3) (degree = 5), and Lipid and
atherosclerosis (IL6, MAPK1, PPARG, ICAM1, and MAPK3)
(degree = 5) (Figure 10).

Furthermore, the pathways in the network were sorted
by DC > average value (3.03) to identify the key pathways.
As illustrated in Figure 11, seven significant pathways were
determined and shown in a bar graph with their degree values
in the network. By regulating the expression of anti-COVID-19
core targets, these seven pathways may contribute considerably
to the anti-COVID-19 effects of the active phytomolecules in
Kochiae Fructus.

Molecular docking studies

The top six anti-COVID-19 core targets, IL-6, PPARG,
MAPK3, PTGS2, ICAM1, and MAPK1, were molecularly
docked with the three key active phytomolecules of Kochiae
Fructus. Table 2 displays the outcomes of molecular docking
in terms of docking scores. Figures 12A–L, 13A–L and
Supplementary Figures 1A–L present in 2D and 3D the docked
complexes of key active phytomolecules and anti-COVID-19
core targets with the lowest docking scores. The docking score
represents an active phytomolecules (ligands) affinity for anti-
COVID-19 core targets (receptor). The lower the docking score,
the better the ligand’s interaction with the receptor (Trott
and Olson, 2010; Khan and Lee, 2022). Docking scores < –
4.25, < –5.0, and < –7.0, respectively, correspond to the
existence, good, and strong docking activity between the key
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FIGURE 4

The 13 anti-COVID-19 core targets ranked by DC > average
value of (7.187).

active phytomolecules and the anti-COVID-19 core targets
(Xie et al., 2021).

The results demonstrate that the MOL000263 (Oleanolic
acid) exhibited a strong binding affinity with IL-6 by
presenting a docking score of –6.1 (Table 2) and interacted
with amino acid residues (ARG182 and LEU178) through
conventional hydrogen bonding interaction (Figure 12A).
MOL002038 (9E,12Z-octadecadienoic acid) and MOL002211
(11,14-eicosadienoic acid) demonstrated strong binding affinity
with PPARG by exhibiting docking scores (–6.1 and –6.0)
respectively, compared to MOL000263 (oleanolic acid), which
presented a –1.0-docking score and interaction with amino acid
residue (HIS449) via pi-sigma bond interaction (Figure 12C).

The docking activity of all three key active phytomolecules
with MAPK3 ranged from strong to excellent. MOL000263
(Oleanolic acid) provided the best docking score (–8.0) and
was coupled with amino acid residue (ASP128) through
conventional hydrogen bonding interaction (Figure 12E).
Compared to the other two key active phytomolecules,
MOL000263 (Oleanolic acid) coupled with PTGS2’s amino
acid residues (ASN144) through conventional hydrogen bond
interaction and exhibited a docking score of –4.9 (Figure 12G).
All three active phytomolecules displayed a high affinity for
binding with MAPK1. MOL000263 (Oleanolic acid) coupled
with MAPK1’s amino acid residues (LYS151 and SER153)
through conventional hydrogen bonding and carbon-hydrogen
bonding, respectively, to achieve the best docking score (–8.0)
(Figure 12I). The docking scores of MOL002038 (9E,12Z-
octadecadienoic acid), MOL002211 (11,14-eicosadienoic acid),
and MOL000263 (Oleanolic acid) with ICAM1 were –4.7, –
4.8, and –5.9, respectively. These results suggested that the
key active phytomolecules of Kochiae Fructus seemed to
have a regulatory impact on the anti-COVID-19 core targets
investigated, including IL-6, PPARG, MAPK3, PTGS2, ICAM1,
and MAPK1. In addition, the findings of molecular docking and
network pharmacology screening were consistent, indicating the
validity of network pharmacology in this research.

Discussion

This work investigated Kochiae Fructus’s active
phytomolecules and molecular pathways for COVID-19

FIGURE 5

MCODE analysis of PPI network of 34 potential anti-COVID-19 key targets.
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FIGURE 6

(A) Network of 34 potential anti-COVID-19 key targets and the Kochiae Fructus’s active phytomolecules. (B) The hub network of 13 potential
anti-COVID-19 core targets and the Kochiae Fructus’s active phytomolecules. As the degree of each node decreases in both networks, the
color changes from red (highest degree) to yellow (lowest degree).

therapy. Based on OB ≥ 20 % and DL ≥ 0.10, six compounds
were identified as active phytomolecules in Kochiae Fructus
(Table 1). MOL002038 (9E,12Z-octadecadienoic acid),
MOL002211 (11,14-eicosadienoic acid), and MOL000263
(oleanolic acid) are the top three key active phytomolecules
interacting with more than four anti-COVID-19 core targets. In
addition, the network analysis demonstrated that a single key
active phytomolecule may interact with many anti-COVID-19
core targets and that several key active phytomolecules can
interact synergistically with a single anti-COVID-19 core
target. Consequently, our findings revealed a combinatorial

FIGURE 7

Kochiae Fructus’s key active phytomolecules in relation to hub
network degree values.

interaction between the numerous anti-COVID-19 core targets
and multiple key active phytomolecules in Kochiae Fructus for
COVID-19 therapy.

The PPI network analysis reveals that multiple targets,
including IL-6, PPARG, MAPK3, PTGS2, ICAM1, MAPK1, etc.,
are involved in the anti-COVID-19 effects of Kochiae Fructus’
active phytomolecules (Figures 3, 4). In COVID-19 patients, IL6
was markedly overexpressed and attributed to inflammation.
CRS mediated by IL-6 is prevalent among COVID-19 patients
and is accountable for their severe acute respiratory distress.
By suppressing IL6 with tocilizumab, Xu et al. showed a
reduction in CRS and a quick improvement in symptoms in
patients (Ruan et al., 2020b; Wang et al., 2020; Xu et al., 2020).
Reports indicate that overactivation/upregulation of MAPK
(MAK1 and MAPK3) mediates the production of inflammatory
cytokines such as IL-1β, IL6, IL10, TNF-alpha, IL4, and INF-
gamma (de Souza et al., 2014; Grimes and Grimes, 2020; Oh
et al., 2021) and these cytokines induce CRS. Furthermore,
MAPK overactivation has been linked to thrombotic events
and vascular endothelial infections in critically sick COVID-19
patients (Grimes and Grimes, 2020; Varga et al., 2020; Zhang Y.
et al., 2020; Zhou F. et al., 2020). Furthermore, owing to MAPK
overactivation, alveolar tissues are injured, resulting in reduced
ventilation, acute lung injury, and acute respiratory distress
syndrome (Goel et al., 2021). Consequently, targeting IL6,
MAPK1, and MAPK3 may be a viable alternative therapeutic
approach for treating CRS and COVID-19. On the other
hand, allergic responses are caused by soluble ICAM1 in nasal
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FIGURE 8

GO enrichment analysis of 34 potential anti-COVID-19 key targets.

epithelial cells. ICAM1 is found in a significant proportion of
bronchial asthma patients. ICAM1 offers a suitable atmosphere
for the coronavirus to infiltrate and live inside the human
nose (Winther et al., 2002; Sharma et al., 2021). Nagashima
et al. (2020) reported that COVID-19 endothelial cells
overexpressed ICAM1 relative to controls, which might attract
leukocytes (endotheliitis) and send intracellular signals leading
to a pro-inflammatory state. A proinflammatory condition
causes systemic endothelial dysfunction and endothelial cell
death. The adhesion molecules’ chronic inflammatory signaling
contributes to thrombosis (Nagashima et al., 2020). PTGS2
(COX2) is involved in controlling the homeostasis of the
organism. Inflammatory stimuli modulate PTGS2 expression
(Ricciotti and Fitzgerald, 2011). Chen et al. reported that
SARS-CoV-2 infection increased the expression of PTGS2
in animal systems and human cell cultures (Chen et al.,
2021). Inhibiting ICAM1 and PTGS2 with inhibitors can be
a potential therapeutic strategy in treating COVID-19. PPARs,
especially PPARG, is responsible for regulating glucose and
lipid metabolism. Additionally, they control homeostasis and
inhibit the production of certain proinflammatory cytokines.
However, alterations in their expression (downregulation)
result in the inflammation involved with COVID-19 etiology

(Ciavarella et al., 2020). Desterke et al. (2020) reported the
suppression of PPARG in severe COVID-19 and proposed that
it contributes to monocyte/macrophage-mediated inflammatory
storm. Thus, activating PPARG with an agonist might be a
potential COVID-19 therapeutic modality.

According to GO enrichment analysis, Kochiae Fructus’
active phytomolecules might be implicated in affecting COVID-
19 targets associated with multiple BP, including platelet
activation, peptidyl-serine phosphorylation, inflammatory
response, positive regulation of gene expression, intracellular
transduction, positive regulation of transcription from RNA,
polymerase II promoter, apoptotic process, etc. Platelet
hyperactivation has been observed in COVID-19 patients.
Platelets secrete procoagulants in critically ill individuals. They
influence immune responses by interacting with other immune
cells, resulting in severe thromboinflammation. Targeting these
pathways may reduce immune response (Jevtic and Nazy, 2022;
Uzun et al., 2022). Patients with COVID-19 have been shown
to have elevated levels of peptidyl-serine phosphorylation (Ong
et al., 2021; Chatterjee and Thakur, 2022). The inflammatory
response is caused by an overactivation of the innate and
adaptive immune systems and the invasion of SARS-CoV-
2, which invades and activates numerous immune cells
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FIGURE 9

The top thirty enriched KEGG pathways of 34 potential anti-COVID-19 key targets.

(Tan et al., 2021). Multiple intracellular transductions, such
as TNF-alpha, mTOR, NF-κB, etc., are implicated in the
pathogenesis of COVID-19 (Farahani et al., 2022). Kochiae
Fructus’ active phytomolecules impacting COVID-19 targets
associated with numerous CC are predominantly located in the
cytoplasm, plasma membrane, nucleoplasm, cytosol, nucleus,
endoplasmic reticulum, etc. Moreover, these COVID-19 targets
perform multiple MF such as protein serine/threonine kinase
activity, calcium-dependent protein kinase activity, protein
kinase C activity, enzyme binding, integrin binding, MAPK
kinase activity, etc.

The KEGG pathway enrichment investigation revealed
that the molecular pathways driving the anti-COVID-19
effects of Kochiae Fructus’ active phytomolecules might be
involved in the AGE-RAGE signaling pathway in diabetic
complications, the VEGF signaling pathway, cancer pathways,
neurodegeneration-multiple diseases pathways, inflammatory
mediator regulation of TRP channels, GnRH signaling pathway,
Fc epsilon RI signaling pathway, Sphingolipid signaling

pathway, TNF signaling pathway, HIF-1 signaling pathway,
etc. Moreover, the network analysis of the top six anti-
COVID-19 core targets and thirty enriched KEGG pathways
demonstrated that seven pathways, pathways in cancer,
TNF signaling pathway, lipid and atherosclerosis, AGE-
RAGE signaling pathway in diabetic complications, human
cytomegalovirus infection, pathways of neurodegeneration-
multiple diseases, and C-type lectin receptor signaling pathways,
are the key pathways ranked by DC > average value
(3.03). Among them, pathways in cancer and the TNF
signaling pathway are the core pathways followed by five
anti-COVID-19 core targets. The abnormal expression of
targets (IL6, MAPK1, PPARG, PTGS2, and MAPK3) leads to
cell proliferation and a variety of cancer types. Regulating
pathways in cancer may modulate their expression. The
pathophysiology of COVID-19 is also attributed to the
expression/activation of these targets. In COVID-19 treatment,
their expression may also be regulated by targeting cancer-
related pathways. For instance, Hayashi et al. demonstrated that
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FIGURE 10

Network between top six anti-COVID-19 core targets and thirty enriched KEGG.

FIGURE 11

Seven key pathways in the network ranked by DC > average value (3.03).
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TABLE 2 Presents the binding affinities of Kochiae Fructus’s key active phytomolecules with the top six anti-COVID-19 core targets.

Phytomolecule IDs Phytomolecule names Binding affinities (kcal/mol)

IL6 PPARG MAPK3 PTGS2 MAPK1 ICAM1

MOL000263 Oleanolic acid –6.1 –1.0 –8.0 –4.9 –9.3 –5.9

MOL002038 9E,12Z-octadecadienoic acid –4.5 –6.1 –5.5 –2.9 –5.9 –4.7

MOL002211 11,14-eicosadienoic acid –4.1 –6.0 –5.6 –3.1 –6.3 –4.8

FIGURE 12

Molecular docking results. Binding of oleanolic acid (MOL000263) with (A,B) (2D and 3D) IL6, (C,D) (2D and 3D) PPARG, (E,F) (2D and 3D)
MAPK3, (G,H) (2D and 3D) PTGS2, (I,J) (2D and 3D) MAPK1, and (K,L) (2D and 3D) ICAM1, respectively.

antineoplastic drugs inhibit MAPK and prevent SARS-CoV-
2 replication (Hayashi and Konishi, 2021). Reports show that
an overactive TNF signaling pathway has been identified as a
key contributor to the development and severity of COVID-
19. Its overactivation is induced by various factors (innate

immune activation, cytokines release, high glucose level, etc.),
leading to the onset of inflammation and the eventual failure of
multiple organs (heart failure, insulin resistance, lung damage,
blood clotting, etc.) (Ablamunits and Lepsy, 2022). Hence,
these pathways may play a significant role in the underlying
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FIGURE 13

Molecular docking results. Binding of 9E,12Z-octadecadienoic acid (MOL002038) with (A,B) (2D and 3D) IL6, (C,D) (2D and 3D) PPARG, (E,F) (2D
and 3D) MAPK3, (G,H) (2D and 3D) PTGS2, (I,J) (2D and 3D) MAPK1, and (K,L) (2D and 3D) ICAM1, respectively.

mechanisms of Kochiae Fructus’ active phytomolecules in
COVID-19 alleviation.

Conclusion

In this research, we have successfully determined the
active phytomolecules and molecular pathways of Kochiae
Fructus for COVID-19 therapy. Thirteen anti-COVID-19
core targets and three key active phytomolecules have been
determined. This research also showed that, out of thirteen
targets, the top six (IL-6, PPARG, MAPK3, PTGS2, ICAM1,
and MAPK1) are likely to be implicated in the anti-COVID-
19 effects of Kochiae Fructus’ active phytomolecules. The
underlying mechanisms through which Kochiae Fructus’

active phytomolecules demonstrate anti-COVID-19 effects
are the inhibition/regulation of the multiple BP (platelet
activation, peptidyl-serine phosphorylation, inflammatory
response, positive regulation of gene expression, intracellular
transduction, positive regulation of transcription from
RNA, polymerase II promoter, apoptotic process, etc.). We
identified three key pathways (pathways in cancer, the TNF
signaling pathway, and lipid and atherosclerosis) involved
in the treatment of COVID-19 with active phytomolecules
of Kochiae Fructus. Consequently, our results demonstrated
a synergistic impact between the multiple anti-COVID-19
core targets, multiple molecular pathways, and key active
phytomolecules in Kochiae Fructus for treating COVID-19.
The findings of molecular docking revealed that the key active
phytomolecules of Kochiae Fructus had a regulatory effect
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on the anti-COVID-19 core targets. Furthermore, molecular
docking and network pharmacology screening results were
consistent, demonstrating network pharmacology’s validity in
this research. Hence, these findings offer a foundation for
developing anti-COVID-19 drugs further in the future based on
phytomolecules of Kochiae Fructus.
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Mechanism of N-0385 blocking 
SARS-CoV-2 to treat COVID-19 
based on molecular docking and 
molecular dynamics
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1 Clinical Medicine, Chengdu Medical College, Chengdu, China, 2 University of Tibetan Medicine, 
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College of Basic Medical Sciences, Chengdu, China

Purpose: 2019 Coronavirus disease (COVID-19) has caused millions of 

confirmed cases and deaths worldwide. TMPRSS2-mediated hydrolysis and 

maturation of spike protein is essential for SARS-CoV-2 infection in vivo. The 

latest research found that a TMPRSS2 inhibitor called N-0385 could effectively 

prevent the infection of the SARS-CoV-2 and its variants. However, it is not 

clear about the mechanism of N-0385 treatment COVID-19. Therefore, this 

study used computer simulations to investigate the mechanism of N-0385 

treatment COVID-19 by impeding SARS-CoV-2 infection.

Methods: The GeneCards database was used to search disease gene targets, 

core targets were analyzed by PPI, GO and KEGG. Molecular docking and 

molecular dynamics were used to validate and analyze the binding stability of 

small molecule N-0385 to target proteins. The supercomputer platform was 

used to simulate and analyze the number of hydrogen bonds, binding free 

energy, stability of protein targets at the residue level, radius of gyration and 

solvent accessible surface area.

Results: There were 4,600 COVID-19 gene targets from GeneCards database. 

PPI, GO and KEGG analysis indicated that signaling pathways of immune 

response and inflammation played crucial roles in COVID-19. Molecular 

docking showed that N-0385 could block SARS-CoV-2 infection and treat 

COVID-19 by acting on ACE2, TMPRSS2 and NLRP3. Molecular dynamics was 

used to demonstrate that the small molecule N-0385 could form very stable 

bindings with TMPRSS2 and TLR7.

Conclusion: The mechanism of N-0385 treatment COVID-19 was investigated 

by molecular docking and molecular dynamics simulation. We  speculated 

that N-0385 may not only inhibit SARS-CoV-2 invasion directly by acting on 

TMPRSS2, ACE2 and DPP4, but also inhibit the immune recognition process 

and inflammatory response by regulating TLR7, NLRP3 and IL-10 to prevent 

SARS-CoV-2 invasion. Therefore, these results suggested that N-0385 may act 

through multiple targets to reduce SARS-CoV-2 infection and damage caused 

by inflammatory responses.
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Introduction

COVID-19 is a malignant infectious disease caused by SARS-
CoV-2 infection, it is still an ongoing life-threating event. SARS-
CoV-2 belongs to the genus beta coronavirus (Perlman and 
Netland, 2009; Su et al., 2016; Rai et al., 2021). It is found that 
SARS-CoV-2 is transmitted person to person mainly through 
inhalation or contact with infectable droplets, with an incubation 
period of 2–14 days (Lin et al., 2020; Liu et al., 2020; Rohit et al., 
2020). The SARS-CoV-2 spike protein binding to ACE2 can 
promote viral infection of cells (Khateeb et al., 2021). The clinical 
symptoms of COVID-19 include respiratory syndrome (such as: 
shortness of breath, cough, dyspnea, fever and viral pneumonia; 
Cheng et al., 2020; Huang et al., 2020). Studies have found that 
exacerbation of COVID-19 disease was associated with secondary 
systemic, inflammatory responses and cytokine storms. Critically 
ill patients may progress to ARDS, septic shock, multi-organ 
failure and ultimately death (Rai et al., 2021). Current research 
has found that there are many key protein targets that may play a 
key role in COVID-19. Transmembrane Serine Protease 2 

Abbreviations: ACE, Angiotensin-converting enzyme; ADFR, AutoDockFR; 

AMBER, Aamber biomolecular simulation programs; ARDS, acute respiratory 

distress syndrome; BP, biological process; caspase-1, cysteine aspartase 1; 

CC, cell component; CCR9, C–C trendy factor receptor 9; COVID-19, 2019 

coronavirus disease; DAVID, database for annotation, visualization and 

integrated discovery; DPP4, dipeptidyl peptidase-4; EGFR, epidermal growth 

factor receptor; GO, gene ontology; HUVEC, human umbilical vein endothelial 

cells; IC50, inhibitory concentration; IFN, interferon; IL-10, interleukin 10; 

IL-18, interleukin 18; IL-1β, interleukin 1β; INS, insulin; KEGG, Kyoto 

Encyclopedia of Genes and Genomes; MD, molecular dynamics; MERS-CoV, 

middle east respiratory syndrome coronavirus; MF, molecular function.; 

MMGBSA, molecular mechanics-generalized born surface area; NLRP3, 

nucleotide-binding oligomerization domain; PAMPs, pathogen-associated 

molecular patterns; PME, particle-Mesh-Ewald; PMS2, misty fixing protein 2; 

PPI, protein–protein Interactions; RBD, receptor-binding domain; RMSD, root 

mean square deviation; RMSF, root mean square fluctuation; Rog, radius of 

gyration; S, spike-in; SA, surface area; SASA, solvent accessible surface area; 

ssRNA, single strand RNA; TLR7, toll-like receptor 7; TMPRSS2, transmembrane 

serine protease 2; VdW, Van der Waals force.

GRAPHICAL ABSTRACT

The mechanisms analysis of N-0385 blocking SARS-CoV-2 infection in the treatment of COVID-19.
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(TMPRSS2) is a serine protease family protein, and TMPRSS2 
can facilitate virus (such as: SARS-CoV-2, HCoV-229E and 
MERS-CoV) entry into host cells through proteolytic cleavage 
and activation of viral envelope glycoproteins (Koch et al., 2021). 
Angiotensin Converting Enzyme 2 (ACE2) is a metalloproteinase, 
and the main physiological role of ACE2 is to regulate 
vasoconstriction and blood pressure (Lan et  al., 2020). Some 
studies have made certain that ACE2 is the receptor for severe 
acute respiratory syndrome coronavirus 2 (SARS-CoV-2; 
Beyerstedt et al., 2021). Toll Like Receptor 7 (TLR7) is a member 
of the Toll-like receptor family. TLR7 plays a key role in 
recognizing SARS-CoV-2 and initiating the development of an 
early antiviral immune response (Solanich et  al., 2021). 
Dipeptidyl Peptidase 4 (DPP4) is a serine exopeptidase that 
selectively degrades a variety of substrates (including incretin 
hormones, growth factors and cytokines; Nargis and Chakrabarti, 
2018). Study has been reported that there may be  a tight 
interaction between the COVID-19 spike glycoprotein and DPP4 
(Vankadari and Wilce, 2020). Interleukin 10 (IL-10) is a key anti-
inflammatory mediator capable of protecting the host from 
damage caused by over-activated inflammatory responses (Wang 
et al., 2019; Saraiva et al., 2020). It has been demonstrated that 
there is a dramatic increase in IL-10 expression in the COVID-19 
cytokine storm, which is thought to be a fundamental function 
for suppressing inflammation (Lu et al., 2021). NLR Family Pyrin 
Domain Containing 3 (NLRP3) promotes inflammasome 
formation, and NLRP3 activates MAPK and NF-κB signaling 
cascades to regulate innate and adaptive immune systems (Zhen 
and Zhang, 2019).

In current clinical treatment, clinical drugs and vaccines 
remain the mainstay of prevention and treatment of COVID-19, 
but vaccine approaches have little efficacy against new variants 
of the new crown. Current clinical drugs include antivirals 
(Ritonavir, Lopinavir and Raltegravir), antimalarials 
(Hydroxychloroquine and Chloroquine) and anti-inflammatory 
corticosteroids (Dexamethasone and Prednisolone; Khan and 
Al-Balushi, 2021). However, the effectiveness of current clinical 
therapeutic agents is not satisfactory. Although clinical 
improvement has been reported in patients with 
neoconjunctivitis after the use of Lopinavir/Ritonavir (Lim et 
al., 2020). Li showed little benefit of lopinavir/ritonavir in 
improving clinical outcomes in patients hospitalized with mild/
moderate COVID-19 (Li et al., 2020), and these drugs triggered 
a minority of gastrointestinal adverse events. Although 
chloroquine and hydroxychloroquine have been effective in 
clinical treatment as anti-malarial drugs, they are inherently 
toxic, especially to the eyes and heart (Gautret et al., 2020; Wang 
et al., 2020). Monupivir has shown significant benefit in the 
treatment of mild SARS-CoV-2, but the therapeutic role of 
monupivir with moderate to severe COVID-19 is unclear 
(Singh et al., 2021). An in vitro study showed that atazanavir 
inhibited the replication of SARS-CoV-2 more than lopinavir 
(Fintelman-Rodrigues et  al., 2020). In addition, it has been 
shown that plasma or clean monoclonal antibodies developed 

from fully recovered COVID-19 patients can be  offered as 
therapeutic agents to new COVID-19 patients (Ashour et al., 
2022). Long-term administration of chloroquine and 
hydroxychloroquine can lead to irreversible harm (such as: 
retinopathy and cardiomyopathy; Motarjemizadeh et al., 2015; 
Chatre et  al., 2018). The role of anti-inflammatory 
corticosteroids in the treatment of serious infections has been 
in controversy, and there are limited data on the treatment of 
COVID-19. Although drug repurposing can be  used as a 
contingency plan in the treatment of diseases, the results of 
therapies used to treat patients with COVID-19 are highly 
controversial due to the different study populations 
(Al-Karmalawy et al., 2021). Therefore, there is a lack of drugs 
that can effectively hinder viral infection with fewer side effects 
in the clinical treatment of COVID-19.

N-0385 is a Transmembrane Serine Protease 2 (TMPRSS2) 
targeted peptidomimetic compound. N-0385 is also known as 
Ms-QFR-Kbt. The molecular weight of N-0385 is 644.77, and the 
molecular formula of N-0385 is C28H36N8O6S2 (Shapira et  al., 
2022). TMPRSS2 is a key protease for the entry of SARS-CoV-2 
into cells, and TMPRSS2 is able to cleave the SARS-CoV-2 spike 
protein to initiate virus invasion and infection of cells (Hoffmann 
et al., 2020; Zhang et al., 2020; Kishimoto et al., 2021). Study 
found that N-0385 could effectively inhibit SARS-CoV-2 
infection in human lung epithelial cells at the half-maximal 
inhibitory concentration (IC50) of 12.3 ± 1.9 nM. Interestingly, 
N-0385 was able to target TMPRSS2 to effectively inhibit SARS-
CoV-2 infection in Calu-3 cells, these results indicated that 
N-0385 was a highly efficient inhibitor of TMPRSS2 and could 
block SARS-CoV-2 entry into cells. Surprisingly, when 
K18-hACE2 mice were infected with SARS-CoV-2B.1.617. 
N-0385 treatment completely prevented SARS-CoV-2-induced 
mortality and significantly prevented weight loss, pulmonary 
pathology and viral infection (Shapira et al., 2022). This finding 
deduces that N-0385 can serve as an antiviral agent against 
pan-mutated viruses. Therefore, N-0385 will provide a proven 
protocol for the early treatment of COVID-19 and the responding 
to emerging variant SARS-CoV-2.

However, the research on N-0385 is just beginning, and more 
in-depth studies on N-0385 are lacking. Therefore, this study 
investigates the mechanism of N-0385 treatment COVID-19 
through molecular docking and molecular dynamics. 
Bioinformatics were used to screen for COVID-19 core targets. 
Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes 
(KEGG) and Protein–Protein Interactions (PPI) were used to 
analyze gene targets and explore their mechanisms of action and 
potential pathways. The molecular system motions were used to 
simulate the result of complex binding from cellular level to 
chemical moiety level. Molecular docking was used to determine 
the affinity of the small molecule N-0385 and protein targets. 
Molecular dynamics was used to simulate the stability of the 
binding complex. Therefore, the mechanism of N-0385 treatment 
COVID-19  in this study will facilitate research and clinical 
applications related to N-0385.
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Materials and methods

Acquisition and screening disease gene 
targets

In this study, we used “COVID-19” and “SARS-CoV-2” as 
keywords to obtain disease gene targets from the GeneCards 
database. The relevance score ≥ 5 was used as a threshold to screen 
COVID-19 related genes targets from GeneCards database, the 
relevance score is a comprehensive evaluation of the association 
of genes with the studied diseases.

Protein–protein interaction network 
construction

The STRING database was used to analyze protein–protein 
interactions of COVID-19 and construct the PPI network. 
We imported COVID-19 related protein targets obtained from 
GeneCards database into Cytoscape 3.7.1 and STRING database 
for analysis (Rastelli et  al., 2010). The network topology 
parameters were analyzed by Cytoscape 3.7.1, and the core protein 
targets were filtered according to the criteria of node degree value 
and median center value greater than the average value.

Gene target enrichment analysis

We used the related genes targets in the DAVID database for 
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) enrichment analysis. GO enrichment was used 
to obtain biological information about gene targets in biological 
processes (BP), cellular components (CC) and molecular 
functions (MF). KEGG pathway enrichment was performed by 
enriching the signaling pathways involved in the related gene 
targets. Gene targets screening was performed at p < 0.05 to 
analyze the main signaling pathways and biological processes of 
COVID-19. Omicshare tool platform was used to visualize the 
results of GO enrichment and KEGG enrichment (Cao 
et al., 2022b).

Molecular docking and validation of 
molecular docking

Molecular docking was used to study the molecular affinity 
of the small molecule N-0385 to the relevant protein targets of 
COVID-19. The protein crystal structures were downloaded from 
the PDB database, and 3D structures of small molecules were 
downloaded from the PUBCHEM database. We performed the 
molecular docking work by employing AutoDock Vina 1.1.2 
software (Kim et al., 2016). Prior to docking, PyMol 2.5 was used 
to process all receptor proteins (including removal of water 
molecules, salt ions and small molecules). ADFRsuite 1.0 was 

used to convert all processed small molecules and receptor 
proteins into the PDBQT format required for docking with 
AutoDock Vina 1.1.2 (Ravindranath et al., 2015). The docked 
conformation with the highest molecular docking score was 
considered to be  the binding conformation for subsequent 
molecular dynamics simulations. We analyzed and compared the 
binding site poses, chemical bond lengths and chemical bond 
angles of the original crystal ligand to the protein by re-docking 
the original crystal ligand and the protein using the original 
crystal ligand of the protein target as a positive reference. Finally, 
the consistency of the binding mode can indicate the correctness 
of the molecular docking scheme. And the value of molecular 
docking score was greater than 6.5 among the target proteins and 
the small molecule N-0385, it was considered to be tightly bound 
(Cao J. et al., 2022).

Analysis of proteins localized in the cell 
membrane and screening of core protein 
targets

Analysis of current research results on small molecule 
N-0385, we found that the small molecule N-0385 may act mainly 
by acting on key proteins (such as: TMPRSS2) in the cellular 
cytosol thus preventing SARS-CoV-2 from invading cells to 
reduce the infection (Shapira et al., 2022). Therefore, this study 
will focus on the small molecule N-0385 and the proteins 
expressed on the cell membrane involved in SARS-CoV-2 
infected cells. We imported COVID-19 related targets obtained 
from the GeneCards database into the COMPARTMENT 
database. The COMPARTMENT database is a database for 
describing and analyzing protein localization at subcellular level. 
Proteins localized at the cell membrane with Z-score > 4 were 
considered highly expressed at the cell membrane. The protein 
targets that bound tightly to the small molecule N-0385 and the 
protein targets that were localized at the cell membrane were 
intersected. Therefore, we obtained core protein targets that bind 
tightly to the small molecule N-0385 and may be  involved in 
SARS-CoV-2 infected cells.

Molecular dynamics

In this study, molecular dynamics simulations were further 
validated the stability of the complex formed by the core target 
protein and the small molecule N-0385, which was screened by 
combining bioinformatics analysis and molecular docking results.

Molecular dynamics (MD) relies on Newtonian mechanics to 
simulate the motion of molecular systems, and the stability of the 
complex is studied by taking samples from a complex composed of 
different states of the molecular system and calculating macroscopic 
properties such as the thermodynamic quantities of the system 
(Skariyachan, 2022). We  used AMBER 18 software for all-atom 
molecular dynamics simulations (Maier et al., 2015). The ligands were 
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parameterized using a combination of AmberTools18 and 
ACPYPE51 protocols. The energy of all proteins was minimized by 
using the most rapid descent method and the conjugate gradient 
method, and the coordinates and energies of the system are saved 
every 10 ps. Finally, molecular dynamics simulations were performed 
for 100 ns for each system under periodic boundary conditions 
(Larini et al., 2007; Skariyachan et al., 2021). Molecular dynamics 
simulations included protein-ligand complex root mean square 
deviation (RMSD), root mean square fluctuation (RMSF), solvent 
accessible surface area (SASA) and radius of gyration (Rog).

Molecular Mechanics/Poisson Boltzmann 
(Generalized Born) Surface Area binding 
free energy calculation

The Molecular Mechanics/Poisson Boltzmann (Generalized 
Born) Surface Area (MM-GBSA) method was used to calculate 
the free energy of binding between proteins and ligands (Rastelli 
et al., 2010). We used 100 ns molecular dynamics simulations for 
the calculation. The calculation equation is as follows:

	

( )bind complex receptor ligand internal

VdW elec GB SA

–∆ = ∆ ∆ + ∆ = ∆
+∆ + ∆ + ∆ + ∆

G G G G E
E E G G

The non-polar solvation free energy (ΔGGA) was calculated 
based on solvent accessible surface area (SASA) and product 

of surface tension (γ), ΔGGA  = 0.0072 × SASA (Cao 
et al., 2022a).

Results

Acquisition of disease related genes 
targets and construction of protein 
interaction network

In this study, there were 4,600 COVID-19 gene targets. 
We  obtained COVID-19 related gene targets from the 
GeneCards database based on the relevance score. The 
relevance score ≥5 was considered as COVID-19 related gene 
targets, and 51 COVID-19 related gene targets were obtained. 
The protein interaction network of COVID-19 was constructed 
by using the STRING database, shown in Figure 1A. The 31 core 
protein targets (such as: TNF, IL-10, IL6, etc.) were obtained 
by increasing the confidence score ≥ 0.9. Bioinformatic 
analysis showed that inflammatory factors (such as: CSF2, 
IFNG, and CXCL8) occupied the majority of the core protein 
interaction network, and this is followed by growth factors 
that affect cell growth and receptor proteins involved in SARS-
CoV-2 infected cells. Moreover, the factors involved in the 
regulation of acute inflammation (such as: IL-1β, IL-10 and 
IL6) were very closely linked to other targets suggesting that 
acute inflammation and viral infection played a major role in 
COVID-19, and the core protein interaction network was 

A B

FIGURE 1

Protein–protein interaction (PPI) network. (A) PPI network of protein target. (B) PPI network of core protein target (confidence  > 0.9).
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reconstructed by using the 31 core protein targets, shown in 
Figure 1B.

Gene ontology and KEGG enrichment 
analysis

The 51 COVID-19 related gene targets were imported into 
DAVID database for enrichment analysis. At p < 0.05, Gene 
Ontology (GO) enrichment analysis yielded 256 GO, including 
215 biological processes (BP), 22 cellular components (CC) and 
19 molecular function (MF). The results showed that biological 
processes were correlated with cell growth and production of 
inflammatory factors, mainly involving cellular response to 
lipopolysaccharide, immune response and positive regulation 
of gene expression. In cellular component, extracellular region, 
extracellular space, cell surface accounted for a larger 
proportion. In molecular functions, cytokine activity, protein 
binding and growth factor activity were relatively high, shown 
in Figures 2A–F. KEGG pathway analysis yielded 75 pathways, 
KEGG enrichment analysis revealed signaling pathways 
involved in infection and immune response, mainly coronavirus 
disease—COVID-19, cytokine–cytokine receptor interaction, 
influenza A and other signaling pathways, shown in 
Figures 2G,H.

Screening and analysis of key protein 
targets

The binding energy scores of 51 protein targets (such as: 
ACE2, INS and TLR3) and the small molecule drug N-0385 were 
obtained by molecular docking simulations, the molecular 
docking results are shown in Table  1. The value of molecular 
docking score was greater than 6.5 among the target proteins and 
the small molecule N-0385, it was considered to be tightly bound. 
We  obtained 31 protein targets (such as: PMS2, NLRP3 and 
DPP4) that could form tight bindings to the small molecule 
N-0385. And we obtained the distribution of the corresponding 
protein target in the cell by COMPARTMENT database. Proteins 
localized at the cell membrane with Z-score > 4 were considered 
highly expressed at the cell membrane. We obtained 40 protein 
targets (such as: EGFR, ACE2 and TMPRSS2) that were highly 
expressed in cell membranes. The protein targets that are highly 
expressed in the cell membrane and those that bind tightly to the 
small molecule N-0385 were intersected by Venny. The 23 
intersecting protein targets (such as: CCR9, ACE2 and TMPRSS2) 
were those that bound tightly to the small molecule N-0385 and 
were highly expressed in the cell membrane, shown in Figure 3. 
Since the results so far have shown that only proteins with both of 
these characteristics are likely to be  the targets of N-0385. 
We  further obtained the scores of these proteins from the 
GeneCards database, the relevance score ≥ 12 was considered as 
key protein target. The 6 key protein targets (including: ACE2, 

TLR7, TMPRSS2, IL-10, NLRP3 and DPP4) were screened by 
relevance score.

Molecular docking

The results indicated that N-0385/ACE2 was mainly 
maintained by hydrogen bonding and hydrophobic 
interactions. The small molecule N-0385 interacted with 
Ser-409, Arg-518, Thr-371, Pro-346, His-345 and Arg-273 on 
ACE2 protein by hydrogen bonding and with Phe-274, 
Trp-271, Asp-269, Asn-149 and Tyr-515 by hydrophobic 
interactions. And N-0385 also interacted with Glu-406 by 
ionic bonding, shown in Figure  4A. The small molecule 
N-0385 interacted with Tyr-662, Tyr-666, Arg-125, His-126, 
Arg-358, Tyr-547 and Ser-209 on DPP4 protein by hydrogen 
bonding and with Lys-554 by hydrophobic interactions. And 
N-0385 interacted with Tyr-547 and Phe-357 on DPP4 protein 
by pi–pi interactions and with Tyr-666 by cationic-pi 
interactions, shown in Figure 4B. In N-0385/IL-10, the small 
molecule N-0385 interacted with Leu-23, Leu-26, Tyr-72, 
Leu-98, Leu-65, Ile-69, Met-68, Phe-56 and Leu52 on IL-10 
protein by hydrophobic interactions, shown in Figure 4C. The 
binding of N-0385/NLRP3 indicated that N-0385 interacted 
with Ser-626, Glu-624, Ala-228, Tyr-632, Arg-578 and Thr-439 
on NLRP3 protein by hydrogen bonding and with Leu-628, 
Arg-351, Phe-410, Ile-411, Tyr-632 and Ile-574 by hydrophobic 
interactions. And N-0385 also interacted with Glu-629 by 
ionic bonding, shown in Figure 4D. The binding of N-0385/
TLR7 indicated that N-0385 interacted with Val-38, Thr-801 
and His-800 on TLR7 protein by hydrogen bonding and with 
Thr-804, Leu-808 and Ile-826 by hydrophobic interactions. 
And N-0385 also interacted with Glu-802 by ionic bonding, 
shown in Figure  4E. The binding of N-0385/TMPRSS2 
indicated that N-0385 interacted with Thr-393, Gln-438, 
Ser-441, His-296, Ser-436 and Gly-464 on TMPRSS2 protein 
by hydrogen bonding and with Val-280 and Gln-438 by 
hydrophobic interactions. And N-0385 also interacted with 
Asp-435 by ionic bonding, shown in Figure 4F.

Molecular dynamics results

The root mean square deviation (RMSD) of molecular dynamics 
simulations can reflect the motion of the complexes. N-0385/DPP4, 
N-0385/TMPRSS2, N-0385/ACE2 and N-0385/NLRP3 reached 
convergence at the beginning of the simulation, and they all 
preserved stable fluctuations in the subsequent simulations. 
Although N-0385/TLR7 and N-0385/IL-10 fluctuated sharply at the 
beginning of the simulation, they both gradually enter a stable state 
in the later part of the simulation. The overall stability was ranked 
from high to low as N-0385/DPP4, N-0385/TMPRSS2, N-0385/
NLRP3, N-0385/ACE2, N-0385/TLR7 and N-0385/IL-10. The 
results are shown in Figure 5.
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FIGURE 2

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis of related genes. (A) The top 10 terms in biological 
processes (BP) were greatly enriched. (B) The subnetwork displayed the top 10 BP terms and related genes. (C) The top 10 terms in cellular 
components (CC) were greatly enriched. (D) The subnetwork displayed the top 10 CC terms and related genes. (E) The top 10 terms in molecular 
function (MF) were greatly enriched. (F) The subnetwork displayed the top 10 MF terms and related genes. (G) The top 20 KEGG pathways were 
showed. (H) The subnetworks displayed the top 20 KEGG pathways.
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Results of combining free energy

We calculated the binding energy based on the trajectory of 
molecular dynamics simulations by the MM-GBSA method, and 
the binding energy can more accurately reflect the binding mode 
of small molecules and target proteins. The results of combining 
free energy of N-0385/ACE2, N-0385/DPP4, N-0385/IL-10, 
N-0385/NLRP3, N-0385/TLR7 and N-0385/TMPRSS2 were 
− 12.37 ± 1.68 kcal/mol, −25.83 ± 2.35 kcal/mol, −27.75 ± 2.35 kcal/
mol, −18.46 ± 1.84 kcal/mol, −42.73 ± 3.21 kcal/mol 
and − 30.99 ± 2.37 kcal/mol. The results showed that the small 
molecule N-0385 and the corresponding proteins possessed some 
strong binding affinity. The binding free energies of N-0385/TLR7 
and N-0385/TMPRSS2 were high, and their binding free energy 
values were less than −30.0 kcal/mol. The binding energies of these 
complexes were mainly contributed by Van der Waals energy and 
electrostatic energy. The experimental results are shown in Table 2.

Hydrogen bond analysis

Hydrogen bonding is one of the strongest non-covalent 
binding interactions, and hydrogen bonding is an important basis 

for the formation of stable binding small molecule ligands and 
protein targets. The simulation results showed that all the 
complexes had a high number of hydrogen bonds during the 
simulation, and the number of hydrogen bonds was basically 
maintained above 2. N-0385/ACE2, N-0385/DPP4, N-0385/IL-10 
and N-0385/TLR7 even had more than 4 hydrogen bonds in the 
late stage of simulation, suggesting that hydrogen bonds were very 
important for the formation of these complexes. The number of 
hydrogen bonds in N-0385/TMPRSS2 has been maintained at 
5–6, and there is an abnormal fluctuation at the beginning of the 
simulation of N-0385/TMPRSS2. This abnormal fluctuation may 
be due to a change in the binding state of the receptor protein and 
the ligand small molecule or the effect of the protein’s own peptide 
chain. The results are shown in Figure 6.

Analysis of root mean square fluctuations

Root mean square fluctuations (RMSF) can respond to the 
flexibility of the protein during molecular dynamics simulation. 
In general, the flexibility of the protein decreases after drug 
binding to stabilize the protein. ACE2, DPP4, NLRP3, TLR7 and 
TMPRSS2 proteins still had low RMSF fluctuations within 3 Å 

TABLE 1  Results of molecular docking scores.

Target_name Ligand_name Docking_score Target_name Ligand_name Docking_score

PMS2 N-0385 −9.6 IFNA2 N-0385 −6.8

MUC1 N-0385 −8.9 INS N-0385 −6.7

ACE N-0385 −8.7 IFNG N-0385 −6.7

CCR5 N-0385 −8.6 FCGR3A N-0385 −6.7

NLRP3 N-0385 −8.6 ABO N-0385 −6.6

DPP4 N-0385 −8.4 TLR4 N-0385 −6.5

TAMM41 N-0385 −8.3 IFNA1 N-0385 −6.5

ADAM17 N-0385 −8.2 CD8A N-0385 −6.5

F2 N-0385 −8.1 CRP N-0385 −6.5

IL2RA N-0385 −8.1 IFNB1 N-0385 −6.4

HLA-C N-0385 −8.1 APOE N-0385 −6.3

SLC6A20 N-0385 −8 TLR3 N-0385 −6.2

AR N-0385 −7.9 IL6 N-0385 −6.2

NRP1 N-0385 −7.8 IL-1β N-0385 −6.1

TNFRSF1B N-0385 −7.8 CXCL10 N-0385 −6.1

EGFR N-0385 −7.7 NPPB N-0385 −6

TLR7 N-0385 −7.7 TNNI3 N-0385 −5.9

ARNTL N-0385 −7.6 IL22 N-0385 −5.9

HLA-A N-0385 −7.6 CSF2 N-0385 −5.8

CHAT N-0385 −7.6 F3 N-0385 −5.8

CCR9 N-0385 −7.4 TNF N-0385 −5.7

ACE2 N-0385 −7.3 CD99 N-0385 −5.7

IL-10 N-0385 −7.2 IL4 N-0385 −5.5

INPP5E N-0385 −7.2 CCL17 N-0385 −5.4

TMPRSS2 N-0385 −6.8 CXCL8 N-0385 −5.3

OAS1 N-0385 −6.8
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after N-0385 binding, indicating that these proteins have low 
flexibility and close binding of small molecules. Although the 
RMSF of the receptor protein IL-10 and the ligand small molecule 

N-0385 showed large fluctuations after binding, the RMSF was 
low at the rest of the site except for the two ends of the protein, 
indicating that the core structure of the protein has good rigidity. 
The results are shown in Figure 7.

Analysis of radius of gyration

The radius of gyration (RoG) can reflect the degree of 
compactness of the complex. The RoG simulation results showed 
that the convergence from the system were N-0385/NLRP3, 
N-0385/DPP4, N-0385/TMPRSS2, N-0385/ACE2, N-0385/TLR7 
and N-0385/IL-10 from the largest to the smallest. The results are 
shown in Figure 8.

Analysis of solvent accessible surface 
area

The solvent accessible surface area (SASA) indicates the area 
where the complex can come in contact with the aqueous solution. 
In addition, the fluctuation of SASA reflects the exposure of the 
protein surface and the changes that occur in the buried area. 
Because the systems of the six groups of complexes analyzed in 
this study are different, the SASA values of different complexes 
have no comparative value or significance. However, the SASA 
fluctuations of all complexes were stable indicating that the 
complexes were able to form tightly bound. The results are shown 
in Figure 9.

A B

C D

E F

FIGURE 4

Molecular docking of small molecule N-0385 and protein targets. (A) N-0385/ACE2, (B) N-0385/DPP4, (C) N-0385/IL-10, (D) N-0385/NLRP3, 
(E) N-0385/TLR7, (F) N-0385/TMPRSS2.

FIGURE 3

The Venny diagram of intersection targets. The intersection of 
protein targets highly expressed in cell membranes and protein 
targets tightly bound to the small molecule N-0385.
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Discussion

In this study, we  investigate the mechanism of N-0385 
treatment COVID-19 by molecular docking and molecular 
dynamics simulation. We speculated that N-0385 may not only 
inhibit SARS-CoV-2 invasion directly by acting on TMPRSS2, 
ACE2 and DPP4, but also inhibit the immune recognition process 
and inflammatory response by regulating TLR7, NLRP3 and IL-10 
to prevent SARS-CoV-2 invasion.

Firstly, we conjectured that N-0385 may block hydrolysis and 
cleavage of SARS-CoV-2 protein by directly acting on TMPRSS2 
and ACE2, thereby preventing viral entry into cells. Secondly, 
N-0385 may reduce viral infection of cells and regulate that via 
metabolism through PDD4, thereby reducing body damage. 
Finally, N-0385 may reduce the inflammatory response and block 
the immune recognition process by regulating TLR7, NLRP3 and 
IL-10, thereby reducing cellular damage and alleviating 
the disease.

Therefore, these results indicated that N-0385 may act through 
multiple targets to reduce viral infection and reduce damage 
consisting of inflammatory responses.

Analysis of molecular docking and 
molecular dynamics

Molecular docking can be identified by spatial matching of the 
drug small molecule N-0385 and the protein macromolecule in 
vivo to each other, and molecular docking can predict their 
interactions, binding modes and affinities. Molecular dynamics is 
a powerful tool to analyze structural and dynamic information of 
biological macromolecular systems. By simulating the 
microstructural mechanisms and dynamic trajectory behavior of 
molecules, physicochemical data of molecular systems can 
be  obtained. Molecular dynamics can be  used to reveal the 
microstructural changes of drug small molecule-protein 
macromolecule interaction systems. Therefore, the results of 
molecular docking and molecular dynamics can be  used to 
explore the mechanism of N-0385 as it might be  used in the 
treatment of COVID-19.

In this study, the MMGBSA method was used to calculate 
the binding free energy that is able to reflect the binding 
stability of ligand small molecules to receptor proteins. The 
binding free energy results showed that N-0385/TMPRSS2 was 
−30.99 ± 2.37 kcal/mol, and that N-0385 binds to TMPRSS2 
mainly through hydrogen bonding. N-0385/TMPRSS2 
converged at the beginning of the RMSD simulation and 
remained stable in the subsequent simulations. The binding free 
energy results showed that N-0385/ACE2 and N-0385/DPP4 
were − 12.37 ± 1.68 kcal/mol and − 25.83 ± 2.35 kcal/mol. For 
N-0385/ACE2, the energy analysis showed that hydrophobic 
interactions were the main contributing energy. And N-0385 
was mainly bound to DPP4 through hydrogen bonding. ACE2 
and DPP4 still had low RMSF fluctuations within 3 Å after 
N-0385 binding, indicating that these proteins were low in 
flexibility and tightly bound to small molecules. The binding 
free energy results showed −42.73 ± 3.21 kcal/mol, 
−18.46 ± 1.84 kcal/mol and − 27.75 ± 2.35 kcal/mol for N-0385/
TLR7, N-0385/NLRP3 and N-0385/IL-10. The binding energies 
of these complexes were mainly contributed by Van der Waals 
and electrostatic energies. N-0385/IL-10 and N-0385/TLR7 
formed more than four hydrogen bonds at the late stage of the 

FIGURE 5

The result of root mean square deviation (RMSD).

TABLE 2  Binding free energies and energy components predicted by MM/GBSA (kcal/mol).

System name ΔEVdW ΔEelec ΔGGB ΔGSA ΔGbind

N-0385/ACE2 −44.78 ± 4.28 −442.35 ± 14.52 481.69 ± 16.90 −6.93 ± 0.44 −12.37 ± 1.68

N-0385/DPP4 −42.69 ± 2.84 −382.48 ± 15.82 405.95 ± 14.17 −6.61 ± 0.34 −25.83 ± 2.35

N-0385/IL-10 −44.44 ± 3.10 −60.49 ± 5.82 83.55 ± 4.12 −6.37 ± 0.24 −27.75 ± 2.35

N-0385/NLRP3 −43.90 ± 5.35 −98.43 ± 15.41 131.09 ± 11.66 −7.21 ± 0.45 −18.46 ± 1.84

N-0385/TLR7 −42.49 ± 2.49 −140.09 ± 10.69 146.94 ± 11.98 −7.08 ± 0.64 −42.73 ± 3.21

N-0385/TMPRSS2 −53.79 ± 3.80 −103.12 ± 13.55 133.01 ± 12.84 −7.10 ± 0.25 −30.99 ± 2.37

ΔEVdW: Van der Waals energy.
ΔEelec: electrostatic energy.
ΔGGB: electrostatic contribution to solvation.
ΔGSA: non-polar contribution to solvation.
ΔGbind: binding free energy.
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simulation, indicating that hydrogen bonds were crucial for the 
formation of these complexes.

Analysis of the potential mechanism of 
N-0385 to block SARS-CoV-2 infection 
of cells

N-0385 may inhibit the invasion of SARS-CoV-2 directly by 
acting on TMPRSS2, ACE2 and DPP4. N-0385 may block the 
hydrolysis and cleavage of SARS-CoV-2 protein by acting directly 
on TMPRSS2 and ACE2, thus preventing the virus from entering 
the cells, and N-0385 may reduce SARS-CoV-2 infection of cells 
through PDD4 and regulate organism metabolism, thus reducing 
organism damage.

Bioinformatics analysis showed that transmembrane serine 
protease 2 (TMPRSS2) facilitated virus entry into host cells 
through proteolytic cleavage and activation of viral envelope 
glycoproteins. KEGG signaling pathway analysis indicated that 
TMPRSS2 was involved in the mitochondrial immune response 
to SARS-CoV-2. GO analysis showed that TMPRSS2 was 
associated with serine-type endopeptidase activity and scavenger 

receptor activity. Angiotensin-converting enzyme 2 (ACE2) is a 
functional receptor for the spike glycoprotein of SARS-CoV-2, 
and plays an important role in the regulation of cardiovascular 
and renal function and fertility. KEGG signaling pathway analysis 
included peptide hormone metabolism. GO analysis included 
metallopeptidase activity and peptide binding. Dipeptidyl 
peptidase 4 (DPP4) is involved in insulin metabolism and immune 
regulation. And DPP4 has been shown to be a functional receptor 
for Middle East respiratory syndrome coronavirus (MERS-CoV). 
KEGG signaling pathway analysis showed that DPP4 was involved 
in the metabolism of peptide hormones and the regulation of 
intestinal insulin. GO analysis suggested that DPP4 was associated 
with protein homodimerization activity and signaling receptor 
binding. Protein interaction network analysis showed that 
TMPRSS2, ACE2 and DPP4 were closely associated with viral 
invasion targets.

The SARS-CoV-2 spike protein, transmembrane protease 
serine 2 (TMPRSS2) and human receptor angiotensin-converting 
enzyme 2 (ACE2) are the major host-pathogen determinants 
affecting infection (Zhou P. et al., 2020; Senapati et al., 2021). The 
spike protein is located on the viral outer membrane and the 

A B

C D

E F

FIGURE 6

Changes in the number of hydrogen bonds among small molecule ligands and protein receptors in complex system simulations. (A) N-0385/
ACE2, (B) N-0385/DPP4, (C) N-0385/IL-10, (D) N-0385/NLRP3, (E) N-0385/TLR7, (F) N-0385/TMPRSS2.
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protein has two major functional subunits (a long N-terminal S1 
subunit and a relatively short C-terminal S2 subunit). Receptor-
Binding Domain (RBD) is located in the S1 subunit of the spiked 

protein (Li et al., 2005), and TMPRSS2 is located on the surface of 
type II alveolar cells (Shulla et al., 2011). ACE2 is located on the 
surface of type II alveolar cells, and it is involved in the regulation 
of signaling pathways of the renin-angiotensin system and integrin 
signaling (Shulla et al., 2011; Beacon et al., 2021). In addition, 
ACE2 can act as a carboxypeptidase, removing a single amino acid 
from the C-terminus of the substrate (Turner and Hooper, 2002). 
Study was shown that amino acid-born mutations in the binding 
sites of spike protein, TMPRSS2 and ACE2 alter the affinity of the 
proteins, which may affect the structural stability of the complexes 
(Hussain et al., 2020; MacGowan and Barton, 2020; Yan et al., 
2020; Beacon et al., 2021).

The spike protein of the SARS-CoV-2 enters human cells by 
binding to TMPRSS2 and ACE2. Two distinct modes of cell entry 
exist for SARS-CoV-2, and the two entry modes differ in the 
second cleavage. The entry of SARS-CoV-2 into cells occurs by 
two spike protein cleavages (Senapati et  al., 2021). The first 
occurrence of cleavage takes place when the spike protein and 
ACE2 are bounden together, there are 20 ACE2 residues 
interacting with 17 residues from the spike protein RBD, 
triggering a partial conformational rearrangement in the spike 

A B

C D

E F

FIGURE 7

Changes in the stability of protein targets at the residue level. (A) N-0385/ACE2, (B) N-0385/DPP4, (C) N-0385/IL-10, (D) N-0385/NLRP3, 
(E) N-0385/TLR7, (F) N-0385/TMPRSS2.

FIGURE 8

The result of radius of gyration (RoG).
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protein and increased sensitivity to hydrolytic digestion of the 
protein at the junction of the S1 and S2 subunits of the spike 
protein. This is followed by exposure of the S2’ cleavage site in the 
S2 subunit (Simmons et al., 2005; Li et al., 2006; Jackson et al., 
2022). The second cleavage occurs at the exposed S2’ cleavage site, 
where multiple arginine-rich sites (Arg667 and Arg797) are 
recognized and cleaved by two different protein hydrolases, 
releasing the S2’ subunit. If the target cell TMPRSS2 is not 
adequately expressed, or if the viral-ACE2 complex does not 
encounter TMPRSS2, the viral-ACE2 complex is internalized into 
the endolysosome by histone proteases via reticulin-mediated 
endocytosis to perform hydrolytic cleavage. This cleavage has to 
occur at the cell surface under acidic conditions and the presence 
of TMPRSS2 (Jackson et al., 2022). TMPRSS2 can enzymatically 
cleave a string of hydrophobic amino acids exposed at a site on the 
S2 subunit of the spiked protein, thereby allowing the virus to 
rapidly embed into the host cell membrane. Therefore, viruses 
mediated by TMPRSS2-mediated endocytosis can enter the cell 
more rapidly (Hoffmann et al., 2020). After cleavage, the fusion 
peptide is released by intracellular histone protease L15, 16, 
initiating fusion pore formation (Matsuyama et  al., 2010; 
Glowacka et al., 2011). Subsequently, the unfolded spike protein 
folds up to fuse the viral outer membrane with the cell membrane 
thus ensuring that the viral gene can access the cytoplasm.

DPP4 is a serine ectopeptidase, also known as CD26. DPP4 
can cleave X-proline dipeptides from the N-terminal end of 
peptides, and it is expressed in a variety of epithelial and 
endothelial cells of the systemic vasculature, kidney, lung, small 
intestine and heart (Solerte et al., 2020a,b). DPP4 is involved in 
glucose and insulin metabolism and immune regulation. Studies 
have shown that Middle East respiratory syndrome coronavirus 
uses DPP4 as its functional receptor (Bassendine et al., 2020). 
Interestingly, it was demonstrated that there might be  a tight 
interaction between the S1 domain loop of the COVID-19 spike 
glycoprotein and the CD26 surface (Vankadari and Wilce, 2020). 
Therefore, like ACE2, DPP4 may act as a SARS-CoV-2 co-receptor 
into cells (Solerte et al., 2020a,b). Recently, Nádasdi et al. (2022) 

found that reduced circulating DPP4 activity is associated with 
severe COVID-19 disease and is a strong prognostic biomarker of 
COVID-19 mortality. DPP4 inhibitors are commonly used to treat 
type 2 diabetes. Interestingly, many studies have shown that some 
DPP4 inhibitors (such as: selegiline and emetine) may have a 
therapeutic effect on neocoronary, but clinical trials are still 
needed to confirm their effects (Mikhael et al., 2022; Zhang et al., 
2022). In addition, many data show that diabetes is also a factor in 
causing severe symptoms of COVID-19 (Zhou F. et al., 2020; 
Godeau et al., 2021). Thus DPP4 may be a potential target for the 
treatment or prevention of COVID-19 patients with concomitant 
type 2 diabetes (Iacobellis, 2020).

N-0385 hinders SARS-CoV-2 invasion by 
inhibiting recognition processes and 
inflammatory responses

N-0385 may reduce the inflammatory response and block the 
immune recognition process by regulating TLR7, NLRP3 and 
IL-10, thereby reducing cellular damage and alleviating disease.

Bioinformatics analysis suggested that toll like receptor 7 
(TLR7) plays an important role in pathogen recognition and 
innate immune activation, and it recognizes pathogen-associated 
molecular patterns (PAMPs) expressed on infectious agents and 
mediates the production of cytokines necessary for effective 
immunity. KEGG signaling pathway analysis suggested that TLR7 
was involved in dendritic cell developmental lineage pathways 
and in the interaction between immune cells and microRNAs in 
the tumor microenvironment. GO analysis indicated that NLRP3 
was involved in transmembrane signaling receptor activity and 
double-stranded RNA binding. NLR Family Pyrin Domain 
Containing 3 (NLRP3) plays a role in the regulation of 
inflammation, immune response and apoptosis, and NLRP3 can 
also induce cell death. KEGG signaling pathway analysis included 
protein metabolism and SARS-CoV-2 activation of the NLRP3 
inflammasome. GO analysis included peptidoglycan binding. 
Interleukin 10 (IL-10) has a potent anti-inflammatory function 
to which it plays major role in immunomodulatory cytokine, and 
it can limit excessive tissue destruction caused by inflammation. 
KEGG signaling pathway analysis suggested that TLR7 was 
involved in dendritic cell developmental lineage pathways and 
MIF-mediated glucocorticoid regulation. GO analysis indicated 
that NLRP3 was involved in cytokine activity and interleukin 10 
receptor binding. Protein interaction network analysis showed 
that TLR7, NLRP3 and IL-10 were closely associated with 
inflammatory responses and immune regulation.

TLR7 may be  involved in SARS-CoV-2 genome 
recognition through recognition of ssRNA and synthetic 
oligonucleotides (Khanmohammadi and Rezaei, 2021; Yuan 
et al., 2021). TLR7 is considered a key cellular sensor of SARS-
CoV-2 encoded ssRNA, and it is involved in host resistance 
and disease pathogenesis of COVID-19 (Salvi et al., 2021). 
Interestingly, Asano et al. (2021) found that X-linked recessive 

FIGURE 9

Analysis of solvent accessible surface area (SASA).
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TLR7 deficiency was a highly exogenous genetic cause of 
critical COVID-19 pneumonia, and TLR7 and pDC were 
essential for protective type I IFN immunity against SARS-
CoV-2 in the respiratory tract. Some of research have found 
that the immune response to SARS-CoV-1 via TLR7 activation 
may trigger a cytokine storm (Tang et al., 2016; de Groot and 
Bontrop, 2020).

IL-10 is a very important class of anti-inflammatory 
mediators that protects the host from overreacting to 
pathogens and microbiota, and it can play an irreplaceable role 
in sterile wound healing, autoimmunity, cancer and 
homeostasis (Fiorentino et  al., 1989; Moore et  al., 1990; 
Saraiva et al., 2020). IL-10 produces a wide range of effects of 
anti-inflammatory activity by targeting a variety of cells. IL-10 
acts mainly through macrophages, and IL-10 triggers a 
dramatic immunosuppressive response mainly by inhibiting 
the transcription of cytokines, chemokines, MHCII 
co-stimulatory and adhesion molecules (Bogdan et al., 1991; 
Moore et al., 2001; Shouval et al., 2014; Zigmond et al., 2014). 
Therefore, IL-10 not only regulates the local cytokine 
microenvironment, but also restricts antigen presentation 
preventing T cell responses and the spread of inflammation. 
Studies have found that IL-10 increases ACE2 mRNA 
expression in lung-derived Calu-3 cells and human umbilical 
vein endothelial cells (HUVEC), thereby providing 
cardiopulmonary protection in COVID-19 using a negative 
feedback mechanism that inhibits inflammation. At the same 
time, IL-10 promotes viral binding and entry using organismal 
protective mechanisms to kill pathogens, thereby reducing 
inflammatory cytokine production and protection from 
further tissue damage (Albini et al., 2021; Tabares-Guevara 
et al., 2021).

The NLRP3 inflammasome consists of NLRP3, apoptosis-
associated speckle-like protein (ASC) and cysteine aspartase 
1 (caspase-1). Activated inflammasomes contribute to the 
release of mature cytokines, thereby facilitating the 
development of an innate immune response. It has been shown 
that the interaction of ACE2 receptors with SARS-CoV-2 spike 
proteins causes NLRP3 inflammasomes in cells, which may 
lead to cellular scorching if NLRP3 is over activated (Ratajczak 
et  al., 2020, 2021). NLRP3 inflammasomes trigger 
inflammatory immune responses via intracellular caspase-1, 
which leads to their ability to release the potent 
pro-inflammatory cytokines interleukin 1β (IL-1β) and 
interleukin 18 (IL-18; Franchi et  al., 2012; Swanson et  al., 
2019; Ratajczak et al., 2020; Strollo and Pozzilli, 2020).

Conclusion

In this study, we investigate the mechanism of therapeutical 
effect of N-0385  in COVID-19 by molecular docking and 
molecular dynamics. We speculated that N-0385 may not only 
directly inhibit SARS-CoV-2 invasion by acting on TMPRSS2, 

ACE2 and DPP4, but also inhibit the immune recognition 
process and inflammatory response by regulating TLR7, NLRP3 
and IL-10, thus preventing SARS-CoV-2 invasion. N-0385 may 
have a promising usage in the treatment of COVID-19, for which 
it blocks SARS-CoV-2 infection via multiple targets within 
inflammatory response. This study renders theoretical basis and 
new research ideas for N-0385 in the treatment of COVID-19.
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Identification of natural compounds 
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Medical Sciences, Guangzhou University of Chinese Medicine, Guangzhou, China

Background: Base mutations increase the contagiousness and transmissibility of 
the Delta and Lambda strains and lead to the severity of the COVID-19 pandemic. 
Molecular docking and molecular dynamics (MD) simulations are frequently used for 
drug discovery and relocation. Small molecular compounds from Chinese herbs have 
an inhibitory effect on the virus. Therefore, this study used computational simulations 
to investigate the effects of small molecular compounds on the spike (S) protein and 
the binding between them and angiotensin-converting enzyme 2 (ACE2) receptors.

Methods: In this study, molecular docking, MD simulation, and protein–protein 
analysis were used to explore the medicinal target inhibition of Chinese herbal 
medicinal plant chemicals on SARS-CoV-2. 12,978 phytochemicals were screened 
against S proteins of SARS-CoV-2 Lambda and Delta mutants.

Results: Molecular docking showed that 65.61% and 65.28% of the compounds had 
the relatively stable binding ability to the S protein of Lambda and Delta mutants 
(docking score ≤ −6). The top five compounds with binding energy with Lambda and 
Delta mutants were clematichinenoside AR2 (−9.7), atratoglaucoside,b (−9.5), physalin 
b (−9.5), atratoglaucoside, a (−9.4), Ochnaflavone (−9.3) and neo-przewaquinone a 
(−10), Wikstrosin (−9.7), xilingsaponin A (−9.6), ardisianoside G (−9.6), and 23-epi-
26-deoxyactein (−9.6), respectively. Four compounds (Casuarictin, Heterophylliin 
D, Protohypericin, and Glansrin B) could interact with S protein mutation sites of 
Lambda and Delta mutants, respectively, and MD simulation results showed that 
four plant chemicals and spike protein have good energy stable complex formation 
ability. In addition, protein–protein docking was carried out to evaluate the changes 
in ACE2 binding ability caused by the formation of four plant chemicals and S protein 
complexes. The analysis showed that the binding of four plant chemicals to the 
S protein could reduce the stability of the binding to ACE2, thereby reducing the 
replication ability of the virus.

Conclusion: To sum up, the study concluded that four phytochemicals (Casuarictin, 
Heterophylliin D, Protohypericin, and Glansrin B) had significant effects on the 
binding sites of the SARS-CoV-2 S protein. This study needs further in vitro and in vivo 
experimental validation of these major phytochemicals to assess their potential anti-
SARS-CoV-2.

KEYWORDS

molecular docking, molecular dynamics simulation, binding energy, SARS-CoV-2 inhibitors, 
Chinese herbal medicine

TYPE  Original Research
PUBLISHED  01 February 2023
DOI  10.3389/fmicb.2022.1095068

OPEN ACCESS

EDITED BY

Arli Aditya Parikesit,  
Indonesia International Institute for  
Life-Sciences (i3L), Indonesia

REVIEWED BY

Surjit Singh,  
Sister Nivedita University,  
India
Zhen Luo,  
Jinan University,  
China
Viol Kharisma,  
Airlangga University,  
Indonesia

*CORRESPONDENCE

Geng Li   
 lg@gzucm.edu.cn 

Xiaohong Liu  
 drlxh@foxmail.com 

Yanni Lai  
 laiyanni@gzucm.edu.cn

†These authors have contributed equally to this 
work and share first authorship

SPECIALTY SECTION

This article was submitted to  
Virology,  
a section of the journal  
Frontiers in Microbiology

RECEIVED 10 November 2022
ACCEPTED 29 December 2022
PUBLISHED 01 February 2023

CITATION

Han T, Luo Z, Ji L, Wu P, Li G, Liu X and 
Lai Y (2023) Identification of natural compounds 
as SARS-CoV-2 inhibitors via molecular docking 
and molecular dynamic simulation.
Front. Microbiol. 13:1095068.
doi: 10.3389/fmicb.2022.1095068

COPYRIGHT

© 2023 Han, Luo, Ji, Wu, Li, Liu and Lai. This is 
an open-access article distributed under the 
terms of the Creative Commons Attribution 
License (CC BY). The use, distribution or 
reproduction in other forums is permitted, 
provided the original author(s) and the 
copyright owner(s) are credited and that the 
original publication in this journal is cited, in 
accordance with accepted academic practice. 
No use, distribution or reproduction is 
permitted which does not comply with these 
terms.

42

https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org
http://crossmark.crossref.org/dialog/?doi=10.3389/fmicb.2022.1095068﻿&domain=pdf&date_stamp=2023-02-01
https://www.frontiersin.org/articles/10.3389/fmicb.2022.1095068/full
https://www.frontiersin.org/articles/10.3389/fmicb.2022.1095068/full
https://www.frontiersin.org/articles/10.3389/fmicb.2022.1095068/full
https://www.frontiersin.org/articles/10.3389/fmicb.2022.1095068/full
https://www.frontiersin.org/journals/microbiology#editorial-board
https://www.frontiersin.org/journals/microbiology#editorial-board
https://doi.org/10.3389/fmicb.2022.1095068
mailto:lg@gzucm.edu.cn
mailto:drlxh@foxmail.com
mailto:laiyanni@gzucm.edu.cn
https://doi.org/10.3389/fmicb.2022.1095068
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


Han et al.� 10.3389/fmicb.2022.1095068

Frontiers in Microbiology 02 frontiersin.org

1. Introduction

COVID-19, caused by the Novel Coronavirus, remains a 
worldwide pandemic, with more than 628 million cumulative 
confirmed cases and more than 6.57 million cumulative deaths 
reported globally as of November 3, 2022. More and more studies 
have shown that COVID-19 can not only cause lung damage but 

Abbreviations: ACE2, Angiotensin-converting enzyme 2; MD, Molecular dynamics; 

S, Spike; RBD, Receptor binding domain; VOC, Variety of concern; NAb, Neutralizing 

antibodies; TCMSP, Traditional Chinese Medicine Systems Pharmacology Database 

and Analysis Platform; Leu, L, leucine; Gln, Q, glutamine; F, F, Fnylalanine; Ser, S, 

serine; Arg, R, Arginine; Thr, T, Threonine; Lys, K, Lysine; CTD, C-terminal domain; 

RMSD, Root Mean Square Deviation; RMSF, Root Mean Square Fluctuation; VOI, 

Variety of interest.
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also attack the liver (Bangash et al., 2020), kidneys (Balawender 
et al., 2022), heart (Madjid et al., 2020), reproductive system (Fan 
et al., 2020), and nervous system (Chuang et al., 2021). Patients 
infected with COVID-19 will show symptoms such as fever, 
exertion, dry cough, loss of smell and taste, dyspnea, and severely 
infected patients will have respiratory and circulatory failure and 
even multi-organ failure, which will lead to death (Tsang et al., 
2021). In addition, the latest research shows that the long-term 
symptoms caused by the COVID-19 infection cause patients to 
develop muscle pain, tiredness, fear, depression, and other 
psychological disorders and increase the risk of cardiovascular 
disease (Hanson et  al., 2022). Although coronaviruses have 
proofreading mechanisms to maintain their long genomes and have 
a relatively low mutation rate, different variants have emerged with 
severe economic and social impacts (Robson et al., 2020).

The SARS-CoV-2 virus infects via the engagement of human 
ACE2 by the virus receptor binding domain (RBD) of its S protein 
(Lan et al., 2020). The dominant strain currently circulating is the 
Omicron variant, the Delta variant, and the Lambda variant were 
the dominant strain worldwide before the Omicron variant, which 
mutations occurring in the RBD region (Pulliam et al., 2022). Delta 
has two mutations within its RBD, L452R, and T478K. The Lambda 
variant, once a major strain in Argentina and Chile, has two 
mutations in its RBD, L452Q, and F490S (Romero et al., 2021). 
Compared with the wild cohort, the Delta variant spreads faster, 
has a shorter incubation period, higher viral load, and longer viral 
clearance time, and elderly patients infected with Delta variety of 
concerns (VOCs) are more likely to develop critical illness (Wang 
et al., 2021). In addition to being highly transmissible, the Lambda 
variant is more infectious and resistant to neutralizing antibodies 
(NAb), resulting in a decrease in the protective effect of all 
currently approved anti-SARS-CoV-2 vaccines (Kimura and Kosugi 
et al., 2022). The Omicron variant is currently circulating; although 
the transmissibility and immune escape are both high, the 
pathogenicity has “substantially decreased.” Moreover, the 
probability of developing new crowns after infection with the 
Omicron variant has decreased by about 20%–50% compared with 
the Delta variant (Nyberg et al., 2022; Xie et al., 2022). At present, 
although vaccines can provide a high level of prevention of 
hospitalization and reduce mortality, vaccines cannot prevent new 
coronavirus infection or reinfection, and there are currently no 
effective anti-new coronavirus drugs (Nyberg et al., 2022).

Studies have shown that traditional Chinese medicine has played a 
particular role in the treatment of COVID-19, suggesting that antiviral and 
even anti-variant drug candidates can be found in various Chinese herbal 
medicines (Ren et al., 2020; Runfeng et al., 2020). Drug screening in the 
preclinical and clinical stages is costly and time-consuming (Walls et al., 
2020). Virtual screening by computer can provide rapid, considerable, and 
new testable hypotheses for drug repositioning (Cheng et al., 2017).

In this study, the protein structures of Delta and Lambda variants 
were constructed and, respectively, docked with 12,978 small 
molecule compounds, which were verified and extracted from 
Chinese herbal medicine downloaded from the Traditional Chinese 
Medicine Systems Pharmacology Database and Analysis Platform 
(TCMSP). The compound with the highest docking score was 
screened out, and then MD was simulated. The protein–protein 
docking was carried out to understand its mode of action. This study 
is expected to provide a reference for screening anti-virus and even 
anti-mutant strains.

2. Materials and methods

2.1. Protein structure and evaluation

Download the S protein and ACE2 binding structure file (6LZG) 
from the PDB database.1 The mutation sites of the Delta and Lambda 
strain of the binding domain of the S protein were confirmed. Using 
PyMOL 2.1 to carry out virtual mutation function, 452 amino acids 
of S protein RBD were mutated from leucine (Leu, L) to glutamine 
(Gln, Q) and 490 amino acids were mutated from Fnylalanine (F, F) 
to serine (Ser, S) to form Lambda strain. The 452 amino acid of RBD 
of S protein was mutated from L to arginine (Arg, R), and the 478 
amino acid was mutated from threonine (Thr, T) to lysine (Lys, K) to 
form Delta strain. The protein was added hydrogen by Autodcok Tool 
1.5.6 and formed a PDBQT file. The rationality of protein 
conformations was evaluated by Ramachandran plot using UCLA-
DOE’s SAVES server v 6.0.2

2.2. Compound structure and optimization

The three-dimensional conformations of the 13,144 small molecule 
compounds from 500 Chinese herbs were downloaded from the TCMSP 
database.3 The compounds were minimized by assigning force field 
MM2 by using ChemBio3D Ultra 13.0, and the optimized structure 
was prepared.

2.3. Virtual screening and molecular docking

Autodock Vina 1.1.2 was used in silicon docking. The docking 
was carried out, and the binding pocket covered the mutation base 
with the following parameters −42.602, 33.01, and 9.399 for the X, Y, 
and Z axes, respectively. These coordinates represent the binding site 
area covering the C-terminal domain (CTD) of the Sprotein of SARS-
CoV-2. The x, y, and z length of the grid box is 50. The affinity score 
was analyzed by sectional statistics, and GraphPad Prism 9.0 was used 
for visualization.

2.4. Molecular dynamics simulation

MD simulations of protein and compound complexes were 
performed by Desmond v2020. OPLS3e was selected as the 
molecular field for MD simulation.TIP3 water model was used in 
the MD system. Neutralize the system charge by adding ions. The 
energy minimization of the entire system is achieved by using the 
OPLS3e force field since it is a full atomic-type force field. The 
geometry of water molecules, bond lengths, and bond angles of 
heavy atoms are constrained by the SHAKE algorithm. A 
continuous system is simulated by applying periodic boundary 
conditions. Long-range static electricity is maintained by the 
particle mesh Ewald method. An NPT method harness at 300 K and 
1.0 bar was used to balance the system. Berendsen coupling 

1  https://www.rcsb.org/

2  https://saves.mbi.ucla.edu/

3  https://old.tcmsp-e.com/tcmsp.php
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A

B

FIGURE 1

The CTD of S protein structure and evaluation. (A) The tertiary structure of CTD of S protein of Lambda and Delta strain. (B) The Ramachandran plot of the 
mutation S protein. The mutation residues were shown in orange and CTD of S protein was shown in palegreen.

FIGURE 2

Distribution bar graph of the affinity score of small molecular compounds with Lambda and Delta strain.
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TABLE 1  Molecular docking results of Lambda S-CTD and compounds (top 20).

Rank Affinity (kcal/MOL) MOL_ID molecule_name

1 −9.7 MOL000753 clematichinenoside AR2

2 −9.5 MOL006876 atratoglaucoside,b

3 −9.5 MOL007238 physalin b

4 −9.4 MOL006874 atratoglaucoside,a

5 −9.3 MOL003009 Ochnaflavone

6 −9.3 MOL003351 cyclopseudo-hypericin

7 −9.3 MOL005678 periplocoside J

8 −9.3 MOL006757 Bryonolic acid

9 −9.3 MOL007353 solamargine

10 −9.2 MOL003278 salaspermic acid

11 −9.2 MOL005671 periplocoside C

12 −9.2 MOL009468 β1-solamargine

13 −9.2 MOL009472 26-O-β-D-glucopyranosyl-nuatigenin-3-O-α-L-rhamnopyranosyl(1→2)-β-

D-glucopyranoside

14 −9.2 MOL011100 bisindigotin

15 −9.1 MOL002067 hypericin

16 −9.1 MOL002659 kihadanin A

17 −9.1 MOL004500 Markogenin-3-O-beta-D-glucopyranosyl-(1–2)-beta-D-galactopyranoside

18 −9.1 MOL005459 Diosgenin-3-O-beta-D-glucopyranoside

19 −9.1 MOL006855 solamargine

20 −9.1 MOL006895 glaucoside,d

TABLE 2  Molecular docking results of Delta S-CTD and compounds (top 20).

Rank Affinity (kcal/MOL) MOL_ID molecule_name

1 −10 MOL007062 neo-przewaquinone a

2 −9.7 MOL011124 Wikstrosin

3 −9.6 MOL004521 xilingsaponin A

4 −9.6 MOL011030 ardisianoside G

5 −9.6 MOL011990 23-epi-26-deoxyactein

6 −9.6 MOL012727 mulberrofuran K

7 −9.5 MOL004509 Timosaponin A III

8 −9.5 MOL007238 physalin b

9 −9.5 MOL009474 26-O-β-D-glucopyranosylnuatigenin-3-O-α-L-rhamnopyranosyl(1→2)-o-[β-D-

glucopyranosyl(1→4)]-β-D-glucopyranoside

10 −9.4 MOL004444 Ziebeimine

11 −9.4 MOL005626 cynapanoside B

12 −9.4 MOL006757 Bryonolic acid

13 −9.4 MOL006874 atratoglaucoside,a

14 −9.4 MOL006876 atratoglaucoside,b

15 −9.4 MOL011540 withanolide D

16 −9.4 MOL012929 glaucoside C

17 −9.3 MOL003351 cyclopseudo-hypericin

18 −9.3 MOL005678 periplocoside J

19 −9.3 MOL008582 trillin

20 −9.3 MOL011486 Datuarmeteloside B
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TABLE 3  Molecular docking results of Lambda S-CTD mutant bases and compounds.

Rank Affinity (kcal/MOL) MOL_ID Molecule name Structure

1 −9.1 MOL010726 Casuarictin

2 −9.0 MOL002505 C10230

3 −8.9 MOL005678 Periplocoside J

4 −8.1 MOL009110 Heterophylliin D

5 −7.9 MOL003351 Cyclopseudo-hypericin

6 −7.9 MOL006895 Glaucoside,d

(Continued)
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algorithm is used to couple temperature–pressure parameters. At a 
later stage of preparation of the system, 100 ns was run at a time 
step of 1.2 fs. The track was recorded every 100 ps, recording a total 
of 1,000 frames. The Root Mean Square Deviation (RMSD) of 
backbone atoms was calculated, and a graphical analysis was 
performed to understand the nature of protein-ligand interactions. 
The Root Mean Square Fluctuation (RMSF) of each residue was 
calculated to understand the major conformational changes of the 
residue between the initial state and the kinetic state.

2.5. Protein–protein docking

Protein structure (6LZG) was obtained from the PDB database 
(see text footnote 1, respectively) and processed by PyMOL 2.1 
software, including the removal of water and ions, protonation, the 
addition of missing atoms, and completion of chemical groups. 
HDOCK SERVER4 is used to set the protein as a rigid state. The 
range of Receptor protein was set as 19:A, 24:A, 35:A, 38:A, 42:A, 
353:A, and 30:A. The range of Delta and Lambda S protein was set 
as 487:B, 475:B, 417:B, 493:B, 502:B, 496:B, 449:B, and 498:B. 100 
conformations were generated in silicon docking, and the best 
conformation was selected by scoring in ascending order.

4  http://hdock.phys.hust.edu.cn/

3. Results

3.1. Evaluation of protein structure 
rationality

Ramachandran Plot was used to assess the rationality of the mutation 
S protein (Morris et al., 1992). As can be seen in Figure 1, the total number 
of residues of CTD of S protein is 195. The residues in most favored regions 
take part of 82.1%, and residues in additional allowed regions were 17.3%. 
The residues in disallowed regions were 0.6% which was <5%, indicating 
the rationality of the structure of the S protein of the mutation strain.

3.2. Optimization results of compound 
structure

There were 13,144 compounds in the TCMSP database, and 12,978 
compounds were optimized after removing the compounds with 
unreasonable structures 166 compounds could not be optimized.

3.3. Molecular docking analysis

Affinity score was used to evaluate the result of virtual screening. 
The lower the affinity score, the more stable the confirmation. The 
docking results of 12,978 compounds with Lambda S-CTD and Delta 
S-CTD were ranked from lowest to highest according to affinity scores.

TABLE 3  (Continued)

Rank Affinity (kcal/MOL) MOL_ID Molecule name Structure

7 −7.8 MOL002067 Hypericin

8 −7.6 MOL009468 β1-solamargine

9 −7.5 MOL012732 Mulberrofuran Q

10 −7.2 MOL006876 Atratoglaucoside,b

48

https://doi.org/10.3389/fmicb.2022.1095068
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org
http://hdock.phys.hust.edu.cn/


Han et al.� 10.3389/fmicb.2022.1095068

Frontiers in Microbiology 08 frontiersin.org

The affinity scores were normally distributed. Most compounds 
were concentrated in a fraction of −4 to −7.9 kcal/(MOL). Generally, 
the conformations with affinity scores below −8 were considered 
reliable. There were 734 (5.66%) Lambda conformation and 910 
(7.01%) Delta confirmations below −8 (Figure 2), indicating those 
compounds which consisted of conformation had an interactive 
relationship with CTD of S protein.

The top 20 compounds were shown in Tables 1, 2. Among the 
top 100 results, not all compounds bind to the mutation base. By 
checking the 9 conformations manually of the top 100 results, the 
conformation of compounds bound to the mutation base was 
selected and listed in Tables 3, 4 according to affinity score from 
lowest to highest. The 2D structure of compounds was shown in 
Tables 3, 4.

TABLE 4  Molecular docking results of Delta S-CTD mutant bases and compounds.

Rank Affinity (kcal/
MOL)

MOL_ID Molecule name Structure

1 −8.9 MOL009107 Glansrin B

2 −8.9 MOL008305 Ardisiacrispin A

3 −8.6 MOL005678 Periplocoside J

4 −8.4 MOL003351 Cyclopseudo-hypericin

5 −8.4 MOL002037 Amentoflavone

(Continued)
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It showed that Casuarictin, C10230, Cyclopseudo-hypericin, 
Glaucoside,d, Hypericin, β1-solamargine, Mulberrofuran Q, and 
Atratoglaucoside, bind to Q452 of lambda strain, while Periplocoside J 
binds to S490. Heterophylliin D binds to both Q452 and S490 through 
van der weals and conventional hydrogen bonds (Figure 3, Table 5). 
Glansrin B, Ardisiacrispin A, Periplocoside J, Cyclopseudo-hypericin, 

Amentoflavone, Ochnaflavone, Hypericin, Datuarmeteloside B, and 
Primulanin only bind to R452 of delta strain, while Protohypericin binds 
to R452 and K478, respectively, in a different conformation. 
Protohypericin binds to R452 through conventional hydrogen bond, and 
it binds to K478 through Pi-cation, Pi-Alkyl and conventional hydrogen 
bond (Figure 4, Table 6).

TABLE 4  (Continued)

Rank Affinity (kcal/
MOL)

MOL_ID Molecule name Structure

6 −8.4 MOL003009 Ochnaflavone

7 −8.3 MOL002067 Hypericin

8 −8.2 MOL003350 Protohypericin

9 −8.2 MOL011486 Datuarmeteloside B

10 −8.2 MOL010968 Primulanin
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FIGURE 3

The top 10 conformations of the small molecule compounds bind to the Lambda strain mutation base. (A) Casuarictin. (B) C10230. (C) Periplocoside J. 
(D) Heterophylliin D. (E) Cyclopseudo-hypericin. (F) Glaucoside, d. (G) Hypericin. (H) β1-solamargine. (I) Mulberrofuran Q. (J) Atratoglaucoside, b.

TABLE 5  The residues for the chemical bonds between compounds and spike proteins of Lambda strain.

Compounds Van de waals Conventional 
hydrogen bond

Unfavorable 
acceptor-acceptor

Carbon 
hydrogen bond

Pi-Alky1

Casuarictin F357, Y451, N354, K356, I468 E340, V341, R346, S349, 

Y351, N450, Q452

S399 A348 A344, A352

Heterophylliin D P491, E471, I472, S490, S494, Y451, Y449, 

F347, A348, S349, Y351, S469, I468

Q493, Q452, E484, T470 L492 N450 A352
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3.4. Molecular dynamics analysis

Molecular docking cannot fully consider the flexibility of protein 
structure. To further elucidate the critical interactions between small 

molecule compounds and S protein, MD simulation was performed on 
the optimal molecular docking model in this study. The model with the 
highest score and the model with the most mutation sites were 
considered to be the best model. They were Casuarictin, Heterophylliin 

A B

C D

E F

G H

I J

K

FIGURE 4

The top 10 conformations of the small molecule compounds bind to the Delta strain mutation base. (A) Glansrin B. (B) Ardisiacrispin A. (C) Periplocoside J. 
(D) Cyclopseudo-hypericin. (E) Amentoflavone. (F) Ochnaflavone. (G) Hypericin. (H, I) Protohypericin. (J) Datuarmeteloside B. (K) Primulanin.
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D and S protein of Lambda strain, Protohypericin, and Glansrin B and 
S protein of Delta strain, respectively.

In MD trajectory analysis, root means square deviation (RMSD) and 
root mean square fluctuation (RMSF) is the most frequently used index. 
The larger RMSD is, the more unstable the conformation is. As seen from 
Figures  5A–D, the small molecule fluctuated at the beginning and 
gradually tend to be  stable in the movement process. In the MD 
simulation of 200 ns, the RMSD between the four compounds and the S 
protein reached a relative equilibrium state. It revealed that these four 
compounds approach the appropriate position of the S protein, thus 
promoting the stability between them and indicating that the small 
molecule was well combined with the protein surface. RMSF can be used 
to observe the allosteric of local sites in the simulation process. The larger 
the RMSF is, the more pronounced the conformational change of residue 
is. 0.2 was used to be the cut-off value. As shown in Figures 5E–H, in the 
binding between Casuarictin and S protein, residues 30–40, 140–145, 
150–156 were Highly fluctuating. In the binding between Heterophylliin 
D and S protein, residues 35–40 and 140–145 were highly fluctuating. In 
the binding between Protohypericin and S protein, residues 35–40 were 
highly fluctuating, while the residues 145–150 were highly fluctuating in 
the binding between Glansrin B and S protein.

Protein-ligand interactions can be  monitored throughout the 
simulation. These interactions can be classified and summarized by type, 
as shown in Figures 5I–L. Protein-ligand interactions was divided into four 
types. They were hydrogen bonds, hydrophobic interaction, ions, and 
water bridges. The binding of Casuarictin with S of Lambda strain and the 
binding of Protohypericin and Glansrin B with S-CTD of Delta strain were 
mainly connected with H-bonds. The binding of Heterophylliin D with S 
of Lambda strain displayed with hydrophobic interaction.

Combing the result of RMSD, RMSF, and Protein-ligand interactions, 
Casuarictin and Heterophylliin D bind to the S-CTD of the Lambda 
strain and showed reliable stability. Protohypericin and Glansrin B bind 
to S-CTD of Delta strain and displayed reliable stability.

3.5. Protein–protein docking analysis

ACE2 receptors of the host provide a binding site for the S protein 
of SARS-CoV-2, which indicates that the destruction of the binding 
between these two proteins provides the potentiality for COVID-19 
treatment. To explore the effect of compound candidates during the 
recognition and fusion between S protein and ACE2, protein–protein 
docking was carried out. Binding Energy (kcal/mol) was used to indicate 
the stability between two proteins. The lower the score, the stronger the 
bond. As shown in Table 7, the predicted binding energy of the Lambda 
strain and Delta strain were −349 kcal/mol and −355 kcal/mol, 
respectively, which were higher than the standard strain.

Lambda and Delta strains are more contagious than standard 
strains, as seen clinically, and reflected in the binding energy of 
protein–protein docking results mentioned above. However, when the 
S protein binds to small molecule compounds, such as Casuarictin, 
Heterophylliin D, Protohypericin, and Glansrin B, the binding energy 
between the S protein and ACE2 receptor was raised, and the stability 
was shaken. The binding energy between the S protein of Lambda-
strain along with Casuarictin and Heterophylliin D were −329 kcal/
mol and −344 kcal/mol, which were higher than −349 kcal/mol of S 
protein binding to ACE2 alone. The binding energy of Glansrin B, 
along with S protein and ACE2, was significantly raised to −143 kcal/
mol from −355 kcal/mol and displayed the best potentiality. The 
interactions between S protein along with small molecule compounds 
and ACE2 are shown in Figure 6.

4. Discussion

SARS-CoV-2 continues to infect, hospitalize and kill millions of 
people worldwide (Drożdżal et al., 2021). The virus infects human ACE2 
through the binding of the virus RBD of its S protein (Lan et al., 2020). 
SARS-CoV-2 Delta and Lambda variants are the worldwide epidemic virus 
strains before the prevalence of the Omicron variant. They have named a 
variety of concerns (VOC) and a variety of interest (VOI), respectively 
(Markarian et al., 2022). In this study, we constructed a protein model of 
the CTD of the S protein of SARS-CoV-2 Delta and Lambda variants and 
used molecular docking and MD simulation methods to study the 
infection mediated by all plant chemicals in the Chinese herbal medicine 
ingredient database (TCMSP) and SARS-CoV-2. The virus RBD of S 
protein is the region where SARS-CoV-2 binds to the human ACE2 
receptor. The mutation of the RBD region makes SARS-CoV-2 Delta and 
Lambda variants more beneficial to the combination with ACE2 and 
immune escape (Arbeitman et al., 2021). Our research showed that the 
stable binding of four compounds (Casuarictin, Heterophyllin D, 
Protohypericin, and Glansin B) to the mutation sites of SARS-CoV-2 Delta 
and Lambda variants could weaken the stability of the binding of the RBD 
region of the virus to the receptor ACE2. Therefore, we speculate that these 
compounds (Casuarictin, Heterophyllin D, Protohypericin, and Glansin 
B) can weaken the spread of SARS-CoV-2 in the population by acting on 
the RBD domain of the virus.

S protein is a potential fragment that can be used as an antigen in 
vaccine development (Zhang et al., 2020). This protein plays a crucial role 
in the first step of the infection process because it binds to the ACE2 
receptor and then enters the host cell (Petruk et al., 2020). According to 
the mutation sites of SARS-CoV-2 Delta and Lambda mutants, 
we constructed reasonable CTD protein models of the S protein. Delta 
strain was formed by mutating L452R and T478K in the RBD region of 

TABLE 6  The residues for the chemical bonds between compounds and spike proteins of Delta strain.

Compounds Van de waals Conventional 
hydrogen bond

Carbon 
hydrogen bond

Unfavorable 
donor-donor

Pi-Pi 
T-shaped

Pi-Pi 
Stacked

Glansrin B Y453, Y495, F497, S494, R452, 

Q498

G496, N501 R403 Q493 Y505 Y449

Protohypericin 

(Conformation 1)

Q476, N487, C489, G485 P479, C488, K478, F486 – S477 – Y449

Protohypericin 

(Conformation 2)

Q493, F490 S494, R452 – – – Y449
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FIGURE 5

Molecular dynamics analysis of the top 2 conformations of small molecular compounds bind to mutation base. The results of protein RMSD, the RMSF of 
residue index and interactions fraction of Casuarictin (A, E, I), Heterophylliin D (B, F, J) Protohypericin (C, G, K) and Glansrin B (D, H, L) binds to the S-CTD 
of Lambda strain and Delta strain.

S protein, while the Lambda strain was formed by mutating L452Q and 
F490S in the RBD region (Hamill et al., 2022; Wang et al., 2022). In the 
constructed protein model, we  studied the binding ability of 12,978 

medicinal natural plant chemicals to SARS-CoV-2 S protein. In this 
study, more than 65% of the compounds in the molecular docking of 
Lambda and Delta mutants showed a good binding ability to their 
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respective RBD regions (docking score ≤ −6), which were 65.61% 
(8,515/12,978) and 65.28% (8,472/12,978) respectively (Figure  2), 
indicating that Chinese herbal medicine is a huge database with great 
potential to find anti-SARS-CoV-2 compounds. The compounds 
clematichinenoside AR2 (−9.7), atratoglaucoside, b (−9.5), physalin b 
(−9.5), atratoglaucoside, a (−9.4), Ochnaflavone (−9.3),cyclopseudo-
hypericin (−9.3), periplocoside J (−9.3), Bryonolic acid (−9.3), 
solamargine (−9.3), and salaspermic acid (−9.2) showed good binding 
ability with Lambda mutants, while the compounds neo-przewaquinone 
a (−10), Wikstrosin (−9.7), xilingsaponin A (−9.6), ardisianoside G 
(−9.6), 23-epi-26-deoxyactein (−9.6), mulberrofuran K (−9.6), 
Timosaponin A III (−9.5), physalin b (−9.5), 26-O-β-D-
glucopyranosylnuatigenin-3-O-α-L-rhamnopyranosyl(1→2)-o-[β-D-
glucopyranosyl(1→4)]-β-D-glucopyranoside (−9.5), and Ziebeimine 
(−9.4) showed good binding ability with Delta mutant (Tables 1, 2). 
Among the screened compounds with high scores, some have been 
reported to have antiviral activity, such as Hypericin, bryonolic acid, 
solamargine, and salaspermic acid, and some have anti-inflammatory 
effects, such as ochnaflavone, mulberrofuran K and timosaponin 
A-III. Hypericin is reported to have inhibition activity to α Coronavirus 
by targeting 3CL protease (Zhang et al., 2021). In addition, Hypericin can 
block the function of HSV-1 alkaline nuclease and inhibit virus 
replication (Cao et  al., 2022). A study reported that bryonolic acid 
targeted the hotspot residues of SARS-CoV-2 main protease (Mpro and 
S protein), which has an essential role in mediating the viral replication 
therefore compounds targeting this key enzyme are expected to block the 
viral replication and transcription (Alagu Lakshmi et al., 2021). Chou 
et al. (2012) showed solamargine had potent activity against HBsAg, with 
an IC50 of 1.57 microM. Salaspermic acid inhibited HIV reverse 
transcriptase and HIV replication in H9 lymphocyte cells (Chen et al., 
1992). Ochnaflavone, a double flavonoid compound, has the activity of 
resisting Escherichia coli, Staphylococcus aureus, Enterococcus faecalis, 
and Pseudomonas aeruginosa (Makhafola et al., 2012). Mulberrofuran K 
showed anti-inflammatory activities in lipopolysaccharide (LPS)-
stimulated murine macrophages by inhibiting transcriptional activation 
of nuclear factor-κB (NF-κB) and extracellular-regulated kinases (ERK; 
Shim et al., 2018). Oral administration of timosaponin A-III at 25–50 mg/

TABLE 7  The results of protein–protein docking.

Binding Energy 
(kcal/mol)

The residue of ACE2 The residue of S protein

S protein of Standard strain with ACE2 −330 S19, Q24, D30, E35, D38, Y41, 

Q42, Y83, K353

K417, Y449, A475, N487, Q493, G496, Q498, T500, 

N501, G502

S protein of Lambda strain with ACE2 −349 S19, Q24, D30, E35, Q42, K353 A475, N487, Q493, K417, G496, G446, G502, Q498

Casuarictin binding to S protein of Lambda strain with 

ACE2

−329 S19, Q24, D30, E35, D38, Y41, 

Q42, Y83, K353

K417, Y449, A475, N487, Q493, G496, Q498, T500, 

N501, G502

Heterophylliin D binding to S protein of Lambda strain 

with ACE2

−344 S19, Q24, D30, E35, D38, Y41, 

Q42, Y83, K353

K417, Y449, A475, N487, Q493, G496, Q498, T500, 

N501

S protein of Delta strain with ACE2 −355 S19, Y83, K31, K353, N330 A475, N487, L492, Q493, G496, G446, G502, Q498, 

T500

Glansrin B binding to S protein of Delta strain with ACE2 −143 S19, Q24, D30, E35, D38, Y41, 

Q42, Y83, K353

K417, A475, N487, R403, Q393, R452, Y449, G496, 

Q498, T500, N501, G502

Protohypericin binding to S protein of Delta strain with 

ACE2

−340 S19, Q24, D30, E35, D38, Y41, 

Q42, Y83, K353

K417, R452, A475, N487, Q493, S494, G496, T500, 

N501, G502

A

B

C

D

FIGURE 6

The cartoon, surface, and stick of Casuarictin (A), Heterophylliin D 
(B), Protohypericin (C), and Glansrin B (D) binding to S-CTD dock 
with ACE2 receptor. The small molecule compounds were shown 
in marine. The S-CTD of lambda and delta was shown in pale 
green. The residue of S-CTD was shown in split-pea. The ACE2 
receptor was shown in light blue. The residue of the ACE2 
receptor was shown in the slate. The hydrogen bonds were shown 
in red.

55

https://doi.org/10.3389/fmicb.2022.1095068
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org


Han et al.� 10.3389/fmicb.2022.1095068

Frontiers in Microbiology 15 frontiersin.org

kg significantly inhibited the inflammatory markers in LPS-induced ALI 
mice, including the lung inflammatory index and the total number of 
inflammatory cells in the bronchoalveolar lavage fluid (BALF) (Park 
et al., 2018).

Among the top 100 compounds with good binding energy, 
we summarized the top 10 compounds that interact with mutant bases 
(Figures 3, 4, Tables 3, 4). All of these candidate ingredients showed a 
strong affinity for receptor molecular target sites with high binding energy. 
The receptor-ligand complex with the high score is stable through 
non-covalent interactions such as hydrogen bonding, van der Waals, and 
electrostatic interaction (Chen and Kurgan, 2009). These interactions are 
indeed prerequisites for biological functions and the success of drug 
development. Nine compounds (Casuarictin, C10230, Periplocoside J, 
Cyclopseudo-hypericin, Glaucoside, d, Hypericin, β1-solamargine, 
Mulberrofuran Q, and Atratoglaucoside, b) interacted with one mutation 
site of Lambda strain, and compound Heterophylliin D interacted with 
two mutation sites (Figure  3). In addition, compounds Glansrin B, 
Ardisiacrispin A, Periplocoside J, Cyclopseudo-hypericin, Amentoflavone, 
Ochnaflavone, Hypericin, Protohypericin, Datuarmeteloside B, and 
Primulanin interacted with a mutant base (L452R) of Delta strain, and 
compound Protohypericin also interacted with the mutant base T478K in 
another conformation (Figure 4). Casuarictin showed a robust binding 
activity with Lambda S-CTD by presenting a docking score of −9.1 and 
interacted with mutation residues (Q452) through conventional hydrogen 
bonding interaction (Figure 3A). In contrast, Heterophylliin D interacted 
with mutation residues (Q452) through conventional hydrogen bonding 
interaction and mutation residues (SERB490) through van der Waals 
bonding interaction (−8.1; Figure  3D). In addition, Glansrin B 
demonstrated vigorous binding activity with Delta S-CTD by exhibiting 
docking scores (−8.9), compared to Protohypericin, which presented a 
−8.2-docking score with Delta S-CTD and interaction with amino acid 
residue (R452) via conventional hydrogen bond interaction (Figures 4A, I).

To further observe the stability of the compounds binding to the 
mutant sites of Lambda and Delta strains, MD analysis was carried out 
for Casuarictin, Heterophylliin D, Protohypericin, and Glansrin 
B. RMSD is a parameter to calculate the distance between protein atoms. 
The average distance between atoms in target proteins that are unbound 
and ligand/standard inhibitor bound allows us to evaluate the 
comparative conformation and stability of proteins (Gupta et al., 2021). 
Casuarictin and Heterophylliin D bind to the S-CTD of Lambda strain 
converged at the beginning of the RMSD simulation and remained 
stable in the subsequent simulations (Figures 5A, B). And Protohypericin 
and Glansrin B bind to S-CTD of Delta strain also display reliable 
stability (Figures  5C, D). RMSF is an important parameter used to 
evaluate the changes of protein atoms in the whole time period from the 
reference position. This allows us to study the comparison results of 
target protein fractions (residues) before and after ligand binding. 
S-CTD of Delta strain and Lambda strain still had low RMSF 
fluctuations within 3 Å after Casuarictin and Heterophylliin D, or 
Protohypericin and Glansrin B binding, respectively, indicating that 
these proteins were low in flexibility and tightly bound to small 
molecules (Figures  5E–H). It is noteworthy that the compound 
casuarictin and the compound Protohypericin have been reported to 
have antiviral effects. Chandra et al. (2022) reported that casuarictin was 
identified to bind with the M Pro with the numerically lowest binding 
energies (−12.2 kcal/mol), with an alliance of five hydrogen bonds with 
amino acids T199 (3.02 Å), D197 (3.79 Å), R131 (2.76 Å), K137 (2.46 Å), 
and L287 (3.53 Å) and three hydrophobic interactions with amino acids 

L287 (5.30 Å), Leu272 (5.12 Å), and Y239 (5.20 Å). Tamura et al. (2010) 
used the model virus disclosed casuarictin as the HCV invasion 
inhibitor, which showed 87.4% inhibition rate and 45.1% inhibition rate 
to E1E2 virus and G* virus with a concentration of 10 μM, respectively. 
Casuarictin, which acts as a pure NF-κB inhibitor, inhibited IL-8 
secretion in TNFα-treated human gastric epithelial cells by dampening 
the NF-κB signaling (Fumagalli et al., 2016). Protohypericin showed 
antiviral activity against a normal laboratory HCMV strain, AD-169, 
with an IC50 of 5.7 μM (Barnard et al., 1992). In addition, Protohypericin 
showed an anti-influenza virus activity (3.1 ng/mL) by the HA-assay 
(Yasuda et al., 2010).

The SARS-CoV-2 S protein, transmembrane protease serine 2 
(TMPRSS2), and human receptor ACE2 are the main determinants of 
host pathogens affecting infection. The amino acid mutation of S 
protein, TMPRSS2, and ACE2 binding sites changed the protein 
affinity, which may affect the structural stability of the complex (Beacon 
et al., 2021; AlGhamdi et al., 2022). Therefore, S glycoprotein and host 
cell receptor ACE2 are one of the drug targets of SARS-CoV-2. To 
verify the binding complex of compounds (Casuarictin, Heterophyllin 
D, Protohypericin, and Glansin B) with S protein will affect the binding 
ability with human ACE2 receptor, the protein–protein docking 
method was used to observe the binding stability between small 
molecule-S protein complex and ACE2 receptor. Binding Energy (kcal/
mol) was used to indicate the stability between two proteins. The lower 
the score, the stronger the bond. Our research indicated that the 
binding of four compounds (Casuarictin, Heterophyllin D, 
Protohypericin, and Glansin B) with S protein decreased the binding 
stability between S protein and ACE2 receptor, with the binding energy 
of small molecule-S protein complex to ACE2 increases (Table 7). It was 
worth noting that compared with the Lambda strain (−349 kcal/mol) 
and Delta strain (−355 kcal/mol), the binding energy of the standard 
strain and ACE2 (−330 kcal/mol) was higher. This result showed that 
the combination of the Lambda strain and Delta strain with ACE2 was 
strengthened, which also explained the high transmissibility of variant 
strains in clinical practice. Therefore, from this perspective, the 
combination of compounds (Casuarictin, Heterophyllin D, 
Protohypericin, and Glansin B) and S protein can reduce the strong 
infectivity of Lambda and Delta mutants to a certain extent.

5. Conclusion

This study explored the biological activities of 12,978 small 
molecules in Chinese herbal medicine through molecular docking and 
MD simulation analysis to prevent and treat COVID-19 infection, 
especially Lambda and Delta variants. In the docking results, more than 
65% of the compounds had a relatively stable binding ability with S 
proteins. Among them, compounds Casuarictin, Heterophyllin D, 
Protohypericin, and Glansin B showed possible antagonistic resistance 
to the mutation sites of Lambda and Delta mutants and had significant 
binding energy. The MD simulation verified that these four 
phytochemicals, as strong interaction compounds, stabilized with the 
minimum deviation from the interaction site within the observed total 
simulation time. In addition, protein–protein docking between the 
complexes of these plant chemicals and S proteins and ACE2 receptors 
was carried out to evaluate their binding stability. The results showed 
that they could reduce the binding ability of S proteins to ACE2. 
Therefore, these phytochemicals may be  feasible candidate drugs 
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against SARS-CoV-2. However, extensive preclinical studies are needed 
to determine their effectiveness as antiviral agents.
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Zoonotic virus spillover in human hosts including outbreaks of Hantavirus and 
severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) imposes a serious 
impact on the quality of life of patients. Recent studies provide a shred of evidence 
that patients with Hantavirus-caused hemorrhagic fever with renal syndrome 
(HFRS) are at risk of contracting SARS-CoV-2. Both RNA viruses shared a higher 
degree of clinical features similarity including dry cough, high fever, shortness 
of breath, and certain reported cases with multiple organ failure. However, 
there is currently no validated treatment option to tackle this global concern. 
This study is attributed to the identification of common genes and perturbed 
pathways by combining differential expression analysis with bioinformatics and 
machine learning approaches. Initially, the transcriptomic data of hantavirus-
infected peripheral blood mononuclear cells (PBMCs) and SARS-CoV-2 
infected PBMCs were analyzed through differential gene expression analysis for 
identification of common differentially expressed genes (DEGs). The functional 
annotation by enrichment analysis of common genes demonstrated immune 
and inflammatory response biological processes enriched by DEGs. The protein–
protein interaction (PPI) network of DEGs was then constructed and six genes 
named RAD51, ALDH1A1, UBA52, CUL3, GADD45B, and CDKN1A were identified 
as the commonly dysregulated hub genes among HFRS and COVID-19. Later, 
the classification performance of these hub genes were evaluated using Random 
Forest (RF), Poisson Linear Discriminant Analysis (PLDA), Voom-based Nearest 
Shrunken Centroids (voomNSC), and Support Vector Machine (SVM) classifiers 
which demonstrated accuracy >70%, suggesting the biomarker potential of 
the hub genes. To our knowledge, this is the first study that unveiled biological 
processes and pathways commonly dysregulated in HFRS and COVID-19, which 
could be  in the next future used for the design of personalized treatment to 
prevent the linked attacks of COVID-19 and HFRS.
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1. Introduction

Hemorrhagic fever with renal syndrome (HFRS) is a major 
rodent-borne zoonosis caused by different species of hantaviruses 
including Hantaan virus (HTNV) (Lee et al., 1978), Puumala virus 
(PUUV) (Sironen et al., 2001), Seoul virus (SEOV) (Lee et al., 1982), 
and Dobrava-Belgrade virus (DOBV) (Papa, 2012). HFRS is primarily 
transmitted to humans through contact with rodents, excretions, or 
their saliva (Noor et al., 2022; Tariq and Kim, 2022). The disease can 
cause fever, hemorrhage, and kidney failure, and can be fatal in severe 
cases (Krautkrämer et al., 2013; Garanina et al., 2019). HFRS is a 
significant public health concern in some parts of the world, 
particularly in Asia and Europe. Most importantly, some latest studies 
suggested that individuals with HFRS are at increased risk of severe 
COVID-19 infection (Noor, 2020). COVID-19 is a highly infectious 
respiratory disease caused by the SARS-CoV-2 virus that was first 
identified in December 2019 (Li et al., 2020). This disease has spread 
rapidly around the world and has caused a global pandemic (Zhu and 
Cai, 2020). The symptoms of COVID-19 range from mild to severe, 
and the disease can be fatal, particularly in vulnerable populations 
such as the elderly and those with pre-existing health conditions 
(Flaherty et al., 2020). Additionally, the severity of COVID-19 appears 
to be influenced by various factors, including age, comorbidities, and 
viral load (Hasanoglu et al., 2021).

Recent studies reported that patients with HFRS who also had 
COVID-19 had more severe symptoms and longer hospital stays than 
those with HFRS alone (Singh et al., 2020; Subramaniam et al., 2022). 
Their study also reported a higher mortality rate among HFRS patients 
with COVID-19. Geladari et al. (2022) present a case study on patient 
with dialysis-dependent acute kidney injury due to hantavirus 
complicated with SARS-CoV-2 infection. Further, Cetin and Sahin 
(2021) presents a case followed up with the differential diagnosis of 
COVID-19 during the pandemic and diagnosed with HFRS due to 
hantavirus. To sum up, different case studies are reported in the 
literature, but, the absence of proper diagnostic tests hinders the 
diagnosis of co-infection among infected individuals. Overall, the 
evidence suggests a strong link between HFRS and COVID-19 
comorbidity, particularly in terms of increased severity and mortality. 
However, the underlying mechanisms behind the increased severity 
of COVID-19 in individuals with HFRS are not yet fully understood. 
It is believed that the immune response to hantavirus infection may 
predispose individuals to a dysregulated immune response to SARS-
CoV-2, leading to more severe illness (Wan et al., 2021). Furthermore, 
this co-infection leads to a more severe disease course, as both viruses 
can cause respiratory and renal failure, and ultimately their 
co-infection led to diagnostic challenges, as the symptoms of both 
diseases can overlap. The bell is ringing slightly thus, it is the need of 
the hour to develop effective diagnostic tools that can differentiate 
between single and co-infection and provide effective management for 
patients with COVID-19 and HFRS co-infection.

The spread of viral infections can be controlled through early 
detection of co-infections. However, current detection methods such 
as real-time polymerase chain reaction (RT-PCR) are not only time-
consuming but also suffer from limited sensitivity and specificity 
(Bustin, 2000; Auwul et  al., 2021). Moreover, the success of these 
techniques is highly reliant on skilled manpower, appropriate sample 
collection, and preparation, all of which pose significant challenges, 
particularly in developing countries. As a result, there is a pressing 

need for more efficient and reliable detection methods that can 
be easily deployed and implemented in resource-limited settings.

The transcriptomic analysis of COVID-19 and HFRS PBMCs can 
provide valuable insights in understanding the molecular mechanisms 
underlying the co-infection as well as the identification of potential 
biomarkers which could ultimately serve as potential targets for 
developing a single treatment strategy that could tackle both diseases 
simultaneously. Other studies have been carried out assessing other 
potential comorbidities with respect to COVID-19 including chronic 
kidney disease and diabetes mellitus (Auwul et al., 2021; Rahman 
et al., 2021). Thus, sensing these opportunities, this study combined 
transcriptomics and bioinformatics approaches for the identification 
of common genes and shared pathways among HFRS and COVID-19. 
Initially, the Differentially Expressed Genes (DEGs) were identified 
through transcriptomic analysis. The functional enrichment analysis 
was then performed to analyze the shared pathways for elucidating the 
immune response to the co-infection, which can lead to a better 
understanding of disease pathogenesis and potential targets for 
intervention. Later, a Protein–Protein interaction (PPI) network was 
constructed for the identification of hub genes from the pool of DEGs. 
However, the validity of these hub genes needs to be  confirmed 
through rigorous validation processes. Thus, we employed supervised 
machine learning methods including Random Forest (RF), Poisson 
Linear Discriminant Analysis (PLDA), Voom-based Nearest Shrunken 
Centroids (voomNSC), and Support Vector Machine (SVM) to 
determine the validity of these hub genes. Here, for the first time, 
we  have characterized the biological processes and pathways 
commonly dysregulated in COVID-19 and HFRS, which could be in 
the next future used in the designing personalized treatment of 
COVID-19 patients suffering from HFRS as comorbidity.

2. Materials and methods

2.1. Transcriptomic data acquisition

The collection of disease-related datasets is considered a 
preliminary step in the RNA-seq data analysis pipeline. The PBMCs 
transcriptomic datasets of SARS-CoV-2 (COVID-19) and HFRS-
causing hantaviruses were collected from Gene Expression Omnibus 
(GEO) (Clough and Barrett, 2016), a public repository of functional 
high-throughput experimental data obtained through next-generation 
sequencing and microarrays. The criteria for disease-related dataset 
selection were completely based on the fact that all datasets must 
be from Homo sapiens. The dataset must contain transcriptomic data 
and the transcriptomic data contain no drug treatment. Two gene 
expression raw counts datasets of COVID-19 were retrieved through 
accession numbers; GSE160351 and GSE152418. The GSE160351 
dataset was submitted by Brunetta et al. (2021) containing a total of 9 
samples (three healthy controls and six infected individuals). While 
GSE152418 dataset was deposited by Arunachalam et  al. (2020) 
comprising of total 34 samples (17 infected samples and 17 healthy 
samples). On the other hand, the other hantavirus-related dataset were 
obtained with accession number GSE158712 (Li et al., 2020) which 
consists of total of 30 samples (3 control and 27 infected samples) 
(Table 1). The raw sequence data of selected datasets were retrieved 
from the NCBI SRA toolkit using the prefetch command. The data was 
downloaded in .sra file which is not an acceptable format for different 
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tools, therefore fastq-dump command was used for converting .sra 
data to .fastq format.

2.2. Data pre-processing

Depending on the sequencing technology, different strategies are 
used for processing and analyzing the raw sequencing data. 
Pre-processing the raw sequences data, such as performing quality 
control to check the read length, presence of any overrepresented 
sequences (k-mers), average quality score at each sequenced base, and 
percentage of GC content is now the most time-consuming step in 
RNA-seq data analysis. Firstly, the raw binary SRA data was turned 
into sequencing data. Later, the sequence data quality of each sample 
was controlled by FastQC (Brown et al., 2017). Further, to reduce the 
noise level, the obtained sequences were trimmed out for low-quality 
reads and adaptors by applying Sickle (Criscuolo and Brisse, 2013) 
Trimmomatic (Sewe et al., 2022), and FASTp (Sewe et al., 2022) tools 
on raw reads (Chen et al., 2018). Trimming of adapter sequences from 
raw reads was then performed using Sickle, Trimmomatic, and FASTp 
for identification of overlap adapters among forward and reverse 
reads. After trimming, the samples were prepared for further analysis.

2.3. Screening for differentially expressed 
transcripts and genes

After pre-processing, the raw reads were aligned with the 
reference genome to figure out which gene a read came from. Mapping 
and assembly of high-quality reads with reference genomes were 
performed with “New Tuxedo Suit” (HISAT2/StringTie) (Pertea et al., 
2016), using default parameters. HISAT2 is a fast and accurate aligner 
for RNA-seq reads to a reference genome, and it uses a graph-based 
approach to account for splice junctions and other complex features 
in the genome. StringTie, on the other hand, is used for transcript 
assembly and quantification of gene expression. It takes the aligned 
RNA-seq reads produced by HISAT2 and assembles them into 
transcripts, estimates their abundances, and generates a file of gene 
expression values. Initially, indexing of the “Homo sapiens” reference 
genome and alignment of reads to the “Homo sapiens” reference 
genome was done using HISAT2. The aligned reads were then taken 
and used for the transcript assembly using the StringTie Tool. After 
assemblies, samples’ GTF (General Transfer Format) documents and 
Homo_sapiens.GRCh38.109.gtf. Were merged with the StringTie 
-merge option and transcript abundances of each sample were 
estimated with the StringTie-eB option (Goksuluk et  al., 2019). 
Transcripts with variance across samples less than one were removed 
and then differentially expressed transcripts and genes between 
healthy individuals and infected individuals were screened using the 

stattest function from Ballgown [Version 2.12.0 (Weinstein et  al., 
2019)] with the getFC = TRUE parameter. The batch effect of two 
sources of transcriptome data was considered during our analysis. 
Transcripts and genes with a fold change >1.0 and value of p < 0.05 
were identified as differentially expressed transcripts and genes. All 
DEGs, including the genes corresponding to the differentially 
expressed transcripts and differentially expressed genes screened out 
by Ballgown, were used for subsequent steps.

2.4. Identification of common 
transcriptional signatures and pathways 
between COVID-19 and HFRS PBMCs

Our study mainly aims to identify common transcriptional 
signatures, regulators, and pathways between COVID-19 and 
HFRS. At first, all the DEGs related to COVID-19 and HFRS were 
obtained and imported into a venn diagram tool1 to predict overlapped 
genes for uncovering their common pathogenic processes. Eventually, 
a group of mutual genes was acquired and considered for further 
analysis. The overlapped genes were then subjected to Clusterprofiler 
(Yu et al., 2012) and TopGO (Alexa and Rahnenführer, 2009) packages 
of R for the identification of common pathways shared among 
COVID-19 and HFRS. To identify significantly enriched GO terms 
and KEGG pathways in the analysis, a statistical threshold criterion 
was applied, with an adjusted p-value of less than 0.05. This criterion 
was used to select the most relevant and statistically significant GO 
terms and KEGG pathways. In short, the characterization of common 
transcriptional signatures, biological processes, molecular function, 
and pathways dysregulated in COVID-19 and HFRS, could be in the 
next future used for the design of personalized treatment of 
COVID-19 patients suffering from HFRS as comorbidity.

2.5. PPI network construction and 
identification of hub genes

Protein–Protein Interaction (PPI) networks are remarkably 
significant due to their high versatility, adaptability, and specificity. 
The functional interactions among overlapped genes with a combined 
score of more than 0.4 were determined using the Search Tool for the 
Retrieval of Interacting Genes/Proteins (STRING) database (von 
Mering et  al., 2003). Initially, the overlapped genes between 
COVID-19 and HFRS were then submitted to the STRING database 
for the construction of the PPI network. The resulting PPI network 

1  http://bioinformatics.psb.ugent.be/webtools/Venn/

TABLE 1  Characteristics of datasets.

Disease Acc. no# Source Total runs
Mock infected/

control
Infected Instrument

HFRS GSE158712 PBMCs 30 3 27 Bgiseq-500 18

COVID-19 GSE160351 PBMCs 9 3 6 NextSeq 550

GSE152418 PBMCs 33 17 16 Illumina NovaSeq 6,000
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FIGURE 1

Proposed bioinformatics pipelines for the identification of common genes and dysregulated pathways in COVID-19 and HFRS.

was then subjected to Cytoscape version 3.8 (Shannon et al., 2003) for 
the identification of hub genes. Hub genes are the highly connected 
nodes that have a large number of interactions with other genes or 
proteins. These genes are considered critical components of the PPI 
network as they play important roles in maintaining the integrity and 
stability of the network, and they are often associated with key 
biological processes and pathways. Hub genes are identified by 
analyzing the topology of the PPI network, using measures such as 
degree, betweenness, or closeness centrality. In current study, degree 
methods available in CytoHubba was used for the identification of 
hub genes.

2.6. Performance evaluation of the hub 
genes with classification algorithms

To assess the credibility of the identified hub genes, five commonly 
used classification algorithms—support vector machine (SVM) (Boser 
et al., 1992) with radial basis kernel function, random forest (RF) (Ho, 
1995), Poisson linear discriminant analysis (PLDA) (Witten, 2011), 
and Voom-based Nearest Shrunken Centroids (voomNSC)(Goksuluk 
et  al., 2019) were employed. Datasets were split into two subsets, 
training data (70%) and testing data (30%). Then, the classification 
algorithms were conducted through the MLSeq package in R. The 
evaluation of model performance is typically subjective and based on 
a comparison of the model’s predictions with the known values of the 
dependent variable in a given dataset. However, for our study, we have 
defined the ideal model performance as having metrics’ results within 
the range of 70–90%. On the other hand, a performance exceeding 
90–100% may indicate the possibility of overfitting. The DESeq 

normalization and VST transformation methods were applied to the 
count dataset for the SVM and RF classifiers. The HFRS dataset 
GSE158712 was utilized for the classification analysis, in which the 
hub genes were incorporated. The classification performance was 
evaluated using four metrics: accuracy, area under the receiver 
operating characteristic curve (AUC), sensitivity, and specificity based 
on the data with hub genes. An overview of the present study is shown 
in Figure 1.

3. Results

3.1. Screening of DEGs among COVID-19 
and HFRS

We obtained two PBMCs gene expression datasets from 
COVID-19 infected subjects and matched healthy controls (with 
accession numbers, GSE160351 and GSE152418) for a total of 42 
samples, 22 infected individuals and 20 healthy controls. The 
RNA-seq data analysis of GSE160351 and GSE152418 datasets 
yielded 1734 DEGs (1,108 upregulated and 626 downregulated). 
Screening criteria for identification of DEGs were set as value of 
p < 0.05 and LogFC >1.0. For GSE158712, the selection criteria for 
DEGs screening were set as value of p < 0.05 and LogFC >1.0. After 
the screening, 630 DEGs (390 downregulated and 240 upregulated) 
were identified from GSE158712. The volcano plot of DEGs obtained 
from GSE160351, GSE152418, and GSE158712 was shown in Figure 2 
which provides a pictorial representation of upregulated DEGs, 
downregulated DEGs, and non-significant genes obtained from 
each dataset.
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3.2. Identification of common 
transcriptional signatures between 
COVID-19 and HFRS PBMCs

After DEGs identification, a Venn diagram was constructed 
which indicated 32 common genes between COVID-19 and 
HFRS. Among them, 17 genes were commonly upregulated and 15 

DEGs were commonly downregulated in COVID-19 and 
HFRS. Overall, the comparative analysis of the transcriptional 
signatures characterizing COVID-19 and HFRS PBMCs suggests the 
presence of commonly dysregulated genes between COVID-19 and 
HFRS (Figure 3 and Supplementary Table S1). After the identification 
of common genes, a PPI network was constructed for analyzing 
interaction among 32 commonly dysregulated proteins.

FIGURE 2

Volcano plot (A) GSE160351, (B) GSE152418, and (C) GSE152418.

A B

FIGURE 3

(A) Overlapped genes between COVID-19 and HFRS. (B) PPI network of 32 common dysregulated genes among COVID-19 and HFRS.
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FIGURE 4

GO enrichment analysis of common 32 genes between COVID-19 and HFRS.

3.3. Biological insights of the four-module 
genes

GO and KEGG pathway analysis was then performed to obtain 
further biological insight into the commonly dysregulated genes 
of HFRS and COVID-19. The findings of GO analysis revelated 
that in terms of BP, the genes were mainly involved in the intrinsic 
apoptotic signaling pathway, cell cycle G1/S phase transition, 
autophagosome assembly, negative regulation of TORC1 signaling, 
regulation of B cell differentiation, COPII-coated vesicle budding, 
positive regulation of p38MAPK cascade, protein-DNA complex 
subunit organization, cellular response to extracellular stimulus, 
and negative regulation of macroautophagy (Figure 4). The most 
significant cellular components (CC) overlapped genes are 
enriched in several cell compartments. The significant molecular 

function (MF) mainly enriched in the binding-related functions 
including cyclin binding, ubiquitin protein ligase binding, histone 
methyltransferase activity, cyclin-dependent protein serine, 
aldehyde dehydrogenase (NAD+) activity, oxidoreductase activity, 
transcription regulator inhibitor activity, DNA polymerase 
binding, single-stranded DNA helicase activity, and notch binding.

After GO enrichment analysis, KEGG pathway analysis was 
performed for providing biological context and insight into the 
underlying mechanisms of HFRS comorbidity in COVID-19 
patients. Through clusterprofiler, only 16 KEGG pathways were 
identified which fulfill the criteria of value of p < 0.05, while those 
with value of p > 0.05 were excluded from the study. The KEGG 
pathways of overlapped genes are mainly enriched in several 
pathways such as infection-related pathways, i.e., epstein–barr 
virus infection, p53 signaling pathway, forkhead box O (FOXO) 
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signaling pathway, TGF-beta signaling pathway, cell cycle cellular 
senescence, pathways in cancer, metabolic pathways, autophagy, 
and hedgehog signaling pathway. The circos plot represented the 
common genes along with their associated pathway are shown in 
Figure  5A. Gene involvement in the KEGG pathways was 
identified by colored connecting lines. Further, the bubble plot of 
top 10 significant KEGG pathways was presented in Figure 5B.

3.4. Identification of hub genes

The PPI network of common genes was constructed through the 
STRING database. The PPI network was then imported to Cytoscape for 
the identification of hub genes. There are 11 topological methods 
available in cytoHubba. From these methods, degree, MCC, MNC, 
closeness, and betweenness were selected for hub gene identification. The 
top 10 genes obtained from the degree, MCC, MNC, closeness, and 
betweenness were subjected to venn plot (Supplementary Table S2).  
A total of 6 six genes named GADD45B, UBA52, CDKN1A, RAD51, 
CUL3, and ALDH1A1 were found to be  common in each method 
(Figure 6). The logFC values and p-values of selected hub genes are 
presented in Table 2.

3.5. Performance evaluation of the hub 
genes with a classification algorithm

After the identification of hub genes, different supervised machine-
learning classifiers were implemented to evaluate the discriminative 
performance of predicted hub genes. Four different types of popular 

classification algorithms including RF, SVM, PLDA, and voomNSC 
were executed for computing the performance measure including 
sensitivity, specificity, and accuracy of hub genes (Table 3). To execute 
this task, we divided the GSE158712 into test datasets and training 
datasets. MLSeq takes a matrix of raw counts as the input and performs 
normalization within-fold so that the normalization of the test fold is 
performed using coefficients estimated from the training folds. The 
process of randomly splitting samples into training/test folds, training 
the models, and then testing performance was repeated 10 times to 
obtain estimates of model performance. The performance metrics were 
averaged across the repeated folds. Accuracy explains the overall 
correctness of classification, and is defined as the proportion of all cases 
that are correctly classified or diagnosed. Mathematically, accuracy can 
be  expressed as: Accuracy = (True Positives + True Negatives)/(True 
Positives + False Positives + True Negatives + False Negatives). Sensitivity, 
also known as recall or true positive rate, measures the proportion of 
actual positives that are correctly identified by the classification. 
Sensitivity = True Positives/(True Positives + False Negatives). Specificity, 
on the other hand, measures the proportion of actual negatives that  
are correctly identified by the classification or diagnostic test. 
Specificity = True Negatives/ (True Negatives + False Positives).

RF had the highest accuracy of 79.41%, indicating that it was able to 
correctly classify the samples with a high level of accuracy. The sensitivity 
of 88.24% suggests that the model was able to correctly identify most of 
the positive cases (i.e., samples with high expression of the hub genes), 
while the specificity of 70.59% indicates that it was less successful in 
correctly identifying the negative cases (i.e., samples with low expression 
of the hub genes). PLDA had a lower accuracy of 70.59% as compared to 
RF. The sensitivity of 64.71% suggests that the model was not able to 
correctly identify many of the positive cases, while the specificity of 

A B

FIGURE 5

(A) Circos plots of closely related KEGG pathways and differentially expressed genes belonging to relevant pathways. (B) Bubble plot of top 10 
significant KEGG pathways.
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76.47% indicates that it was better at identifying the negative cases 
compared to RF. On the other hand, voomNSC had an accuracy of 
77.94%, indicating that it performed better than PLDA but not as well as 
RF. While the sensitivity was found to be 88.24% suggests that voomNSC 
correctly identify most of the positive cases, while the specificity of 
67.65% indicates that it was less successful in correctly identifying the 
negative cases compared to both RF and PLDA. Finally, SVM had an 
accuracy of 76.47%, which is similar to VoomNSC. The sensitivity of 
82.35% suggests that it was able to correctly identify most of the positive 
cases, while the specificity of 70.59% is similar to RF. Recently, Auwul 
et al. (2021) applied ML algorithms for the performance evaluation of 
hub genes. Their results indicated that SVM provides greater accuracy of 
0.996 followed by RF: 0.955, PLDA: 0.821, and voomDLDA: 0.988. 
Similarly, we also observed satisfactory sample classification performance 
(accuracy >0.70) between affected and health control samples for both 

datasets. An accuracy value greater than 70% indicates great model 
performance The findings of the current study revealed that RF provides 
high accuracy of 79.41%as compared to SVM (76.47%), voomNSC 
(77.94%), and PLDA (70.59%) (Figure 7), suggesting the biomarker 
potential of the hub genes.

4. Discussion

HFRS is a potentially fatal infectious disease with worldwide 
distribution. PUUV, SEOV, DOBV, and HTNV are the primary causative 
agents of HFRS (Shid et al., 2022). PUUV, SEOV, DOBV, and HTNV are 
a member of rodent-borne viruses called hantaviruses that cause life-
threatening human diseases in Europe and Asia. COVID-19 is a 
respiratory disease caused by the novel coronavirus SARS-CoV-2, which 

TABLE 2  Summary of hub genes in COVID-19 and HFRS datasets.

Symbol Gene name
HFRS datasets COVID-19 datasets

log2FC (>1.0) P-value (>0.05) log2FC (>1.0) P-value (>0.05)

RAD51 RAD51 recombinase 4.776201 0.009451 1.223918 3.50E-07

ALDH1A1 Aldehyde dehydrogenase 1 family member A1 4.29785 0.005062 3.74E-05 2.21E-06

UBA52 Ubiquitin A-52 residue ribosomal protein fusion product 1 3.572751 0.018842 1.071183 0.014559

CUL3 Cullin 3 −4.72487 0.010141 −1.32525 0.000372

GADD45B Growth arrest and DNA damage inducible beta −1.85687 0.022523 −1.82173 0.002635

CDKN1A Cyclin dependent kinase inhibitor 1A −1.90911 0.03701 −1.92171 0.001758

TABLE 3  Classification performance of six hub genes.

Classifiers Accuracy (%) Sensitivity (%) Specificity (%)

Random forest (RF) 79.41% 88.24% 70.59%

Poisson linear discriminant analysis (PLDA) 70.59% 64.71% 76.47%

Voom-based Nearest Shrunken Centroids (voomNSC) 77.94% 88.24% 67.65%

Support vector machine (SVM) 76.47% 82.35% 70.59%

A B

FIGURE 6

(A) Venn map of top hub genes of 5 algorithms (degree, MCC, MNC, closeness, and betweenness). (B) PPI network of six hub genes (GADD45B, 
UBA52, CDKN1A, RAD51, CUL3, and ALDH1A1).
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primarily affects the respiratory system (Yang et al., 2020). While HFRS 
and COVID-19 have distinct modes of transmission and clinical 
presentations, there have been reports of co-infections and comorbidities 
between the two diseases. But the reasons for this are not yet clear, but it 
is believed immune response to one disease may increase susceptibility 
or severity of the other such as kidney damage and compromised 
immune function, which may increase the severity of COVID-19. 
However, further research is needed to fully understand the nature of this 
relationship and to develop appropriate treatment strategies.

The presence of comorbidities in individuals co-infected with 
HFRS and COVID-19 represents a significant challenge that 
necessitates a solution. It is imperative to develop effective strategies 
to manage the comorbidities to improve clinical outcomes and reduce 
the burden of these diseases. Therefore, it is essential to investigate 
the fundamental genes and pathways involved in coninfection in 

order to unravel the molecular associations and mechanisms that are 
shared by these pathologies. To achieve this, the application of whole-
genome transcriptomic analyses has been extensively utilized by 
researchers to explore autoimmune diseases, cancer, and 
neurodegenerative disorders, as well as to identify potential 
pathogenetic mechanisms and novel therapeutic targets. In the 
current study, integrative bioinformatics approaches were used for 
the comprehensive analysis of peripheral blood mononuclear cell 
(PBMC) transcriptomic changes occurring in HFRS and COVID-19. 
Our study uncovered six genes named RAD51, ALDH1A1, UBA52, 
CUL3, GADD45B, and CDKN1A were found to be  commonly 
dysregulated among HFRS and COVID-19. Further, machine 
learning classifiers have gained immense popularity in various 
bioinformatics tasks. Therefore, we  employed different machine 
learning classification algorithms on hub genes data to determine 

A B

C D

E

FIGURE 7

Classification performance of four different types of classifiers (A) RF, (B) PLDA, (C) SVM, and (D) voomNSC. (E) Receiver operating curve (ROC) plot of 
the four classifiers performance based on their accuracy, sensitivity, and specificity.
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their efficacy. Our findings indicate that the classifiers performed 
satisfactorily with an accuracy of >0.70 for the classification of 
samples between COVID-19 and HFRS.

Auwul et al. (2021) applied the similar approach to identify the 
potential drug targets and pathways in COVID-19. Their findings 
proposed that PLK1, AURKB, AURKA, CDK1, CDC20, KIF11, 
CCNB1, KIF2C, DTL, and CDC6 were mainly enriched in the 
inflammatory and immune response, suggesting that these genes are 
significantly associated with viral infectious diseases. Similarly, 
Rahman et  al. (2021) discovered common pathogenetic processes 
between COVID-19 and diabetes mellitus by differential gene 
expression pattern analysis. Their study, for the first time, characterized 
the biological processes and pathways commonly dysregulated in 
COVID-19 and diabetes mellitus, which could be in the next future 
used for the design of personalized treatment of COVID-19 patients 
suffering from diabetes mellitus as comorbidity. Their study proposed 
that SARS-CoV-2 could directly determine an impairment of insulin 
secretion, with consequent disruption of the metabolic control in 
people already suffering from diabetes mellitus or leading to the 
development of new-onset diabetes mellitus. Our study explores the 
possible risk of HFRS after COVID-19 infection by investigating the 
common molecular mechanisms. By taking advantage of the holistic 
viewpoint of systems biology, we were able to consider every aspect of 
both diseases and infer novel hypotheses. Further supplementary 
studies need to be  conducted to clarify the association between 
COVID-19 and HFRS, as, at the moment, there is little known 
regarding both of these disease entities. Overall, our analysis highlights 
various infection-related pathways, i.e., epstein–barr virus infection, 
p53 signaling pathway, FOXO signaling pathway, TGF-beta signaling 
pathway, cell cycle cellular senescence, pathways in cancer, metabolic 
pathways, autophagy, and hedgehog signaling pathway which might 
be the potential links between both COVID-19 and HFRS.

Among six hub genes, RAD51 is a recombinase protein that plays 
a key role in homologous recombination (Huang et al., 2012). Previous 
studies demonstrated a potential association between RAD51 and 
COVID-19. It has been suggested that COVID-19 infection may 
interfere with the expression and activity of RAD51, thereby impairing 
DNA repair and increasing the risk of genetic mutations (Biering et al., 
2021). Furthermore, studies have also shown that RAD51 may 
be  involved in the inflammatory response to COVID-19 infection 
(Morenikeji et al., 2021). Elevated levels of inflammation are associated 
with severe COVID-19, and RAD51 has been shown to modulate 
inflammatory signaling pathways. In the same vein, RAD51 might play 
a role in the virus-host interaction by reducing viral replication during 
hantavirus infection. All these points strengthened the findings that 
dysregulation of RAD51 expression and activity may contribute to the 
development of severe HFRS. In conclusion, further research is needed 
to fully elucidate the mechanisms of RAD51 for understanding the 
common pathogenic processes between COVID-19 and HFRS, which 
could pave the way for the development of novel therapeutic strategies. 
On the other hand, ALDH1A1 has been implicated in the pathogenesis 
of the disease through its potential involvement in modulating  
the immune response and influencing the balance between 
pro-inflammatory and anti-inflammatory cytokines. Furthermore, 
CDKN1A, also known as p21, is a significant regulator of the cell cycle 
by controlling the activity of cyclin-dependent kinases (CDKs). In 
COVID-19, studies have reported that CDKN1A is upregulated in the 
lung tissue of infected patients, which could lead to the inhibition of 

virus replication and decreased inflammation in the host. CDKN1A 
has been shown to inhibit the replication of some viruses, including 
herpes simplex virus (HSV) and human immunodeficiency virus 
(HIV), by blocking the cell cycle progression of infected cells. In HFRS, 
studies have shown that CDKN1A is upregulated in the kidney tissue 
of HFRS patients, which may contribute to the development of renal 
injury (D’Souza, 2022). CDKN1A has been suggested to be involved in 
the regulation of cellular senescence and apoptosis, which are 
important processes in the development of renal injury in HFRS. Thus, 
more future studies are needed to fully understand the role of CDKN1A 
as well as other hub genes in both COVID-19 and HFRS.

There is limited information available on the translational activity 
of UBA52 and CUL3 specifically in HFRS. However, both UBA52 and 
CUL3 are involved in the ubiquitin-proteasome system, which plays an 
important role in the regulation of various cellular processes, including 
protein degradation and immune response (Meyer et al., 2020; Jiang 
et al., 2022). In general, dysregulation of the ubiquitin-proteasome 
system has been implicated in the pathogenesis of viral infections, 
including COVID-19, by influencing viral replication and modulating 
the host immune response (Seyoum, 2023). Therefore, it is possible that 
UBA52 and CUL3 may also play a role in the pathogenesis of 
COVID-19 and HFRS coinfection through their involvement in the 
ubiquitin-proteasome system. In short, there is no direct evidence of 
interactions between these six hub genes in the context of COVID-19 
and HFRS, their involvement in processes related to DNA damage 
response, inflammation, and immune regulation suggests that they 
may be part of a larger interactome in their coinfection.

Further, GO and KEGG pathway analysis revealed that the 
commonly dysregulated genes are mainly involved in infection-
related pathways, i.e., epstein–barr virus infection, p53 signaling 
pathway, forkhead box O (FOXO) signaling pathway, TGF-beta 
signaling pathway, cell cycle, cellular senescence, pathways in cancer, 
metabolic pathways, autophagy, and hedgehog signaling pathway. 
These pathways are known to play important roles in various cellular 
processes, such as cell cycle regulation, DNA damage response, cell 
proliferation, differentiation, and survival, and are often dysregulated 
in diseases such as cancer and viral infections. For instance, targeting 
genes involved in the FOXO signaling pathway may be helpful for 
treating COVID-19 and HFRS coinfection because it regulates 
immune responses, oxidative stress, and inflammation. For example, 
activation of FOXO3a has been shown to enhance the antiviral 
response by increasing the expression of interferon-stimulated genes 
and inhibiting viral replication (Wang et  al., 2017). Additionally, 
FOXO3a regulates oxidative stress by increasing the expression of 
antioxidant enzymes, such as catalase and superoxide dismutase, and 
inhibiting reactive oxygen species production (Higuchi et al., 2013). 
In COVID-19 and HFRS, the immune response can be dysregulated, 
leading to a cytokine storm and inflammation. Activation of FOXO3a 
can suppress pro-inflammatory cytokines and reduce inflammation, 
thereby preventing tissue damage and improving clinical outcomes. 
Moreover, FOXO3a has been shown to promote autophagy which 
helps in clearing viral infections by degrading and recycling viral 
components (Wan et al., 2022). Therefore, the identification of genes 
involved in the FOXO signaling pathway may provide a novel 
therapeutic approach for COVID-19 and HFRS by regulating 
immune responses, oxidative stress, and inflammation. Overall, these 
common pathways may help to better understand the pathogenesis 
of HFRS and COVID-19, and targeting the linked genes could help 
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in the development of new therapies to fight against the coinfections. 
As this field continues to evolve, future studies may benefit from 
incorporating network-based approaches to predict host-pathogen 
interactions, Therefore, future studies could incorporate the host-
pathogen interactome to gain a deeper understanding of the disease 
mechanisms and identify additional potential therapeutic targets. For 
instance, Basu et al. (2022) reported the potential of network-based 
approaches to predict host-pathogen interactions and identify key 
host factors involved in viral infections. This approach could be a 
valuable addition to our computational pipeline in future studies.

To sum up, the integration of transcriptomic with bioinformatics 
approaches uncovered several pathways and common genes that are 
involved in both HFRS and COVID-19, suggesting potential 
similarities in their underlying pathophysiological mechanisms. The 
identified pathways and genes may serve as potential targets for the 
development of new therapeutics and which may lend a helping hand 
in understanding the pathogenesis of both diseases. However, it is 
important to note that RNA-seq analysis is just one tool in the 
development of potential therapies for comorbid HFRS and COVID-
19. Other factors, such as clinical trials, animal studies, and 
epidemiological data, also need to be considered before any therapies 
can be developed and implemented. Additionally, the differences and 
similarities between HFRS and COVID-19 in terms of genetic factors, 
clinical manifestations, and disease progression need to be further 
investigated to develop targeted and effective treatments.

5. Conclusion

Comorbidities are associated with a higher risk of developing 
severe forms of COVID-19, with a consequent need for mechanical 
ventilation and an increased death rate. Increased severity of 
COVID-19 has been observed in patients with HFRS. Following 
that, the present research aimed to identify gene expression 
patterns and molecular pathways that were shared between 
COVID-19 and HFRS. A total of 32 genes were found to 
be common among COVID-19 and HFRS. From these 32 genes, 
six named RAD51, ALDH1A1, UBA52, CUL3, GADD45B, and 
CDKN1A were identified as the hub genes. Later, we demonstrated 
the classification performance of hub genes with an accuracy 
greater than 0.70 suggesting the biomarker potential of the hub 
genes. Further, our study uncovered immune-related pathways that 
were commonly dysregulated in PBMCs of both COVID-19 and 
HFRS. In summary, this study provides valuable insights into the 
molecular mechanisms of HFRS and COVID-19, which may lead 
to potential therapies for comorbidities. We propose that these 
events may have important roles in the onset or progression of 
HFRS. To sum up, our analysis describes possible mechanisms 
linking COVID-19 and HFRS, elucidating some unknown clues in 
between. Nonetheless, as this is a thorough computational work, 

further case reports and follow-up experiments of COVID-19 
patients can corroborate these links.
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Immunogenic cell death-led 
discovery of COVID-19 biomarkers 
and inflammatory infiltrates
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Immunogenic cell death (ICD) serves a critical role in regulating cell death 
adequate to activate an adaptive immune response, and it is associated with 
various inflammation-related diseases. However, the specific role of ICD-related 
genes in COVID-19 remains unclear. We acquired COVID-19-related information 
from the GEO database and a total of 14 ICD-related differentially expressed genes 
(DEGs) were identified. These ICD-related DEGs were closely associated with 
inflammation and immune activity. Afterward, CASP1, CD4, and EIF2AK3 among 
the 14 DEGs were selected as feature genes based on LASSO, Random Forest, and 
SVM-RFE algorithms, which had reliable diagnostic abilities. Moreover, functional 
enrichment analysis indicated that these feature genes may have a potential 
role in COVID-19 by being involved in the regulation of immune response and 
metabolism. Further CIBERSORT analysis demonstrated that the variations in 
the immune microenvironment of COVID-19 patients may be  correlated with 
CASP1, CD4, and EIF2AK3. Additionally, 33 drugs targeting 3 feature genes had 
been identified, and the ceRNA network demonstrated a complicated regulative 
association based on these feature genes. Our work identified that CASP1, CD4, 
and EIF2AK3 were diagnostic genes of COVID-19 and correlated with immune 
activity. This study presents a reliable diagnostic signature and offers an overview 
to investigate the mechanism of COVID-19.

KEYWORDS

COVID-19, immunogenic cell death, biomarker, diagnosis, machine learning

Introduction

Coronavirus infectious disease 2019 (COVID-19), caused by severe acute respiratory 
syndrome coronavirus 2 (SARS-CoV-2), is a public crisis worldwide since 2019 (Zhong et al., 
2020; Kai-Wang To et al., 2021). Due to the mutable nature of SARS-CoV-2, numerous countries 
are suffering multi-dominant viral infections (Araf et al., 2022; Hadj, 2022). To control its spread, 
it is crucial to diagnose COVID-19 at an early stage. Accurate molecular diagnostic tests are 
necessary and valuable to confirm the rapid diagnosis of COVID-19, thus providing valid 
information for decision-making by the patient, healthcare facilities, and public health 
organizations (Islam and Iqbal, 2020; Safiabadi Tali et al., 2021; Yuce et al., 2021). Notably, large-
scale genome-wide association studies have demonstrated specific disease-related elements in 
the population (Badua et al., 2021; Robishaw et al., 2021), and there are numerous reports on 
genes and the prevalence of COVID-19, improving the early diagnosis and clinical management 
of COVID-19.
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Typical pathophysiological mechanisms of COVID-19 include 
cell death, immune response, oxidative stress, and metabolic activity 
(Tay et al., 2020; Gattinoni et al., 2021; van Eijk et al., 2021). Cell 
death and immune infiltration serve a critical role in the formation 
and progression of COVID-19 (Lee et al., 2020), and immunogenic 
cell death (ICD) is regarded as a regulative process that could affect 
cell death and immune infiltration simultaneously (Kroemer et al., 
2022). ICD facilitates the activation and recruitment of antigen-
presenting cells, thus activating innate and adaptive immune 
responses (Galluzzi et  al., 2020; Minute et  al., 2020). Initiating 
adaptive immunity in ICD is not only enhancing antitumor benefits 
but is essential for the optimal elimination of infectious etiologies 
(Galluzzi et al., 2017; Li et al., 2021). Therefore, ICD regulators may 
have potential diagnostic and therapeutic applications for COVID-
19. However, earlier reports focused on only some immune cells and 
immunological molecules in COVID-19, lacking a perspective on the 
ICD in COVID-19.

To date, there is growing evidence that multiple cell death 
modalities, such as ferroptosis, NETosis, and necroptosis, play an 
important role in the development of COVID-19 (Kang and Wang, 
2022; Nishiga et al., 2022; Zhang et al., 2023). Likewise, ICD may also 
regulate the progression of COVID-19. However, no similar studies 
have previously explored this specific process, and this study is the first 
exploration to analyze the relationship between ICD and COVID-19.

In this work, we aimed to determine the vital ICD regulators in 
the development of COVID-19, thus identifying valuable biomarkers 
for COVID-19 diagnosis. Subsequently, the correlation between ICD 
regulators and the infiltrating immune landscape was investigated. 
Based on the diagnosis biomarkers, the ceRNA network was 
established, and targeted small molecular agents for COVID-19 were 
explored. Finally, we validated the identified diagnosis biomarkers 
with the external dataset. This work offers an in-depth understanding 
of the developmental mechanisms of COVID-19 at the molecular level 
and identifies valuable biomarkers.

Materials and methods

Data acquisition

The gene expression profiles for COVID-19 and control samples 
were downloaded from the GEO databases (Barrett et al., 2013). The 
GSE157103 dataset comprised 100 COVID-19 samples and 26 control 
samples (Overmyer et al., 2021), and this dataset was deemed to be the 
training cohort for the principal analysis of this research. The 
GSE171110 dataset comprising 44 COVID-19 samples and 10 control 
samples was applied to validate the expression of the feature genes 
(Levy et al., 2021). Also, the 34 ICD-related genes included in this 
research were acquired from the previous report (Wang et al., 2021).

Differential expression analysis

The expression profiles of ICD-related genes in the samples were 
extracted from the GSE157103 dataset. Next, the limma package was 
utilized to identify the ICD-related differentially expressed genes 
(DEGs) between different types of samples (Ritchie et al., 2015). Genes 
with value of p < 0.05 were deemed significant.

Enrichment of functionality

The expression data were analyzed with functional enrichment to 
evaluate the potential functionality of promising targets. Gene 
ontology (GO) is a common approach for identifying the functions of 
genes, including molecular functions, biological pathways, and 
cellular components (The Gene Ontology C, 2019; Warwick Vesztrocy 
and Dessimoz, 2020). Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathway enrichment was performed to investigate the 
genomic information of the DEGs (Kanehisa et al., 2017). Reactome 
enrichment analysis is also applied to explore gene functions, similar 
to GO and KEGG analysis (Good et al., 2021). These enrichment 
approaches were performed with the cluster profiler package (Yu et al., 
2012). Additionally, disease ontology was utilized to annotate genes 
from a disease perspective (Schriml et al., 2022).

Identification of feature genes

The ICD-related DEGs were further utilized to identify significant 
feature genes, thus diagnosing COVID-19. The feature identification 
approach is a procedure of limiting the number of factors, specifically 
vital for establishing a predictive model (Lee et  al., 2021). LASSO 
regression, Random Forest (RF) algorithm, and SVM-RFE were included 
in this study to explore feature genes. The “glmnet” package was applied 
to conduct minimum LASSO regression, thus choosing the linear model 
and keeping the reliable variables (Engebretsen and Bohlin, 2019). 
Binomial distribution variables were further presented in the LASSO 
categorization, with a standard error value as the minimum parameter. 
Next, according to various dependent decision trees from a training pool, 
the RF algorithm promotes the precision of the model by randomly 
limiting the overfitting of individual decision trees (Yang et al., 2020). 
SVM-RFE can identify the optimal parameters by removing the 
SVM-derived eigenvectors (Sanz et al., 2018). An SVM module based on 
the “e1071” package was created to further evaluate the diagnostic value 
of the selected biomarker in COVID-19 (Jiang et  al., 2020). The 
intersected genes, as the most significant feature genes from these three 
algorithms, were identified for subsequent analysis. Meanwhile, the 
predictive reliability of feature genes was evaluated by the receiver 
operating characteristic (ROC) curve, and the area under the curve 
(AUC) was further obtained (Park et al., 2004). A logistic regression 
signature with these feature genes was also established to assess 
diagnostic ability, and ROC curve was utilized to present this result.

Pathway correlation analysis

To further investigate the potential pathways of the feature genes, 
single-gene gene set enrichment analysis (GSEA) and gene set 
variation analysis (GSVA) were performed with the GSEA package 
and GSVA package, respectively (Subramanian et  al., 2005; 
Hanzelmann et  al., 2013). GSEA was applied to evaluate the 
distribution landscape of the feature genes of a predetermined 
collection to explore their attribution to the phenotype. For GSVA, 
we also applied the KEGG pathway set to conduct enrichment analysis 
for each feature gene. Next, the limma package was utilized to discuss 
the difference in the GSVA score of the feature gene’s up- and down-
regulated groups (Ritchie et al., 2015).

72

https://doi.org/10.3389/fmicb.2023.1191004
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org


Zhuo et al.� 10.3389/fmicb.2023.1191004

Frontiers in Microbiology 03 frontiersin.org

Immune cell infiltration analysis

The CIBERSORT algorithm was applied to analyze the normalized 
gene expression data in the GSE157103 dataset, and the fraction of 
immune cells was identified (Chen et al., 2018; Overmyer et al., 2021). 
Violin plots were displayed to present the expressional difference of 
the immune infiltrating cells. And Spearman correlation analysis was 
executed to investigate the association between diverse immune 
infiltrating cells (Fujita et  al., 2009). Meanwhile, the correlation 
between feature genes and immune cells was also explored with a 
similar method. These results were visualized with the “ggplot2” 
package (Ito and Murphy, 2013). p-value < 0.05 demonstrated 
statistical significance.

Drug prediction

Drug Gene Interaction Database (DGIdb1) integrates existing 
literature on drug-gene interactions to provide clinical guidance for 
personalized treatment of disease. In this report, DGIdb was applied 
to identify gene-targeted drugs, and DrugBank database was further 
applied to identify drugs’ structural elements (Wagner et al., 2016; 
Wishart et al., 2018).

Establishment of a ceRNA network

Three databases (miRanda, miRDB, TargetScan) were utilized to 
predict miRNAs (Enright et al., 2003; Agarwal et al., 2015; Chen and 
Wang, 2020), and the intersections of the predicted miRNAs were 
identified as the target miRNAs. Afterward, spongeScan was applied 
to identify the corresponding lncRNAs for miRNAs (Furio-Tari et al., 

1  https://dgidb.org/

2016). A ceRNA network using Cytoscape was established predicated 
on the cross-talk between mRNAs, miRNAs, and lncRNAs (Shannon 
et al., 2003; Wu et al., 2020).

Results

Identification of ICD-related DEGs

Based on the GSE157103 dataset, 14 ICD-related differentially 
expressed genes (DEGs) were identified between COVID-19 and 
control samples. Detailed information on these DEGs were presented 
in Table 1. Among them, the expression levels of ENTPD1, HMGB1, 
HSP90AA1, ATG5, CASP8, EIF2AK3, PIK3CA, CASP1, MYD88, and 
TLR4 were up-regulated, whereas BAX, TNF, CD4, and FOXP3 were 
down-regulated in COVID-19 samples than that in non-COVID-19 
controls (Figure 1A). Next, the correlation between these genes was 
displayed in Figures 1B,C, and the significant interaction of most 
genes was observed. Furthermore, Figure  1D also indicated the 
pattern of the CNV alterations in ICD-related DEGs on their 
respective chromosomes.

Enrichment analyses for the ICD-related 
DEGs

We conducted GO, KEGG, Reactome, and DO enrichment 
analysis on ICD-related DEGs, thus discovering the potential molecular 
biological characteristics of COVID-19. The GO enrichment analyses 
indicated that these genes were largely involved in the regulation of 
cytokines (Figure  2A). KEGG pathway analyses showed that the 
positive regulation of cytokine production, response to 
lipopolysaccharide, response to molecules of bacterial origin, and T cell 
activation were enriched (Figure 2B). Moreover, Reactome terms were 
enriched in signaling by interleukins, programmed cell death, and 
regulated necrosis (Figure 2C). Interestingly, the ICD-related DEGs 
were also markedly enriched in inflammation and tumor-related 
signatures (Figure 2D). These findings demonstrated that ICD-related 
DEGs may serve a critical role in the etiology of COVID-19 by 
engaging in the regulation of cytokines and diverse cell death processes.

Identification of ICD-related diagnostic 
genes for COVID-19

For exploring the potential pathogenesis of COVID-19, we further 
evaluated the diagnostic values of ICD-related DEGs. Machine learning 
algorithms (LASSO, RF, and SVM-RFE) were selected and executed to 
identify the significant ICD-related DEGs, thus distinguishing 
COVID-19 from control samples. LASSO regression analysis was 
performed to select nine feature genes with statistically significant 
univariate parameters (Figures  3A,B). RF incorporating feature 
selection was utilized to investigate the relationship between error rate, 
number of classification trees, and 14 genes with relative importance 
(Figure 3C). Meanwhile, the respective importance of these genes was 
also presented in Figure 3D. Next, SVM-RFE analysis indicated that 
the SVM model based on five feature genes had an optimum 
generalization performance (Figures 3E,F). The feature genes from the 

TABLE 1  ICD-related DEGs between COVID-19 samples and control 
samples.

Gene p-value Type

ATG5 0.002 Up

BAX 0.003 Down

CASP1 <0.001 Up

CASP8 0.046 Up

CD4 0.011 Down

EIF2AK3 <0.001 Up

ENTPD1 0.028 Up

FOXP3 0.001 Down

HMGB1 <0.001 Up

HSP90AA1 0.004 Up

MYD88 <0.001 Up

PIK3CA 0.023 Up

TLR4 0.038 Up

TNF 0.021 Down
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abovementioned algorithms were intersected, and three feature genes 
(CASP1, CD4, and EIF2AK3) were determined for subsequent analysis 
(Figure  3G). To reveal the diagnostic accuracy of feature genes in 
distinguishing COVID-19 from non-COVID-19 controls, ROC curves 
were plotted for the three feature genes. As depicted in Figure 3H, the 
AUCs for the three feature genes were higher than 0.6, indicating that 
these genes have good diagnostic performance. Furthermore, 
we established a logistic regression model based on the three feature 
genes, and the ROC curves suggested that the logistic regression model 
differentiated COVID-19 and control samples with AUC = 0.899 
(Figure 3I). This evidence demonstrated that the three feature genes 
can be considered valuable diagnostic genes for COVID-19, and the 
diagnostic model incorporating the three feature genes may have 
greater accuracy than individual feature genes.

GSEA and GSVA analysis

To further determine the underlying role of feature genes to 
identify characteristic differences between COVID-19 samples and 
control samples, a single-gene GSEA-KEGG pathway analysis was 

performed. The top six pathways enriched for individual feature genes 
were presented in Figures  4A–C. After a systematic analysis, 
we observed that CASP1 and CD4 were activated in immune response 
(such as antigen processing and presentation) and RIG-I-like receptor 
signaling pathway. Meanwhile, EIF2AK3 was closely associated with 
the metabolism-related activity. Afterward, we found the differentially 
enriched GSVA pathways between the high- and low-expression 
groups of each feature gene (Figure 5). The findings indicated that the 
high expression of CASP1 in COVID-19 may induce this disease by 
“tyrosine metabolism,” “base excision repair,” and “glyoxylate and 
dicarboxylate metabolism,” while down-regulation of CASP1 
promoted “DORSO_VENTRAL_AXIS_FORMATION,” “O_
GLYCAN_BIOSYNTHESIS,” and “VALINE_LEUCINE_AND_
ISOLEEUCINE_BIOSYNTHESIS.” CD4, whose expression was 
limited in COVID-19 samples, was significantly correlated with the 
immune response (“AUTOIMMUNE THYROID DISEASE,” “GRAFT 
VERSUS HOST DISEASE,” and “ALLOGRAFT REJECTION”). 
Moreover, the high expression of CD4 activated the pathways such as 
“GLYCINE SERINE AND THREONINE METABOLISM,” and 
“PANTOTHENATE AND COA BIOSYNTHESIS.” Similarly, in the 
EIF2AK3 over-expression group, “GLYCOSAMINOGLYCAN 

FIGURE 1

The expression landscape of 14 ICD-related DEGs. (A) Heatmap of DEGs between the COVID-19 samples and control samples. (B,C) The correlation 
diagram of DEGs. (D) Chromosomal positions of DEGs.
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DEGRADATION,” and metabolism-related pathways (“TAURINE 
AND HYPOTAURINE METABOLISM,” “PHENYLALANINE 
METABOLISM,” “TYROSINE METABOLISM”) were enriched. The 
low-expressed EIF2AK3 served a critical function in the protein 
export, and biosynthesis process (such as N-GLYCAN biosynthesis 
and AMINOACYL TRNA biosynthesis).

Immunological infiltration analysis

Based on the CIBERSORT algorithm, the infiltration levels of 22 
types of immune cells between COVID-19 and control samples were 
evaluated. As presented in Figure  6A, compared with the control 
samples, naïve B cells, follicular helper T cells, Tregs, activated NK 
cells, monocytes, and activated mast cells were less enriched, while 
plasma cells, CD4 naïve T cells, activated CD4 memory T cells, γδ T 
cells, resting dendritic cells, and activated dendritic cells were more 
enriched in COVID-19 sample. Subsequently, after performing a 
correlation analysis of infiltrating immune cells, we identified diverse 
pairs of interacting immune cells (Figure  6B). Similarly, the 
proportions of different immune cells between the COVID-19 and 
control samples had a significant difference (Figure 6C). Furthermore, 
we also explored the relevance of three diagnostic genes to immune 
cells. As shown in Figure 6D, Pearson correlation analysis suggested 

that activated dendritic cells, neutrophils, activated NK cells, activated 
CD4 memory T cells and γδ T cells were all associated with three 
feature genes (CASP1, CD4, and EIF2AK3). These results suggested 
that alterations in the immune microenvironment of COVID-19 
samples correlated with these three genes.

Prediction of feature gene-targeted drugs

DGIdb was utilized to identify the underlying drug or molecular 
compounds that could regulate the expression of feature genes in the 
setting of COVID-19. As demonstrated in the drug-gene interaction 
network (Figure  7), 33 drugs or molecular compounds targeting 
feature genes were identified, including 23 for CASP1, 9 for CD4, and 
1 for EIF2AK3. The results suggest that CASP1 is more likely to be a 
valuable target for drug development against COVID-19. Interestingly, 
the drugs that interacted with different genes were not observed.

A ceRNA network based on diagnostic 
genes

Recently, the ceRNA network is emerging as a hot topic and serves 
a pivotal role in controlling gene activity. The ceRNA network was 

FIGURE 2

Functional enrichment analysis of ICD-related DEGs. (A) GO, (B) KEGG, (C) Reactome, (D) DO enrichment analysis for DEGs.
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established with miRNA as a bridge to determine the relationship 
between target gene, mRNA and lncRNA by interacting miRNA 
response factors. Referring to epigenetic regulators, miRNAs are 
considered valuable therapeutic options for diverse diseases. The 

miRNAs associated with 3 feature genes were explored from three 
online databases, and the interaction demonstrated by these databases 
were also identified. A total of 63 miRNAs and 3 mRNAs formed 67 
interaction pairs. Additionally, we  investigated the lncRNAs that 

FIGURE 3

Identification of diagnostic genes for COVID-19. (A,B) Establishment of the LASSO model. (C,D) Screening biomarkers based on random forest (RF) 
algorithm. (E,F) Results of screening biomarkers based on SVM-RFE algorithm. (G) Venn diagram showing the intersected genes. (H) ROC curves for 
the feature genes. (I) Logistic regression model to identify the AUC of disease samples.

FIGURE 4

Single-gene GSEA-KEGG pathway analysis in CASP1 (A), CD4 (B), and EIF2AK3 (C).
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corresponded to regulator miRNAs based on the spongeScan database 
and further established a ceRNA network of lncRNA-miRNA-
mRNA. Finally, this network was comprised of 145 nodes (3 genes, 63 
miRNAs, and 75 lncRNAs) and 151 edges (Figure 8).

Expression of diagnostic genes in the 
validation cohort

Additionally, the expression of three diagnostic genes (CASP1, 
CD4, and EIF2AK3) was also explored in the GSE171110 dataset. 
We observed that the expression levels of these diagnostic genes were 
consistent with the GSE157103 dataset (Figure 9). Among them, the 
expression of CD4 (p < 0.001) in COVID-19 samples was lower than 
that of control samples, while CASP1 (p = 0.018) and EIF2AK3 
(p = 0.012) were higher in COVID-19 samples.

Discussion

COVID-19 has been ravaging the world for years, and its specific 
cause remains unclear. The mutational and variable nature of 
COVID-19 renders it impossible to explain it with changes in a single 

gene. Hence, the management of COVID-19 patients cannot 
be  implemented by a method, instead diverse methods, including 
multi-targeted agents and multi-modalities treatment (Fahmi et al., 
2021; Rantam et  al., 2021). It is essential to explore novel and 
promising biomarkers for the early diagnosis and management of 
COVID-19 (Zhong et al., 2020; Gattinoni et al., 2021). Notably, virous 
cell death forms have been observed to be significantly correlated with 
the progression of COVID-19, but the association between COVID-19 
and ICD has not yet been clarified. Herein, we attempted to identify 
diagnostic biomarkers pertaining to COVID-19 and delve into the 
role exerted by ICD within COVID-19.

In this work, we  identified 14 ICD-related DEGs between 
COVID-19 and normal samples, including 10 up-regulated and 4 
down-regulated genes. Afterward, functional enrichment analysis of 
these DEGs was executed, and these genes presented close 
associations to the regulation of cytokines and cell death signals (such 
as regulation of cysteine-type endopeptidase activity involved in the 
apoptotic process, programmed cell death, and regulated necrosis). 
According to these findings, COVID-19 displayed immunological 
processes and cell death involvement, thus inducing inflammation 
and infection.

We applied three different machine learning algorithms (LASSO, 
RF, and SVM-RFE), each with its advantages. LASSO regression 

FIGURE 5

High- and low-expression groups based on the expression levels of each feature gene combined with GSVA in CASP1 (A), CD4 (B), and EIF2AK3 (C).
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FIGURE 6

Immune landscape analysis. (A) The differences in immune cells from the immune microenvironment between COVID-19 patients and normal 
samples. (B) The correlation diagram of immune cells. (C) The bar plot presenting the proportion of infiltrated immune cells calculated by the 
CIBERSORT algorithm. (D) The correlation between feature genes and immune cells.

FIGURE 7

Prediction of feature gene-targeted drugs based on DGIdb database.
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identifies parameters by finding the variable with the lowest incidence 
of categorical error (Tibshirani, 1997). RF algorithm is an integrative 
algorithm consisting of decision trees, which is applied to train and 
predict samples (Simsekler et  al., 2021). SVM-RFE has acquired 
extensive attention in ranking traits and selecting important traits for 
categorization (Sanz et al., 2018). Finally, CASP1, CD4, and EIF2AK3 

were identified and were valuable for further explorations, which 
demonstrated that our prediction displayed reliability with the 
integrated approaches.

CASP1, a member of the caspase family, serves a critical role in 
the execution process of cell apoptosis (Kapplusch et al., 2019). The 
expression of CASP1 was regulated, and the inflammasome 

FIGURE 8

A ceRNA network based on three feature genes.

FIGURE 9

Expression difference of the feature genes (A, CASP1; B, CD4; C, EIF2AK3) between COVID-19 and normal samples in the validation cohort (GSE171110 
dataset).
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activated by CASP1-NLRP3 dependent pathway can subsequently 
secrete IL-1β and IL-18, thus leading to dysfunctional autophagy 
(Wang et  al., 2017). Upregulation of CASP1  in COVID-19 was 
reported in a prior report, consistent with our findings (Yang et al., 
2022). CD4 encodes the CD4 membrane glycoprotein of T 
lymphocytes, and CD4+ T cell plays a critical role in anti-viral 
immunity (Matthias et al., 2002; Sharma et al., 2005). CD4 mediates 
various biological processes of immune cells. Meanwhile, immune 
cells, primarily comprising T cells, B cells, and macrophages, 
crucially affect the pathogenesis of COVID-19 (Tay et al., 2020). 
EIF2AK3, as a metabolic stress-sensing protein kinase, inhibits 
protein translation and regulated pro-survival autophagy (You 
et al., 2021). These genes displayed significantly different expressions 
between COVID-19 and normal samples, and this result was also 
observed in the validation cohort. Furthermore, GSEA and GSVA 
for three feature genes were performed, and we observed that these 
genes were significantly associated with immune response and 
metabolism-related activities. Based on the abovementioned 
findings, CASP1, CD4, and EIF2AK3 have the potential to influence 
the progression of COVID-19 and serve as diagnostic biomarkers, 
whereas this finding remains to be  confirmed by further 
clinical trials.

To more comprehensively investigate the effects played by the 
abundance of immune cells in COVID-19, this research conducted 
CIBERSORT for evaluating the infiltrating immune status within 
COVID-19. The abundance of naïve B cells, follicular helper T cells, 
Tregs, activated NK cells, monocytes, and activated mast cells 
decreased, while the abundance of plasma cells, CD4 naïve T cells, 
activated CD4 memory T cells, γδ T cells, resting dendritic cells, and 
activated dendritic cells increased, potentially demonstrating the 
relevance of COVID-19 initiation and development. It is common 
knowledge that these cells are an essential part of human adaptive 
immunity, and these cells may be potential factors for COVID-19 
pathogenesis (Sette and Crotty, 2021). Meanwhile, three feature genes 
presented a significant correlation with diverse immune cells, which 
also confirmed the autoimmunogenicity of these genes. Although this 
is widely recognized, the molecular mechanisms and functions of 
immune cell infiltration in COVID-19 need to be  further 
investigated urgently.

Finally, the feature gene for gene-targeted drugs and the ceRNA 
network were explored. A diagram of 33 drugs with promising 
therapeutic efficacy against COVID-19 was displayed. The 
performance of the selected drugs was validated for diverse diseases; 
however, the mechanisms of many drugs were unclear. Further 
molecular experiments and clinical investigations are necessary to 
identify the drugs that are valuable for COVID-19 treatment. The 
target miRNAs and the target lncRNAs were predicted for CASP1, 
CD4, and EIF2AK3, and a ceRNA network was established with 
Cytoscape. This network proposes a potential mechanism for selected 
genes to be regulated at the transcriptome level.

Inevitably, these are some restrictions of this study. Firstly, this 
study was performed on public databases, and additional laboratory 
experiments are necessary. Secondly, the association between these 
results in this study and clinical variables was worthy of future analysis 
and validation. However, this study could still reflect convincing 
evidence to further investigate the significance of ICD-related genes 
in the treatment and diagnosis of COVID-19.

Conclusion

Taken together, we  presented that differentially expressed 
genes: CASP1, CD4, and EIF2AK3 might be considered as the 
diagnostic biomarker for COVID-19 and characteristic 
immunological infiltration could influence the systemic immune 
microenvironment in the pathogenesis of COVID-19. This work 
may reveal potential biomarkers related to immune regulation 
that ultimately led to COVID-19 infection. Additional leading-
edge approaches, such as single-cell sequencing method, will 
further offer promising perspectives into COVID-19 development 
and drug targets.
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Expanding antiviral treatment options against SARS-CoV-2 remains crucial as the 
virus evolves under selection pressure which already led to the emergence of 
several drug resistant strains. Broad spectrum host-directed antivirals (HDA) are 
promising therapeutic options, however the robust identification of relevant host 
factors by CRISPR/Cas9 or RNA interference screens remains challenging due to 
low consistency in the resulting hits. To address this issue, we employed machine 
learning, based on experimental data from several knockout screens and a drug 
screen. We trained classifiers using genes essential for virus life cycle obtained 
from the knockout screens. The machines based their predictions on features 
describing cellular localization, protein domains, annotated gene sets from Gene 
Ontology, gene and protein sequences, and experimental data from proteomics, 
phospho-proteomics, protein interaction and transcriptomic profiles of SARS-
CoV-2 infected cells. The models reached a remarkable performance suggesting 
patterns of intrinsic data consistency. The predicted HDF were enriched in sets of 
genes particularly encoding development, morphogenesis, and neural processes. 
Focusing on development and morphogenesis-associated gene sets, we found 
β-catenin to be  central and selected PRI-724, a canonical β-catenin/CBP 
disruptor, as a potential HDA. PRI-724 limited infection with SARS-CoV-2 variants, 
SARS-CoV-1, MERS-CoV and IAV in different cell line models. We  detected a 
concentration-dependent reduction in cytopathic effects, viral RNA replication, 
and infectious virus production in SARS-CoV-2 and SARS-CoV-1-infected cells. 
Independent of virus infection, PRI-724 treatment caused cell cycle deregulation 
which substantiates its potential as a broad spectrum antiviral. Our proposed 
machine learning concept supports focusing and accelerating the discovery of 
host dependency factors and identification of potential host-directed antivirals.
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1. Introduction

Genetic plasticity of SARS-CoV-2 and herd immunity-derived 
evolutionary pressure have led to the emergence of variants of concern 
(VOC; Van Egeren et al., 2021; Flores-Vega et al., 2022). Some of the 
variants and recombinant lineages have evaded vaccine-elicited 
antibodies and monoclonal antibody-based treatments (Dejnirattisai 
et al., 2021; Planas et al., 2021; Wang P. et al., 2021; Iketani et al., 2022). 
Although antiviral drugs such as Remdesivir, Molnupiravir, or 
Nirmatrelvir/Ritonavir (Paxlovid) have significantly improved disease 
outcome in patients (Beigel et al., 2020; Hammond et al., 2022; Jayk 
Bernal et al., 2022; Wong et al., 2022), these treatments might select 
for more resistant variants over time (Gandhi et al., 2022; Hogan et al., 
2023). Consequently, our current virus-directed countermeasures 
have limitations and there is an urgent need for developing host-
directed antivirals (HDA) that can target host-dependency factors 
(HDF) required for the life cycle of the virus. HDA might provide 
variant-independent treatment opportunities to reduce disease 
severity and complement virus-directed antiviral therapies (Edinger 
TO et al., 2014; Mahajan et al., 2021; Wagoner et al., 2022). In addition, 
drug repurposing can offer an expedited timeline to bring HDA 
therapies into clinical settings in a cost-effective and timely manner. 
Still, a common challenge is the robust identification of relevant host 
factors among varying in vitro conditions, although recent advances 
in functional genomics have simplified the use of high-throughput 
technology platforms based on CRISPR/Cas9 and siRNAs (Daniloski 
et al., 2021; Wang R. et al., 2021; Wei et al., 2021; Zhu et al., 2021). 
However, when comparing the results of these experimental screens 
for SARS-CoV-2 host dependency factors, there is only a marginal 
overlap of hits. This may be due to different viral strains, host cells 
and/or different multiplicity of infection (MOI) or further different 
experimental settings such as the selection of knockout library 
constructs used. Interestingly, when grouping the identified HDF into 
gene sets of common function or cellular processes, the consistency 
increases suggesting that these lists of HDF in their specific contexts 
contain consistent patterns on a more complex level.

Machine learning methods can identify such common patterns in 
experimental data, as, e.g., the identification of common regulators 
explaining large scale transcription profiles (Alipanahi et al., 2015; 
Hörhold et al., 2020) and allow for integration of a broad variety of 
omics and genomics data. In this study, we  followed a machine 
learning approach to identify HDF of SARS-CoV-2. From the 
knockout screens (Daniloski et al., 2021; Wang R. et al., 2021; Wei 

et al., 2021; Zhu et al., 2021), we assembled a gold standard of genes 
required for virus replication. With this gold standard, we trained and 
evaluated the classifier. The classifier based its predictions on features 
of the genes describing their encoded proteins´ cellular localization, 
protein domains, annotated cellular processes, and gene/protein 
sequences. Furthermore, we embedded experimental data comprising 
proteomic, PPI, and transcriptomic profiles of SARS-CoV-2 infected 
cells. In addition, another classifier was trained based on a gold 
standard derived from a drug screen (Ellinger et al., 2021), in which 
more than 6,000 drugs were screened to determine whether they had 
a protective effect on cells infected with SARS-CoV-2. Both classifiers 
delivered a list of predicted HDF. For a few, well selected HDF, 
we interrogated drug databases, and identified β-catenin and its small 
molecule inhibitor PRI-724, particularly antagonizing the interaction 
between β-catenin and CBP.

The β-catenin/CBP interaction displays a pivotal part of a switch-
like signaling network within the Wnt/β-catenin pathway that controls 
the well-balanced interplay between cell proliferation and 
differentiation (Akiyama, 2000; Liu et al., 2022). Activation of Wnt 
signaling leads to a sequester of the β-catenin destruction complex 
enabling cytosolic accumulation of β-catenin and, in turn, its nuclear 
translocation where it interacts with CBP or p300 to drive either 
proliferation or differentiation, respectively (Bordonaro and Lazarova, 
2016). In this study, we identified β-catenin as a SARS-CoV-2 host 
factor using machine-learning and sought to analyze the efficacy of 
one of its inhibitors, PRI-724, against different pandemic-related RNA 
viruses in vitro.

2. Materials and methods

2.1. Gene prioritizations

Two sets of machines were set up to predict HDF, one based on 
data from CRISPR/Cas9 based knockout screens, and one on data 
from a drug screen. For defining the gold standard for the first set of 
machines, the experimental results from four genome-wide CRISPR/
Cas9 knockout screens were considered (Daniloski et al., 2021; Wang 
R. et al., 2021; Wei et al., 2021; Zhu et al., 2021; Table 1). The ranking 
of the screened genes was taken from the Supplementary material of 
the respective studies. The rank product was calculated for each gene 
for which information was available. The n = 500 top ranking genes of 
this new list were selected and used as the positive class for the 

TABLE 1  HDF screens serving for a gold standard to train and validate the machines.

Daniloski et al. (2021) Wei et al. (2021) Wang R. et al. (2021) Zhu et al. (2021)

Number of screened 

genes

19,050 21,673 20,915 19,114

Cell line A549-ACE2 Vero-E6 Huh7.5.1 with ACE2 and TMPRSS2 

overexpression

A549-ACE2

SARS-CoV-2 strain USA-WA1/2020 (NR-52281) US-WA1/2020 USA/WA-1/2020 nCoV-SH01 (patient isolate)

MOI 0.01 (low) 0.3 (high) 0.1 0.01 0.3

CRISPR libraries GeCKOv2 with 122,411 sgRNAs 

6 sgRNAs/gene

C. sabaeus with 83,963 sgRNAs 

4/sgRNAs gene

GeCKOv2 lentiCRISPRv2 76,441 sgRNAs
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classifier, labeled as HDF. The bottom 1,000 genes were used as the 
negative class (“Non-HDF“). The rest of the genes in the list were used 
for prediction, i.e., assessing an HDF or non-HDF label. Daniloski 
et al. provided data of two screens with different MOI (0.01 and 0.3). 
To get a combined list of genes, we calculated the rank product for 
each gene listed in their score tables and used this combined ranking 
for our study. In addition, a second gold standard was established 
based on the screening of 5,632 compounds and their capacity to 
inhibit the cytopathic effect (CPE) of SARS-CoV-2 in a Caco-2 cell 
line (Ellinger et al., 2021). In line with the authors of the original study, 
compounds that blocked viral CPE by 75% were considered as hits. 
This led to 273 compounds inhibiting SARS-CoV-2 infection without 
inducing toxicity. Then, their respective targets were identified using 
the information of different drug databases [Drugbank (Wishart et al., 
2018), ChEMBL (Mendez et  al., 2019), TTD (Wang et  al., 2020), 
PharmGKB (Thorn et al., 2013), and BindingDB (Gilson et al., 2016)]. 
By this, 178 gene targets were found and labeled as “HDF.” For the 
remaining drugs with no inhibitory effect, their 1,881 targets were 
labeled as “non-HDF.” Effective drugs with more than 11 targets were 
considered to be “promiscuous,” and their targets were not included 
in the gold standard.

2.2. Feature generation

The procedure for feature generation was similar as published 
earlier for essential gene prediction (Acencio and Lemke, 2009; 
Aromolaran et al., 2020; Beder et al., 2021). Each gene served as 
a sample in the machine learning procedure, either labeled as 
HDF or non-HDF, or was not used for training the classifiers. For 
each gene, we generated a comprehensive set of 60,593 features 
comprising the seven categories of (1) gene sequence,  (2) protein 
sequence, (3) protein domains, (4) gene sets from Gene Ontology, 
(5) conservation, (6) topology in the protein interaction network, 
and  (7) subcellular location of the protein. We  distinguished 
between intrinsic and extrinsic features. Intrinsic features denote 
features, which can be directly derived from gene and protein 
sequences, whereas extrinsic features describe network topology, 
homology, cellular localization of the expressed protein and 
functional (interaction) domains. Employing BioMart (Smedley 
et al., 2009), we downloaded the gene and protein sequences from 
Ensembl (v102). Protein and gene sequence features (categories 
1 and 2) were calculated with several software tools [seqinR 
(Charif et al., 2005), protr (Xiao et al., 2015)], CodonW,1 and 
rDNAse2 spanning a large range of descriptors as explained in the 
following. Using seqinR, we  calculated the number and 
percentage of each of the 20 amino acids in a protein. In addition, 
it was used to calculate other amino acid sequence features 
including the number of residues, the percentage of each of the 
physico-chemical classes and the theoretical isoelectric point. 
Using protr, we calculated the autocorrelation, Conjoint Triad 
Descriptors (CTD), quasi-sequence order and pseudo amino acid 
composition. CodonW was used calculating general gene features 

1  http://codonw.sourceforge.net

2  https://github.com/wind22zhu/rDNAse

like gene length and GC content, and frequencies of optimal 
codons (Hershberg and Petrov, 2009) and the number of codons 
in the coding sequence. rDNAse calculated additional gene 
features, like auto covariance, pseudo nucleotide composition, 
and kmer frequencies (n = 2–7). It also calculated the sequence 
attribute distribution. Amino acids were grouped into three 
classes: (1) polar, (2) neutral, or (3) hydrophobic. The second 
digit in the feature name accounted for the class. More fine 
grained, seven attributes comprising (1) hydrophobicity, (2) 
normalized van-der-Waals volume, (3) polarity, (4) polarizability, 
(5) charge, (6) secondary structure, and  (7) solvent accessibility 
were represented by the first digit in the feature name. The last 
three digits described the location of the attribute in the sequence, 
i.e., either at the beginning of the sequence (000), around the 25% 
quantile of residues (025), 50% (050), 75% (075), or at the end of 
the sequence (100). For example, seq.attribute.distribution 42100 
is the sequence attribute of amino acids being polarizable (4), 
neutral (2) and are located at the end of the sequence (100). The 
domain features (category 3) were calculated using BioMart 
yielding protein family domains (pfam domains), the number of 
coiled coils structures, prediction of membrane helices, post-
translational modifications, β-turns, cofactor binding, acetylation 
and glycosylation sites, signal peptides and transmembrane 
helices, and the number and lengths of UTRs. To calculate the 
gene set features (category 4), gene sets of all terms from Gene 
Ontology (Biological Process, Molecular Function, Cellular 
Localization) were obtained from the gene annotation of Ensembl 
(v102). First, to each gene, its direct neighbors were added using 
the STRING database (Szklarczyk et al., 2019), and with this list 
a gene set enrichment test performed employing Fisher’s exact 
tests. The negative log10 value of the p-value P was used as a 
feature. Highly redundant (overlapping) gene sets were removed 
by the following method. Overlap of genes among each pair of 
gene sets V and W was quantified by Jaccard similarity coefficients,

	
J V W

V W
V W

,( ) = ∩
∪ 	

(1)

Pairs with J(V,W) above the threshold α = 0.3 were included into 
a model and represented as an undirected graph G(X,E), in which X 
were the n gene sets and pairs above α the edges E. A Mixed Integer 
Linear Programming problem was set up,

 Maximize 	 i iw XΣ 	 (2)

Subject to

	
X X i j Ei j+ ≤ { }1 for every , 

	 (3)

	 X i ni  0 1 1, for{ } ≤ ≤ ,	
(4)

in which wi was the weight of a gene set and calculated from 
the significance value (p-value P) of the according Fisher’s 
Exact test,
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The problem was solved using Gurobi™ (version 7.5.13). By this, 
up to one gene set of each pair with high overlap was selected and the 
gene set with the higher enrichment was privileged. Gene conservation 
(category 5) was assessed by sequence alignment of the protein 
sequence of each gene with all proteins listed in RefSeq (Pruitt et al., 
2005) using PSI-Blast (Altschul et al., 1997). The number of obtained 
proteins with E-value cutoffs from 1e − 5 to 1e − 100 served as feature 
values of the respective features. For category 5, typical topology 
features like degree, degree distribution, several centrality descriptors 
and Page rank was obtained using protein interaction data (n = 697,802 
interactions) from the BIOGRID database (Oughtred et al., 2019). In 
addition, we  assembled a second network considering also the 
interactions between SARS-CoV-2 proteins and proteins of the human 
host cell. For this, in total 22,586 interactions between SARS-CoV-2 
and human proteins were obtained from the BioGRID COVID-19 
Coronavirus Curation Project (Oughtred et al., 2019). Viral proteins 
were added to the generic network and an interaction was added to 
the network between a host protein and a viral protein if the link was 
listed in the protein interactions between SARS-CoV-2 and human 
proteins. Using both protein interaction networks, in summary, 24 
topological features were generated using the igraph R package for 
network analysis.4 Subcellular localization (category 7) was derived 
using the prediction software DeepLoc (Almagro Armenteros et al., 
2017), which assigns probability scores to 11 eukaryotic cellular 
compartments (cytoplasm, nucleus, mitochondria, ER, Golgi 
apparatus, lysosome, vacuole and peroxisome, plasma membrane, 
extracellular, chloroplast).

Furthermore, 69 features from experimental data derived from 
gene expression, proteomics and phospho-proteomics profiles of 
Caco-2 cells post infection with SARS-CoV-2 at different time points 
were used. Proteomics data was taken from a previous publication 
(Bojkova et al., 2020) and z-score transformed peptide counts for each 
time point post infection (0, 2, 6, 10, 24 h, MOI = 0.01) vs. time point 
zero taken. In line, own gene expression data from Caco-2 cells 
infected with SARS-CoV-2 (FFM1, Wuhan wildtype; 0, 3, 6, 12 and 
24 hpi, MOI = 0.01). For both datasets, as features, log10 differential 
expression values between each time point post infection and time 
point zero (no infection) was taken. The phosphoproteomics data was 
taken from a previous study (SARS-CoV-2 infected Caco-2 cells, 
24 hpi, MOI = 1) and features calculated similarly as for the proteomics 
data (Klann et al., 2020).

2.3. Machine learning pipeline

Each feature was normalized using z-score transformation. 
We trained and validated two different sets of machines, one based on 
the gold standard of the knockout screens (knockout screens based 
classifier) and one based on the gold standard from the drug screen 
(drugs screen based classifier). The machine learning procedure was 

3  www.gurobi.com

4  https://igraph.org

the same for both. For each, a 5-fold cross-validation (CV) was 
performed in which 4/5 of the data was used to train the model, and 
the remaining 1/5 of the data (validation set) was used to assess the 
performance leaving the test set unseen. In addition, we repeated these 
cross-validations five times and averaged the results over these five 
independent runs. The first step in the training procedure was feature 
selection. For this, Least Absolute Shrinkage and Selection Operator 
(LASSO) regression was performed using the “glmnet” R package (cv.
glmnet function with parameters alpha = 1, type.measure = “auc”). In 
a second feature selection step, highly correlating features with 
Pearson’s correlation coefficients r > 0.70 were removed. On average, 
155 features remained. These features were fed into a Random Forest 
(RF) classifier using the caret package in R (tuneLength = 10, 
metric = “Kappa,” nthread = 20, ntree = 500). All trained models were 
used to predict the complete set of 20,007 genes to find novel HDF 
candidates, and to confirm or reject the HDF annotation of the gold 
standard. We defined the top 10% of the predictions from a voting 
scheme as predicted HDF (predHDF) of the classifiers, i.e., of the 
knockout based classifier and of the drug based classifier, leading to 
2,182 and 1,989 predHDF, respectively. To evaluate the performance 
of the learned models, the area under the receiver operating 
characteristic (ROC-AUC) and area under the precision-recall curve 
(PR-AUC) of the results from the validation data was calculated using 
the PRROC package in R. Average and standard variances of the 
performance estimates were calculated using the results of the 
individual cross validation runs. Most discriminative features of the 
model were obtained using the varImp function from the caret 
package which ranked the features based on their impact on the 
decision trees accuracy.

2.4. Gene set enrichment analyses

The lists of predHDF were investigated for enriched gene sets 
using the R package gprofiler2 (Raudvere et al., 2019). The statistical 
significance threshold for all GO terms was set to a false discovery rate 
p < 0.05. To focus on non-too-general and non-too-specific GO terms, 
only terms with more than 10 and less than 200 genes were considered. 
Redundancy of the terms was removed as described above (section 
2.2) using α = 0.4.

2.5. Drug selection

Aiming for repurposing known drugs including clinically 
approved drugs for the identified targets, a manually assembled 
data repository of drugs was set up based on seven public drug 
databases: Drugbank, ChEMBL, TTD, PharmGKB, BindingDB, 
IUPHAR/BPS, and DrugCentral (Thorn et al., 2013; Gilson et al., 
2016; Ursu et al., 2017; Wishart et al., 2018; Mendez et al., 2019; 
Armstrong et al., 2020; Wang et al., 2020). The databases provide 
information about the mechanisms of actions of the drugs, drug-
target interactions and therapeutic indications. We considered 
only drugs approved by either of the following regulatory 
agencies: Food and Drug Administration (FDA), Health Canada, 
European Medicines Agency (EMA), and Japan Pharmaceutical 
and Medical Devices Agency (PMDA), and drugs currently tested 
in clinical trials.
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2.6. Tissue culture and viruses

Lung adenocarcinoma cell line A549 stably expressing ACE2 and 
TMPRSS2 (A549-AT; Widera et al., 2021a) was cultured in Minimum 
Essential Medium (MEM) supplemented with 10% (v/v) fetal calf 
serum (FCS), 100 U/mL penicillin +100 μg/mL streptomycin (Thermo 
Fisher; Waltham, Massachusetts, United  States) and 2% (v/v) 
L-glutamine. Calu-3 was cultured in Dulbecco’s Modified Eagles 
Medium (DMEM)/Ham’s F12 (Thermo Fisher; Waltham, 
Massachusetts, United  States) supplemented with 10% (v/v) FCS, 
100 U/mL penicillin +100 μg/mL streptomycin. Vero E6 was cultivated 
in DMEM (Thermo Fisher; Waltham, Massachusetts, United States) 
supplemented with 10% (v/v) FCS and 100 U/mL penicillin +100 μg/
mL streptomycin. Antibiotic concentrations were chosen based on the 
manufacturer’s recommendations. Cells were incubated at 37°C, 5% 
CO2. If not otherwise indicated, culture reagents were purchased from 
Sigma (St. Louis, MO, United States).

For all viruses used in this study, the corresponding GenBank 
accession numbers, and references are listed in Table  2. Briefly, 
coronavirus isolates were obtained from nasopharyngeal swabs of 
infected individuals. Swab material was suspended in 1.5 mL 
phosphate-buffered saline (PBS) and propagated on Caco-2 cells. Cell-
free aliquots were stored at −80°C and titers were determined by 
tissue-culture infectious dose (TCID50) assay in A549-AT cells. The 
H5N1 influenza strain Hongkong/213/03 was received from the 
World Health Organization (WHO) Influenza Centre (National 
Institute for Medical Research, London, United  Kingdom). Virus 
stocks were prepared by infecting Vero cells and aliquots were stored 
at −80°C. Titers were determined as described above.

According to the committee for Biological Safety (ZKBS), the 
entirety of infectious work presented in this study was conducted 
under BSL-3 conditions.

2.7. Inhibitors and chemicals

Compounds used in this study comprise Remdesivir (#HY-
104077), ICG-001 (#HY-14428; MedChem Express; Monmouth 

Junction, New Jersey, United  States), C-82 (#S0990) and PRI-724 
(#S8968; Selleck Chemicals; Houston, Texas, United  States). 
Compounds were resuspended in DMSO (Carl Roth; Karlsruhe, 
Germany) and aliquots were stored at −80°C. Recombinant human 
Wnt-3a (rhWnt-3a; #5036-WN, R&D Systems; Minneapolis, 
Minnesota, United  States) was resuspended according to 
manufacturer’s instructions and stored at −80°C.

2.8. Compound treatment and infection 
assay

Inhibitors were diluted serially on confluent A549-AT or Calu-3 
cells in 1% (v/v) serum MEM and were subsequently infected at an 
MOI of 0.1 with viruses for 48 h. Cells were fixed with 3% (v/v) 
paraformaldehyde (PFA) for 20 min and stored at 4°C in PBS until 
analysis. Cytopathic effects were quantified by confluency 
measurement using a Spark® Cyto 400 multimode plate reader (Tecan 
Group Ltd.; Zürich, Switzerland).

2.9. Scratch assay

Scratch assay was implemented to visualize growth hindrance in 
A549-AT cells upon treatment with PRI-724. 6⋅105 cells were seeded 
in a 12-well format 1 day prior to assay. After applying scratches with 
a pipette tip, cells were washed with 1x PBS and treated with 10 μM 
PRI-724 and the respective amount of DMSO in 1% FCS MEM. Cells 
were subjected to live cell imaging 0, 24, 48 and 72 h post treatment 
using a Spark® Cyto 400 multimode plate reader (Tecan Group Ltd.; 
Zürich, Switzerland).

2.10. Live cell imaging

In order to monitor the effectiveness of PRI-724  in terms of 
blocking syncytia formation and cytopathic effects in general, live cell 
imaging was carried out in A549-AT cells in a 96-well format. 3.5⋅104 

TABLE 2  Clinical coronavirus isolates used for infection experiments in this study.

Virus Specification GenBank ID References

SARS-CoV-2 B, FFM5/2020 MT358641 Toptan et al. (2020)

SARS-CoV-2 B.1, FFM7/2020 MT358643 Toptan et al. (2020)

SARS-CoV-2 B.1.1.7, FFM-UK7931/2021 MZ427280 Widera et al. (2021b)

SARS-CoV-2 B.1.351, FFM-ZAF1/2021 MW822592 Widera et al. (2021b)

SARS-CoV-2 B.1.617.2, FFM-IND8424/2021 MZ315141 Wilhelm et al. (2021)

SARS-CoV-2 P.2, FFM-BRA1/2021 MW822593 Widera et al. (2021b)

SARS-CoV-2 B.1.429, FFM-CALsprt/2021 MZ317896.2 Wilhelm et al. (2021)

SARS-CoV-2 B.1.617.1, FFM-IND5881/2021 MZ315140 Wilhelm et al. (2021)

SARS-CoV-2 B.1.1.529 BA.1, FFM-ZAF0396/2021 OL800703 Wilhelm et al. (2022)

SARS-CoV-2 B.1.1.529 BA.2, FFM-BA.2-3833/2022 OM617939 Wilhelm et al. (2022)

SARS-CoV-2 B.1.1.529 BA.5, FFM-BA.5-7501/2022 OQ568810 This study

SARS-CoV-1 Frankfurt 1 AY291315 Drosten et al. (2003)

MERS-CoV EMC/2012 JX869059 Zaki et al. (2012)

Influenza A H5N1/Hongkong/213/03 NCBI:txid432070 This study
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cells were seeded and 1 day after were treated with 10, 3, 1, and 0.3 μM 
of PRI-724 just prior to infection. DMSO and 3 μM Remdesivir served 
as negative and positive inhibition controls, respectively. Infections 
with SARS-CoV-2 B.1.617.2 and SARS-CoV-1 Frankfurt-1 were 
carried out at an MOI of 0.1. Live cell imaging was performed by using 
a Spark® Cyto 400 multimode plate reader (Tecan Group Ltd.; Zürich, 
Switzerland) with hourly measurements of confluence and surface 
roughness for 48 h.

2.11. Immunofluorescence microscopy

A549-AT cells were infected with SARS-CoV-2 B.1.617.2, SARS-
CoV-1 Frankfurt-1 and IAV H5N1/Hongkong/213/03 at an MOI of 
0.1 for 18 h. Post fixation with 3% PFA, cells were washed and 
permeabilized using ice-cold MeOH. Epitopes were saturated by 
applying blocking solution (20% (v/v) goat serum, 2% (w/v) BSA, 
0.3 M glycine, 0.1% Tween-20, 0.002% thimerosal) for at least 1 h. 
Primary antibodies (Supplementary Table S11) were diluted 1:1000 in 
blocking solution containing only 1% (v/v) goat serum and were then 
incubated on cells O/N at 4°C. Cells were washed three times with 1x 
PBS and were subsequently incubated with secondary anti-IgG-A488 
(1:1000) together with 0.2 μg/mL DAPI and for 1 h. Fluorescence 
imaging was performed with an Operetta CLS™ High Content 
Analysis System (Perkin Elmer; Waltham, Massachusetts, 
United States) using integrated Harmony® software v4.9.

2.12. RNA kinetics and RT-qPCR

For assessing intracellular virus RNA replication upon treatment 
with PRI-724, medium of infected cells was removed 2 hpi and wells 
were washed three times with 1x PBS and were supplied with fresh 1% 
serum MEM. Lysates were collected 2, 4, 6, 8, 10, 12, and 24 hpi in 
A549-AT and 2, 4, 6, 8, 10, 12, 24, 36, and 48 hpi in Calu-3. Samples 
were prepared and RNA was extracted using RNeasy QIAcube HT 
(Qiagen; Hilden, Germany) kit according to manufacturer’s 
instructions. RNA was stored at −20°C until analysis. RT-qPCR was 
carried out using Reliance One-Step Supermix (Bio-Rad; Hercules, 
CA, United  States) to measure total viral N RNA and sg-N RNA 
(Supplementary Table S10, P1–P12) in a multiplex experiment5 
(Veleanu et  al., 2022). Quantifications of cellular genes CDC25A, 
BIRC5, RNase P (Supplementary Table S10, P13–P19; Spandidos et al., 
2008) were carried out using Luna Universal One-Step RT-qPCR Kit 
(New England Biolabs; Frankfurt (Main), Germany) according to 
manufacturer’s protocol. Fold changes were calculated using the 2−ΔΔCt 
method (Livak and Schmittgen, 2001).

2.13. TCID50 and plaque assay

For the quantification of infectious virus, supernatants were 
snap-frozen at −80°C. After thawing, supernatants were diluted 

5  https://www.who.int/docs/default-source/coronaviruse/

whoinhouseassays.pdf

on confluent Vero E6 in 96-well plates. Four days post infection, 
dilutions were analyzed for CPE development. TCID50 was 
calculated according to the Spearman and Kärber algorithm. For 
plaque assays, supernatants were diluted on confluent Vero E6 in 
24-well plates. After 1 h, supernatants were coated with overlay 
medium (1.5% methyl cellulose (w/v; Merck KgaA; Darmstadt, 
Germany), 1× MEM, 1% (v/v) FCS, 100 U/mL penicillin +100 μg/
mL streptomycin). When plaques reached sufficient size, cells 
were washed and fixed with 3% PFA for 20 min. Cells were stained 
with CV staining solution (1% (w/v) crystal violet, 20% 
(v/v) MeOH).

2.14. Luciferase assay

A549-AT cells were seeded in a 96-well format and were 
transfected with 0.1 ng of pRL-SV40 (Addgene; #27163) together with 
either 0.1 μg M50 Super 8x TOPFlash (Addgene; #12456) or M51 
Super 8x FOPFlash (TOPFlash mutant; Addgene; #12457) using 
TransIT®-LT1 Transfection Reagent (Mirus Bio LLC; Madison, 
Wisconsin, United States). After 24 h, cells were treated with either of 
the following substances: 10 mM LiCl (Merck KgaA; Darmstadt, 
Germany), 100 μg/mL rhWnt-3a, 10/3/1/0.3 μM PRI-724. 
Additionally, cells were treated simultaneously with LiCl and PRI-724. 
After 24 h, cells were analyzed for luciferase activity using a Dual 
Luciferase Reporter Assay Kit (Promega; Madison, Wisconsin, 
United States) according to manufacturer’s instructions.

2.15. Western blot

For preparation of protein extracts, cells were lysed using RIPA 
buffer (150 mM NaCl, 50 mM Tris/HCl pH 8.0, 1% (v/v) Triton 
X-100, 0.5% (v/v) sodium deoxycholate, 0.3% (v/v) SDS, 2 mM 
MgCl2). Buffer was supplemented with 5 mM NaF, 1 mM Na3VO4, 
20 mM β-glycerophosphate, 1x cOmplete Mini, EDTA-free protease 
inhibitor cocktail (Merck KgaA; Darmstadt, Germany) and 1 U/mL 
PierceTM Universal Nuclease (Thermo Fisher; Waltham, 
Massachusetts, United States). Lysates were stored at −20°C. Protein 
concentrations were determined using DC Protein Assay Kit (Bio-
Rad; Hercules, CA, United  States). Proteins were separated by 
SDS-PAGE and were blotted onto an Amersham™ Protran® 
nitrocellulose membrane (Merck KgaA; Darmstadt, Germany) for 
1.5 h using const. 120 V. Blots were washed and blocked for at least 
1 h using 5% (w/v) BSA/TBS-t (150 mM NaCl, 20 mM Tris, 0.1% (v/v) 
Tween20). Primary antibody (Supplementary Table S11) incubation 
was performed overnight at 4°C in 5% BSA-TBS-t. After washing, 
secondary antibody was incubated for 1 h in 5% BSA-TBS-t. Blots 
were imaged using CLx imaging device (LI-COR; Lincoln, Nebraska, 
United  States). All full-length western blots are presented in 
Supplementary Figure S5.

2.16. Cytotoxicity measurement by 
fluorescence microscopy

Confluent A549-AT cells were treated with 10, 3, 1, 0.3 μM 
PRI-724 and with the highest corresponding amount of DMSO for 
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48 h in 1% MEM. Cells were fixed with 3% PFA and stained with 
0.5 μg/mL Hoechst 33342. Imaging was performed with Olympus IX 
81 scanning a total of 9 fields/well with a 3 × 3 scatter at a total 
magnification of 10x (pixel size = 0.645 μm). Screening was performed 
using ScanR Acquisition v2.4.0.13 software.

The analysis was performed using KNIME and KNIP (Dietz and 
Berthold, 2016). The images were filtered using a gaussian convolution 
(σ = 2 px). A consecutive image thresholding assigned pixels with 
values greater than the image-mean to the foreground. Cells were 
detected and labeled by connected component analysis. Cell clumps 
were afterwards split into single cells using the Wählby algorithm 
(Wählby et al., 2004). The resulting components were filtered based 
on their size, components too large or too small were rejected as they 
most likely do not depict cells. Cell count was measured for the 
different PRI-724 concentrations (Supplementary Figure S4).

2.17. PI staining and flow cytometry

In a 6-well plate, confluent A549-AT cells were treated with 10 μM 
PRI-724 and the corresponding amount of DMSO for 24 h and were 
infected with SARS-CoV-2 (B.1.617.2 isolate, MOI 0.01) in 1% 
MEM. After that, cells were gently detached and fixed in ice-cold 70% 
ethanol for 1 h. Cells were washed three times with FACS-PBS (2% 
(v/v) FCS, 0.1% NaN3) and were then stained overnight at 4°C by 
applying PI staining buffer (50 μg/mL PI, 2% (v/v) FCS, 200 μg/mL 
Monarch® RNase A (New England Biolabs; Frankfurt (Main), 
Germany), 0.1% Igepal CA-630). Cells were analyzed for PI staining 
using FACSVerse™ Flow Cytometer (BD Biosciences; Mississauga, 
ON, Canada).

2.18. Statistics

The curve fittings presented for dose-responses to Remdesivir and 
PRI-724 presented in Figure 1A and Supplementary Figure S1 were 
performed by applying robust non-linear regression comprising a 
sigmoidal 4-parameter model for a total of three biological replicates 
per concentration:
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The exact IC50 values calculated from these analyses are listed in 
Figure  1A and Supplementary Tables S7, S8. For simple group 
comparisons such as data presented in Figures 1B, 2, 3B, C, 4A, B, 5, 
one-way ANOVA was generally applied to identify significant 
differences between treatments. In all tests, equal variances according 
to the mean were assumed and further analyses were not corrected for 
multiple testing (Fisher’s LSD test). Results were rated significant 
when p < 0.05. For RNA kinetics depicted in Figure  3A, two-way 
ANOVA was applied to identify significant differences in vRNA levels 
according to the timepoint of collection and the sort of treatment. 
Again, equal variances according to the mean were assumed and 
further analyses were not corrected for multiple testing (Fisher’s LSD 
test). Results were rated significant when p < 0.05.

3. Results

3.1. Host dependency factors identified by 
genome scale screens showed marginal 
overlap on the gene level, but improved 
consistency for common cellular processes 
and functions

First, the overlap of the results from published screening studies 
were investigated, in the following denoted as Daniloski et al. (2021), 
Wang R. et al. (2021), Wei et al. (2021), and Zhu et al. (2021). For a 
balanced comparison, we regarded the top 500 genes with the highest 
scores of every screen (Figure 6A). Only ACE2 was common among 
all candidates. The highest overlap (n = 37 genes) was observed 
between the screens of Daniloski et al., and Zhu et al. Besides ACE2, 
only 11 genes were common among Wang et al., and Wei et al. All 
these overlaps were not significantly enriched (using Fisher’s Exact 
Test). Similarly, we found very low correlations while analyzing the 
ranking of all genes of the screens (independent of the cutoff; 
Figure 6B). Next, we investigated how grouping of genes into gene 
sets of common cellular processes and gene functions affect the 
results. For this, gene set enrichment tests were performed with the 
same lists of the 500 highest scoring genes (Figure 6C). Interestingly, 
the overlaps were considerably higher but still not significant. 
Daniloski et al. and Zhu et al. shared 44/51 gene sets, Daniloski et al., 
Wang et  al., and Zhu et  al. shared 5/51 gene sets and 2/51 were 
identical among Daniloski et  al., Wei et  al., and Zhu et  al. The 
overlapping gene sets included vesicle-mediated transport to the 
plasma membrane, endosomal and lysosomal transport, phagosome 
maturation, transforming growth factor-beta production, post-Golgi 
vesicle-mediated transport, transition metal ion transport, negative 
regulation of cell growth, and phosphatidylinositol biosynthetic 
process (Supplementary Table S1). In summary, we observed limited 
overlap among the investigated screens. The overlap was higher when 
regarding gene sets of common cellular processes or molecular 
function. This supported our concept to set up a machine learning 
procedure to identify more common patterns among these 
different datasets.

3.2. Classifiers based on data from the 
knockout screens and a drug based screen 
performed well in predicting HDF from the 
gold standards

We assembled a list of 500 genes commonly high ranking among 
the investigated knockout screens (top 500 genes of the rank products, 
see Methods). This list served as the input for the machine learning 
classifier. Similarly, we  selected negative controls from the lowest 
ranking genes. Furthermore, we  set up a descriptor for gene 
predictions by compiling a comprehensive list of more than 60,000 
features for each gene describing its nucleic acid and protein 
sequences, potential associated cellular processes, its associated 
compartments, functional domains, molecular functions, its 
conservation, and its network topology within a protein interaction 
network. Here, also other omics data of SARS-CoV-2 infected cells, 
like gene transcription profiles, proteomics and interactions between 
viral and host proteins were integrated. Performing a cross-validation, 
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in which training and validation data is strictly separated, we observed 
good performance results with an area under the curve (AUC) of a 
Receiver Operator Characteristics of 0.82 (1σ = 0.03; Figure 7A). In 
addition, the same procedure was performed and a classifier learned 
based on data of a drug screen (in the following drug screen based 

classifier; Ellinger et  al., 2021). Here, we  obtained slightly worse 
performance compared to the knockout-based classifier receiving an 
AUC of the Receiver Operator Characteristics of 0.71 (1σ = 0.11). 
Additional performance parameters are supplemented 
(Supplementary Table S2).

FIGURE 1

Inhibition of SARS-CoV-2, SARS-CoV-1 and IAV H5N1 by PRI-724. (A) Dose–response curves of diverse SARS-CoV-2 mutational variants and SARS-
CoV-1 to PRI-724 and Remdesivir. Cell confluence was analyzed 48 hpi using a Spark® Cyto Imaging System. Dose–response curves were fit to 
normalized % inhibition. Data represent mean ± SD of three biological replicates. The experiment was repeated twice with similar results. IC50 values 
were calculated by applying robust non-linear regression. Mann–Whitney U-test confirmed no significant changes between any dose-responses 
analyzed. (B) Staining of SARS-CoV-2 (B.1.617.2 strain) and SARS-CoV-1 N protein, as well as IAV H5N1 NP 18 hpi. Data points represent mean ± SD of 
three biological replicates. The experiment was repeated twice with similar results. Infected cells were determined by Alexa 488/DAPI co-localization 
using an Operetta® High-Throughput Imaging system. Scale bars = 500 μm.
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3.3. Predicted HDF are prominently 
enriched in gene sets related to 
morphogenesis and development

We selected 2,182 and 1,989 top-scoring genes identified by 
knockout- and drug screen-based classifiers, respectively. To identify 

the most involved cellular mechanisms in the life cycle of the virus, 
we performed gene set enrichment analysis for each list illuminating 
1,098 and 688 gene sets of the respective classifiers 
(Supplementary Tables S3, S4). Interestingly, we  observed a high 
number of common gene sets (n = 313) showing consistency among 
both classifiers (Figure  7B). Regarding these common gene sets, 

FIGURE 2

Growth kinetics of PRI-724 treated A549-AT cells. A549-AT cells treated with high (3 μM) and low (1 μM) dose of PRI-724 were subsequently infected 
with SARS-CoV-2 (B.1.617.2 isolate) and SARS-CoV-1 (FFM1 isolate; MOI = 0.1). Cells were incubated at 37°C and 5% CO2 for 48 h in a Spark® Cyto 
Imaging system. Top: Graphical presentation of % confluence and surface roughness for both SARS-CoV-2 and SARS-CoV-1 are shown for 
measurements hourly performed. Bottom: Respective brightfield microscopy images represent critical time points of CPE formation over the course of 
infection during treatment with PRI-724 and without. Scale bar: 200 μm. See also Supplementary Videos S1−S6. Every condition comprises three 
biological replicates and graphs represent means ± SD; significant differences (***p < 0.001) are indicated by asterisks obtained by performing multiple 
t-tests. The experiment was performed twice yielding similar results.
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we further found a high fraction of these gene sets (69 out of 313 gene 
sets) to be related to morphogenesis and development, followed by 60 
gene sets being related to neural processes (Supplementary Table S5). 
Besides these gene sets, further gene sets were related to signaling, 
gene regulation, and immune and stress response 
(Supplementary Table S5).

During development, a large variety of distinct different cellular 
identities need to be  established and maintained in the embryo. 
Particularly, during developmental lineage reprogramming, a somatic 
cell can be reprogrammed into a distinct cell type by forced expression 
of lineage-determining factors (Vierbuchen and Wernig, 2012). 
Similarly, coronaviruses reprogram their host cell for their specific 
needs, including their replication (Spagnolo and Hogue, 2000; Shi and 
Lai, 2005; Reggiori et al., 2010; Nagy and Pogany, 2011; Pizzato et al., 
2022). We followed this interesting parallelism and selected a gene list 

from the gene sets of development and morphogenesis for further 
prioritization. Aiming to interfere “reprogramming” with a high 
impact, we prioritized genes coding for proteins with high connectivity 
(number of nearest neighbors) and centrality measures in a protein–
protein interaction (PPI) network to enhance the impact of a 
treatment by small molecule inhibitors. This led to a short list of genes 
with highest ranks (employing rank products) based on these 
measures in this PPI network. Table  3 lists the top  10, 
Supplementary Table S6 lists the top ranking genes and their 
connectivity and centrality values when protein interactions to SARS-
CoV-2 proteins are also taken into account. Out of these, β-catenin 
(CTNNB1) was selected for further analysis due to its high gene 
expression in SARS-CoV-2 infected cells. Interrogating publicly 
available compound and drug databases led to the selection of PRI-724 
for experimental follow up described in the next sections.

FIGURE 3

RNA kinetics and quantification of infectious virus upon PRI-724 treatment. A549-AT and Calu-3 cells were treated with 3 μM Remdesivir (Rv, blue) and 
indicated concentrations of PRI-724 [red; A549-AT: 10 μM (circle), 3 μM (square), 1 μM (rhombus); Calu-3: 20 μM (circle), 15 μM (square), 10 μM (rhombus)], 
as well as DMSO (gray) and were subsequently infected with SARS-CoV-2 (B.1.617.2 isolate) and SARS-CoV-1 (FFM1 isolate) at MOI = 0.1. (A) Viral sg-N 
RNA levels in total RNA lysates over time in A549-AT infected with SARS-CoV-2 (left) and SARS-CoV-1 (middle), as well as in Calu-3 infected with SARS-
CoV-2 (right). Data points represent mean and SD of three biological replicates. The experiments were repeated twice with similar results. Significant 
differences between treatments and control determined by two-way ANOVA are indicated through asterisks; *p < 0.05 (Supplementary Table S9). 
(B) Infectious SARS-CoV-2 and SARS-CoV-1 virus titers 24 hpi in A549-AT determined by TCID50 assay (left, middle) and in Calu-3 determined by plaque 
assay (right). Data points represent mean and SD of three biological replicates. The experiments were repeated twice with comparable results. 
Significant differences between treatments and control are indicated through asterisks; *p < 0.05, ***p < 0.001.
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3.4. PRI-724 inhibits SARS-CoV-2 variants, 
SARS-CoV-1, and influenza a virus in 
A549-AT cells

In order to validate in silico findings regarding PRI-724 in the 
context of an infection, various SARS-CoV-2 isolates [Ancestral 
variants: B (FFM5), B.1 (FFM7, D614G); variants of interest (VOI): 
P.2 (Zeta), B.1.429 (Epsilon), B.1.617.1 (Kappa); deescalated variants 
of concern (VOC): B.1.1.7 (Alpha), B.1.351 (Beta), B.1.617.2 (Delta); 
VOC: B.1.1.529 BA.1, BA.2, and BA.5 (Omicron)], and SARS-CoV-1 
Frankfurt-1 were tested. A549-AT cells were infected at an MOI of 0.1 
and treated with PRI-724 or Remdesivir for 48 h. CPE-related 
confluency changes were measured using automated label-free 
brightfield microscopy (Figure 1A). For all viruses tested, a mean IC50 
of 1.491 μM (95%CI 1.087–1.896) and IC50 of 0.2916 μM (95%CI 
0.1948–0.3885) was observed for PRI-724 and Remdesivir, 
respectively. No significant differences were detected among SARS-
CoV-2 variants, even though the B.1 and B.1.429 variants showed 
~1.5-fold and ~2-fold higher IC50, respectively, and BA.1, BA.2, and 
BA.5 variants had ~2-fold lower IC50 (Figure  1A; 
Supplementary Table S7). The overall response pattern among 
different variants remained similar for Remdesivir. Treatment with the 
PRI-724 active metabolite C-82 and the analog ICG-001 likewise 

inhibited SARS-CoV-2 (B.1.617.2 isolate) in A549-AT with IC50 values 
of 1.005 and 14.85 μM, respectively (Supplementary Figure S1A). In 
addition to that, dose-responses to PRI-724 for SARS-CoV-2 variants 
B.1, B.1.1.7, B.1.351, P.2, and B.1.617.2 were obtained in Calu-3 cells, 
with overall increased IC50 of 8.448 μM (95%CI 7.431–9.465) for 
PRI-724 and mean IC50 of 0.4962 (95%CI 0.2686–0.7237) for 
Remdesivir (Supplementary Figure S1B; Supplementary Table S8). In 
Calu-3, PRI-724 further demonstrated inhibition of MERS-CoV 
(IC50 = 22.4 μM) and showed significantly decreased SARS-CoV-1 
nucleocapsid (N) expression upon treatment with 10 μM, 30 μM, and 
100 μM PRI-724 (Supplementary Figure S1C). In an attempt to 
validate our results and to test whether PRI-724 can be used against a 
broader spectrum of RNA viruses, we infected A549-AT cells with 
Influenza A virus (IAV), SARS-CoV-2 (B.1.617.2 strain), or SARS-
CoV-1 (Frankfurt-1 strain), and performed immunofluorescence 
staining for IAV nucleoprotein (NP) and the coronavirus N 
(Figure 1B). Significant concentration-dependent reduction of NP 
expression was evident for treatment with 10, 3, and 1 μM PRI-724. 
Treatment with 10 and 3 μM PRI-724 led to ~10-fold and ~4-fold 
reduction of H5N1 NP+ cells, whereas for these treatments no cells 
stained positive for SARS-CoV-1 N. Treatment with 3 μM reduced 
SARS-CoV-2 N+ cells ~15-fold and staining was negative with 10 μM 
PRI-724.

FIGURE 4

PRI-724 shuffles β-catenin/CBP and β-catenin/p300 activity distribution. (A) A549-AT cells were transfected with Super M50 8x TOPFlash and pRL-
SV40. After 24 h, cells were treated with 10 mM LiCl, 100 μg/mL rhWnt-3a (light blue), and 10 μM, 3 μM, 1 μM and 0.3 μM PRI-724 (red). Luciferase activity 
was measured after 24 h. Firefly luciferase (FLuc) was normalized to Renilla luciferase (RLuc) and the non-treated control (gray) for every sample. Data 
represent mean and SD of three biological replicates. Samples treated with PRI-724 were compared to the non-treated control (gray) while samples 
treated with PRI-724 + LiCl were compared to the LiCl-treated control (light blue) using ordinary one-way ANOVA. Significant differences are indicated 
by asterisks; *p < 0.05, ***p < 0.001. The experiments were repeated twice with comparable results. (B) A549-AT cells were treated with indicated 
concentrations of PRI-724 and DMSO. 24 h post treatment, RNA was isolated and RT-qPCR was implemented to analyze CDC25A (left), BIRC5 (right), 
and RNase P expression. Data represent mean and SD of three biological replicates. Significant differences are indicated by asterisks; **p < 0.002, 
***p < 0.001. Experiments were repeated twice with comparable results. (C) Cells were treated as described in (B). Signals were normalized to β-actin 
expression. The asterisk designates the predicted band size of β-catenin. Rv, Remdesivir; C, Control.
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3.5. PRI-724 inhibits syncytium formation 
and CPE onset in A549-AT cells

After confirming PRI-724-mediated inhibition of CPE in 
A549-AT cells at 48 hpi, we examined the timeline of CPE onset and 
development. Label-free live-cell brightfield imaging was implemented 
to address viral growth kinetics upon treatment with PRI-724. Cells 

were treated with 3 μM (high-dose), 1 μM (low-dose) PRI-724, and the 
highest corresponding amount of DMSO and were subsequently 
infected with SARS-CoV-2 (B.1.617.2 isolate) or SARS-CoV-1 
(Frankfurt-1 strain; MOI = 0.1). Imaging, confluence measurements 
and surface roughness measurements were performed over the course 
of 48 h. A549-AT confluence as well as surface roughness were mostly 
comparable among all treatment conditions until 24 hpi for both 

FIGURE 5

Cell cycle analysis in A549-AT upon treatment with PRI-724. (A) A549-AT cells were treated with 10 μM PRI-724 or corresponding amounts of DMSO, 
and were subsequently infected with SARS-CoV-2 (B.1.617.2 isolate, MOI 0.01). After 24 h, cells were stained with propidium iodide (PI) following flow 
cytometric analysis. G1, S and G2/M populations were calculated using the Watson model implemented in FlowJo (v10.8.1). Sub-G1 populations were 
measured manually. Additionally, cell lysates were analyzed by western blot for N prourvivingrvivin, cyclin D1 and CDK4 expression. Expression levels 
were normalized to β-actin expression. (B) Confluent A549-AT cells were scratched prior to treatment with 10 μM PRI-724 or corresponding DMSO 
amounts. Live cell imaging was performed 0, 24, 48, and 72 h post treatment to assess scratch healing properties using a Spark® Cyto imaging system. 
All data represent mean and SD of three biological replicates. Experiments were repeated twice. Significant results obtained by one-way ANOVA are 
indicated by asterisks; *p < 0.05, **p < 0.002, ***p < 0.001.

94

https://doi.org/10.3389/fmicb.2023.1193320
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org


Kelch et al.� 10.3389/fmicb.2023.1193320

Frontiers in Microbiology 13 frontiersin.org

FIGURE 6

Overlap analysis of publicly available host factor identification screens. (A) Intersections of the experimentally obtained HDF (500 genes with the 
highest scores in the screens) among the different knockout screening studies. Only ACE2 (n = 1, center of the figure) was identified as an HDF in all 
screens. (B) Pairwise correlations between the ranking of all commonly screened genes of the four studies (Daniloski et al., Zhu et al., Wang et al., Wei 
et al.). Red represents a positive correlation, white no correlation, Daniloski_MOI1: data of the Daniloski screen with MOI = 0.01, Daniloski_MOI3: data of 
the Daniloski screen with MOI = 0.3. (C) This diagram (upset plot) shows the overlaps of gene sets being enriched of HDF (again considering the 500 
genes with the highest scores in the screens), Dan: Daniloski.

FIGURE 7

Characterization of machine learning performance and overlap of the gene sets derived from the two classifier approaches. (A) Machine learning 
performance results depicted by the Receiver Operator Characteristics of the validation sets. The area under the curve was 0.82 for the knockout 
screens based classifier (red) and 0.71 for the drug screen based classifier (blue). The (theoretical) result from random guessing is indicated by the 
dotted line. (B) Gene sets being enriched in HDF predicted by the knockout screening based classifier (left) and the drug screening based classifier 
(right).
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viruses. After 24 hpi, virus-induced cell lysis gradually reduced the 
confluence and increased surface roughness in DMSO-treated cells. 
SARS-CoV-2 and SARS-CoV-1 infected cells treated with low-dose 
PRI-724 started to lyse at 29 and 39 hpi, respectively, while high-dose 
PRI-724 treated cells showed no substantial loss in confluence over the 
course of the experiment (Figure 2, top; Supplementary Videos S1–S6). 
These findings were confirmed by brightfield microscopy at indicated 
time points (Figure 2, bottom). Here, cell–cell-fusion, i.e., syncytium 
formation, caused by both viruses, was initially detectable at 16 and 
24 hpi, respectively, in DMSO-treated cells and was not present in 
high-dose PRI-724 treated cells. In low-dose PRI-724 treated cells, 
SARS-CoV-2 syncytia and CPE were detectable, but much smaller 
compared to the control (Figure  2, bottom, row 2–3). Although, 
we found likewise results for SARS-CoV-1, cell lysis initiated at 32 hpi 
compared to the control (Figure 2, bottom, row 5–6).

3.6. PRI-724 reduces virus RNA replication 
and infectious virus progeny

Since PRI-724 inhibited CPE development, we  questioned 
whether it impaired virus replication and/or progeny virus production. 
For the replication analysis, the expression of intracellular subgenomic 
nucleocapsid (sg-N) RNA was monitored over the course of 24 and 
48 h in A549-AT and Calu-3 cells, respectively (Figure  3A). In 
A549-AT cells, intracellular SARS-CoV-2 (B.1.617.2 isolate) sg-N 
RNA was significantly reduced at 6, 10, 12, and 24 hpi when treated 
with 10, 3, and 1 μM PRI-724 just prior to infection. Most remarkable 
changes were detected 6 and 24 hpi where vRNA was reduced 
~370-fold/~96-fold, ~38-fold/~13-fold, and ~20-fold/~7-fold 
(Supplementary Table S9) compared to the control when treated with 
10, 3, and 1 μM PRI-724, respectively. Similarly, in Calu-3, SARS-
CoV-2 vRNA was significantly reduced at 8, 36, and 48 hpi, with most 
noticeable changes at 36 hpi, namely ~105-, ~69-, and ~10-fold 
(Supplementary Table S9) after treatment with 20, 15, and 10 μM 
PRI-724, respectively. For SARS-CoV-1  in A549-AT, PRI-724 
treatment reduced vRNA at 8, 10, 12, and 24 hpi. In comparison to 
SARS-CoV-2, the impact on SARS-CoV-1 vRNA levels was more 
pronounced. 24 hpi SARS-CoV-1 vRNA was reduced ~1,288-, ~157-, 

and ~22-fold (Supplementary Table S9) upon treatments with 10, 3, 
and 1 μM PRI-724, respectively. In A549-AT and Calu-3, Remdesivir 
treatment appeared more effective in terms of vRNA reduction 
compared to PRI-724, but timepoints of significant reductions were 
comparable between both treatments. After 24 h in A549-AT, 
Remdesivir reduced SARS-CoV-2 and SARS-CoV-1 vRNA 270-fold 
and ~3,142-fold, respectively (Supplementary Table S9). In Calu-3, 
SARS-CoV-2 RNA was reduced ~249-fold (Supplementary Table S9) 
at 24 hpi upon treatment compared to the DMSO control (Figure 3A). 
In general, reduced sg-N copies correlated with lower total N RNA in 
A549-AT and Calu-3 cells (Supplementary Figure S2).

To quantify infectious virus in supernatant, TCID50 and plaque 
assays were implemented (Figure 3B). In the supernatant of SARS-
CoV-2 infected A549-AT cells, infectious virus was not detectable 
following treatment with Remdesivir and 10 μM PRI-724. Virus titer 
was ~17.5-fold reduced upon treatment with 3 μM PRI-724 and no 
significant reduction was detected with 1 μM PRI-724, which is in line 
with the obtained RNA levels (Figure 3A). SARS-CoV-1 titer was 
reduced ~108-, ~105-, 103-, and ~31-fold upon treatment with 
Remdesivir, 10, 3, and 1 μM PRI-724, respectively. Quantification of 
SARS-CoV-2 in Calu-3 supernatants at 24 hpi by plaque assay revealed 
32.5-, 20.8-, and 8.1-fold reduction in infectious virus titer, when 
treated with 20, 15, and 10 μM PRI-724, respectively. Overall, a 
concentration-dependent reduction of SARS-CoV-2 and SARS-
CoV-1 vRNA and infectious virus titers upon PRI-724 treatment in 
A549-AT and Calu-3 cells was observed.

3.7. PRI-724 downregulates β-catenin/CBP 
target genes CDC25A, BIRC5 and cyclin D1 
protein levels and upregulates β-catenin/
p300 target c-Jun

After illuminating the protective in vitro properties of PRI-724 
during coronavirus infection in A549-AT and Calu-3 cells, we sought 
to investigate the underlying mechanism. In order to assess β-catenin/
CBP activity in A549-AT cells, we implemented a TOPFlash reporter 
assay (Figure 4A), The TOPFlash plasmid contains TCF/LEF binding 
sites coupled to a firefly luciferase reporter. Nuclear translocated 

TABLE 3  Selected genes of morphogenesis and development with high connectivity, closeness and betweenness centrality.

Gene symbol Degree1,2 Closeness centrality1–3 Betweenness 
centrality1–3

Quantile gene 
expression4

EP300 87 0.421 0.104 74

CUL3 82 0.405 0.148 89

TP53 65 0.390 0.068 82

AR 60 0.383 0.052 93

FASN 53 0.373 0.078 94

CTNNB1 40 0.394 0.046 98

HDAC1 57 0.381 0.047 58

MYCN 53 0.368 0.050 Not expressed

STAT3 39 0.382 0.046 94

AKT1 44 0.369 0.041 93

1Based on a generic protein interaction network of developmental genes. 2Determined using Python package Networkx. 3Decimal places are rounded. 4Based on the expression levels of the 
listed gene across several time points of SARS-CoV-2 infected A549 cells (details, see Materials and Methods).
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β-catenin binds to TCF/LEF transcription factors to recruit the 
co-factor CBP to the regulatory element (Lee et al., 2010) and thereby 
activates transcription. Treatment with 10, 3, and 1 μM PRI-724 
inhibited TOPFlash reporter activity significantly in comparison to 
the uninduced control. Moreover, induction of TOPFlash activity by 
10 mM LiCl was effectively blocked when using the same 
concentrations. The control construct with mutant TCF/LEF binding 
sites, showed almost no luciferase activity and no differences among 
treatments (Supplementary Figure S3).

We further verified the effect of PRI-724 on β-catenin/CBP 
activity by RT-qPCR and western blot analysis. The expression of the 
direct target genes CDC25A and BIRC5 were reduced ~2-fold in 
PRI-724-treated A549-AT cells (Figure 4B). Also, t protein levels of 
cyclin D1 were reduced when treated with 10 and 3 μM PRI-724. 
Reciprocally, β-catenin/p300 target c-Jun was increased in a 
concentration dependent fashion (Figure 4C). β-catenin expression 
remained unchanged upon treatments.

3.8. PRI-724 causes cell cycle deregulation 
in A549-AT cells

It has been reported that PRI-724 causes cell cycle deregulation 
and block proliferation in several cancer cell lines, such as 
hepatocellular carcinoma (Gabata et al., 2020), pancreatic (Martinez-
Font et al., 2020), and colon cancer (Emami et al., 2004; Kleszcz et al., 
2020). We  therefore determined whether PRI-724 and/or SARS-
CoV-2 infection (MOI 0.01) effects host cell cycle progression. Flow 
cytometry analysis revealed a significant reduction in G1 (55–60% to 
40%) and an increase in S cells (20–22% to 32–35%) upon treatment 
with PRI-724 compared to DMSO. No significant differences were 
obtained in G2/M populations. Sub-G1 populations were significantly 
elevated upon PRI-724 treatment and infected samples showed 
significantly higher sub-G1 populations than non-infected samples. 
SARS-CoV-2 infection did not seem to have any significant influence 
on the cell cycle distribution, although we  noticed a slight but 
significant reduction in the S population of DMSO-treated infected 
cells compared to non-infected cells. Furthermore, western blot 
confirmed decreased amounts of Survivin and Cyclin D1 upon 
treatment with PRI-724. Also, infected cells treated with DMSO but 
not with PRI-724 showed slightly increased CDK4 expression 
(Figure  5A). PRI-724-treated A549-AT cells also showed reduced 
proliferation (Figure 5B). To visualize whether PRI-724 induces lateral 
growth hindrance, a scratch assay was implemented. 10 μM PRI-724 
significantly hampered scratch closure at 24 h post treatment. After 
24 h, the scratch size remained at ~310 μm over the course of the 
experiment while the scratch was almost entirely closed up in the 
control after 72 h (Figure 5B).

4. Discussion

In this study we provide a comprehensive and robust machine 
learning-based host factor identification strategy (Xiao et al., 2015) 
using HDF screens performed for SARS-CoV-2 (Daniloski et al., 2021; 
Wang R. et al., 2021; Wei et al., 2021; Zhu et al., 2021) and a drug 
screen (Ellinger et al., 2021) along with validation of the predicted hit 
in the wet-lab. HDF screens of human or African green monkey cells 

infected with SARS-CoV-2 showed limited overlap in their hits. A 
better consistency was observed when regarding cellular pathways 
enriched in observed HDF of the screens. We reason this observation 
by variances among the different screens due to diverse experimental/
technical settings or/and observed biological entities, such as different 
host cell types or different viral strains. To some extent, such 
differences may be cleaned out, when regarding a gene set representing 
a cellular pathway which is essential for the virus. It may contain parts 
of signaling cascades supporting each other making knocked out 
genes replaceable in specific conditions. Such interdependencies are 
highly relevant for discovering drug targets and serve as a promising 
research venue for future investigations. We took another path here 
and let machines learn which genes are indispensable, independent of 
the experimental settings in an automated way. Our machines 
returned lists of predicted HDF that reconstruct HDF and non-HDF 
class labels well from unseen data when cross-validated. This proves 
that the machines can capture the data structure in the gold standard 
lists well. We followed up on investigating the predictions for their 
biological content, and particularly their enrichments in known 
cellular processes and functions. Interestingly, we  found a major 
portion of enriched gene sets being related to development and 
morphogenesis, followed by gene sets being related to neural 
processes. This is an intriguing observation in itself, suggesting that 
cellular processes for development and morphogenesis in particular 
are hijacked by the virus to facilitate reprogramming of the host cell 
from cellular proliferation to the proliferation of virus particles.

Focusing on gene sets related to development and morphogenesis, 
we selected β-catenin due to its top ranking connectivity and centrality 
scores in a constructed protein–protein interaction network, and it was 
highly expressed during viral infection in our observed cells. β-catenin 
has been intensively studied, particularly in oncology. It is known for its 
highly ambivalent roles. In its classical role, it migrates to the nucleus 
and acts as a cofactor for p300 or CBP (Teo and Kahn, 2010). 
Investigating hematopoietic stem cells (Rebel et  al., 2002) and an 
embryonal murine stem cell line (F9; Kawasaki et al., 1998; Ugai et al., 
1999), it was shown that the choice of the interaction partner CBP or 
p300 matters for the critical decision between proliferation/(pluri)
potency and initiation of differentiation. When interrogating publicly 
available small compound databases, we found PRI-724 and ICG-001 
as β-catenin inhibitors. More specifically, they inhibit the interaction of 
β-catenin with CBP. PRI-724 is a second-generation structural derivative 
of ICG-001. We sought to explore the effect of both of these CBP/β-
catenin inhibitors. PRI-724 performed better than ICG-001 
(Supplementary Figure S1) and showed an inhibitory effect on 
pathogenic viruses such as SARS-CoV-2 variants, SARS-CoV-1, MERS-
CoV, and IAV, in two different cell culture models. The inhibition doses 
were cell-type dependent which might be due to varying proliferation 
rates of the cells and different basal levels of β-catenin and CBP.

Viruses manipulate the cell cycle to create resources and cellular 
conditions that are advantageous for viral replication and assembly. Since 
PRI-724 is also known to affect cell cycle distribution, we hypothesized 
that the PRI-724-dependent reduction in virus replication and viral 
progeny production may be due to cell cycle deregulation. Sui et  al. 
observed that SARS-CoV-2 induces dose dependent S and G2/M arrest 
at the early phase of infection, particularly, when higher MOIs were used, 
to facilitate virus replication (Sui et al., 2023), and, in turn, at a higher 
MOI (0.1), a significant decline of cells in S and G2/M phase at the late 
phase of infection (24 and 48 hpi). In our experiments we did not observe 
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any significant difference 24 hpi. This is most likely due to lower MOI 
(0.01) used in our study and is hence in line with the late phase 
observations from Sui et al. We detected that PRI-724-dependent G1 
population decrease and S population increase is independent of the 
infection and thus it can effectively reduce virus replication and 
production for different SARS-CoV-2 variants, SARS-CoV-1, MERS-CoV 
and IAV. Regarding the drug toxicity, the total number of cells was lower 
after PRI-724 treatment (Supplementary Figure S4) and flow cytometry 
analysis showed a slight increase in sub-G1 population which was 
significantly pronounced following SARS-CoV-2 infection (Figure 5A). 
The cell distribution pattern we  found differs from the previously 
published work showing an increase in G0/G1 cell population (Arensman 
et al., 2014; Gabata et al., 2020) while using ICG-001 and C-82 (active 
compound of PRI-724) when applied to non-infected cells. This 
observation seems to be cell line or compound type dependent, because 
another study using colon carcinoma HCT116 cells also found a decrease 
in G1 and an increase in S cell population following PRI-724 treatment 
(Kleszcz et al., 2020). In summary, SARS-CoV-2 can reprogram the cell 
cycle in host cells. Our investigation showed that blocking the interaction 
between β-catenin and CBP with PRI-724 significantly reduced 
cytopathic effects, viral RNA replication, and infectious virus production. 
The treatment caused cell cycle deregulation in the host cell, which 
appeared to be unrelated to the infection. This suggests that our treatment 
effectively disrupts the virus-induced reprogramming of the cell cycle, 
which is essential for viruses to complete their life cycles. PRI-724 
treatment has been also clinically investigated. PRI-724 was shown to 
reduce hepatitis C virus-induced liver fibrosis in mice (Bojkova et al., 
2020). These investigations were followed up in two clinical trials of the 
same group (phase 1 and IIa, respectively; Kimura et al., 2017, 2022). The 
authors concluded that PRI-724 treatment was well tolerated by patients 
with HBV and HCV induced liver-cirrhosis and showed improvements 
of the pathology of concern in several patients. Besides this, blockade of 
β-catenin/CBP reversed pulmonary fibrosis (Henderson et al., 2010), 
which is a central COVID-19 complication (Zou et al., 2021). A recent 
study confirmed overall higher β-catenin levels in SARS-CoV-2 infected 
patients and targeting reduced virus shedding in vitro (Chatterjee 
et al., 2022).

A limitation of our study is that the machine learning procedure 
bases on screening data of the four initial screens which were at hand 
when we developed the computational method. New screens have 
been, and certainly more will be  published as means to better 
understand the mechanisms of this wide spread and evolving virus. 
As a future outlook, we  would like to repeat the computational 
analysis and include new screens that have been published since the 
initiation of this project. We thereby might identify additional HDF 
that are relevant for the SARS-CoV-2 life cycle. We would like to 
emphasize that further investigations with 3D models of primary 
cells, e.g., human bronchial epithelial cells (HBEpC) and human nasal 
epithelial cells (HNEpC) are crucial to validate our observations. 3D 
models have the ability to replicate cellular behavior in vivo more 
effectively than immortalized or cancer cell lines. These cell models 
can also offer a more accurate representation of host-pathogen 
interactions in vitro compared to 2D systems, resulting in more 
precise data and a superior prediction of drug efficacy and toxicity.

In conclusion, the machine learning approach brought up 
interesting connections between viral replication and the 
reprogramming of host cells in the context of SARS-CoV-2 infection. 
It may also suit for host factor studies of other viruses and a comparison 
between different virus entities may lead to intriguing new aspects in 

virus biology. We observed a strong correlation between the inhibition 
of CPE, vRNA, and infectious virus production for the tested 
concentrations in two different cell lines, making PRI-724 a promising 
HDA against SARS-CoV-2 and SARS-CoV-1 in our models.
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The recent emergence of novel severe acute respiratory syndrome coronavirus 
2 (SARS-CoV-2) causing the coronavirus disease (COVID-19) has become a 
global public health crisis, and a crucial need exists for rapid identification and 
development of novel therapeutic interventions. In this study, a recurrent neural 
network (RNN) is trained and optimized to produce novel ligands that could 
serve as potential inhibitors to the SARS-CoV-2 viral protease: 3 chymotrypsin-
like protease (3CLpro). Structure-based virtual screening was performed through 
molecular docking, ADMET profiling, and predictions of various molecular 
properties were done to evaluate the toxicity and drug-likeness of the generated 
novel ligands. The properties of the generated ligands were also compared with 
current drugs under various phases of clinical trials to assess the efficacy of the 
novel ligands. Twenty novel ligands were selected that exhibited good drug-
likeness properties, with most ligands conforming to Lipinski’s rule of 5, high 
binding affinity (highest binding affinity: −9.4 kcal/mol), and promising ADMET 
profile. Additionally, the generated ligands complexed with 3CLpro were found 
to be  stable based on the results of molecular dynamics simulation studies 
conducted over a 100 ns period. Overall, the findings offer a promising avenue 
for the rapid identification and development of effective therapeutic interventions 
to treat COVID-19.
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1. Introduction

Coronavirus disease (COVID-19) caused by severe acute 
respiratory syndrome coronavirus 2 (SARS-CoV-2) has become a 
global public health crisis. Vaccines saved many lives despite 
numerous clinical trials for medicines against SAR-CoV-2 is under 
process (World Health Organization, 2020; Das et al., 2023). With 
nearly 765 million cases and 6.9 million deaths worldwide as of 3rd 
May 2023,1 there exists a vital need to identify or develop novel 
therapeutic interventions. Various studies have shown promising 
results in using repurposed drugs (reusing existing approved drugs for 
new medical indications) to inhibit the virus at different target sites 
(Elmezayen et al., 2020; Sarma et al., 2020). Among the target sites 
being considered, the 3-Chymotrypsin-like protease (3CLpro), is 
hypothesized to be a crucial target for the development of drugs (Khan 
et al., 2020; Tahir ul Qamar et al., 2020). 3CLpro is responsible for the 
cleavage of polyproteins to produce non-structural proteins essential 
for viral replication (Elmezayen et  al., 2020). Therefore, targeting 
3CLpro can inhibit the maturation and replication of the virus. 
3-Chymotrypsin-like protease (3CLpro) and papain-like protease 
(PLpro) are essential enzymes in the peptide chain processing reaction. 
They cleave the C-terminus of the polypeptide chain at 11 sites and 
the N-terminus of the polypeptide chain at three sites. The cleavage 
products include structural proteins and some important 
non-structural proteins, such as RNA-dependent RNA polymerase 
(RdRp) and helicase. With more cleavage sites, 3CLpro serves as an 
attractive non-structural protein for the development of drugs 
targeting SARS-CoV-2 (Li et  al., 2020). The structure details are 
attached as a separate Supplementary file.

This protease contains several highly conserved substrate-binding 
sites within the active site of the enzyme, making it an attractive target 
for developing a diverse range of inhibitors. It is also exciting that the 
structures of 3CLpro in SARS-CoV-2 and SARS-CoV differ by only 12 
amino acids with comparable ligand binding efficiency 
(Macchiagodena et al., 2020). The 3-D structure and other details of 
the protease are attached as a PDBfile (RCSB, 2022). Jin et al. (2020) 
utilized the SARS-CoV2-PPC (protease pharmacophore clusters) to 
identify six principal protease flexible confirmations and active sites. 
The diverse druggable environments of the PPCs were explained by 
the presence of different sets of PPC consensus anchors in various 
PPCs, which affirmed the functionality of the PPCs. When a 
compound is present in a PPC, its protease binding affinities improve 
with an increasing number of occupied anchors, leading to a greater 
number of interactions (Pathak et  al., 2021). The 3D crystalline 
structure of 3CLpro was submitted to Protein Data Bank (PDB) in 
January 2020 under the PDB ID: 6 LU7 (Jin et al., 2020), and it was 

1  https://covid19.who.int/

complexed with an N3 inhibitor. Thus, the active site of the N3 
inhibitor could be chosen as the site for designing ligands that can 
potentially inhibit the activity of the protease (Corbeil et al., 2012; 
Paital et al., 2022).

During this period of a global pandemic, the drug discovery and 
development process must be  accelerated, but one of the greatest 
impediments to this is the lead discovery process (Kadurin et al., 
2017). To combat this issue, in-silico methods such as deep learning 
have emerged as a promising alternative, offering the potential to not 
only reduce costs but also significantly compress the timeline (Paital 
et al., 2015; Jin et al., 2020). These models can learn to generate new 
data that closely resembles the training data by extracting high-level 
features from the data (Kadurin et al., 2017). Deep learning has been 
successfully applied to generate novel molecules (Prykhodko et al., 
2019) and has been reported to produce effective lead candidates in 
very little time (Gupta et al., 2017; Vanhaelen et al., 2017; Zhavoronkov 
et al., 2019).

In this study, a deep learning model based on a Recurrent Neural 
Network (RNN) was used to generate new ligands that could 
potentially act as inhibitors of 3CLpro. RNNs are highly effective in 
modeling sequential data with a temporal relationship, where each 
data point depends on the previous one. In this case, the RNN was 
trained on chemical molecules represented as SMILES strings. The 
model learns the relationship between each ASCII character and its 
temporal dependence in the input SMILES strings and predicts the 
ASCII character in the SMILES string based on the previous 
characters. A Long Short Term Memory (LSTM) network was 
specifically selected, as vanilla RNNs suffer from the vanishing 
gradient problem, where the gradient becomes smaller and smaller for 
large sequences of data (Menon, 2022).

Molecular docking was performed by virtual screening to identify 
the best hits against the viral protease. Evaluation of the molecular 
properties of the ligands and absorption, distribution, metabolism, 
excretion, and toxicity (ADMET) analysis were performed to study 
the biological activity and pharmacokinetic properties of the generated 
ligands. Additionally, molecular dynamic (MD) simulation was 
employed to investigate the stability and interaction of the ligand-
protease complex for a duration of 100 nanoseconds. Finally, the 
properties of the generated novel ligands were compared to drugs that 
are currently in clinical trials as a therapeutic intervention for 
COVID-19. This study evaluates the effectiveness and potential of the 
newly generated ligands in inhibiting the main viral protease (3CLpro) 
of SARS-CoV-2.

2. Materials and methods

2.1. Technical implementation

The RNN was implemented using Tensorflow (v2.02) and Keras 
(v2.33) in Python (v3.74) and RDkit5 was used for the processing of 
the molecules.

2  https://www.tensorflow.org

3  https://keras.io

4  https://www.python.org

5  https://www.rdkit.org

Abbreviations: 3CLpro, 3 Chymotrypsin-like protease; ADMET, Absorption, 

distribution, metabolism, excretion and toxicity; BSEP, Bile salt export pump; HBA, 

Hydrogen bond acceptors; HBD, Hydrogen bond donors; MW, Molecular weight; 

NRB, Number of rotatable bonds; OCT, Organic cation transporters; RNN, 

Recurrent neural network; SDF, Structure data file format; SMILES, Sequence of 

the molecule in the simplified molecular-input line-entry system; TPSA, Total 

polar surface area; hERG, Human ether-a-go-go.
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2.2. Recurrent neural network

To accelerate the synthesis of potential inhibitors against 3CLpro, a 
transfer learning approach was applied. Transfer learning is a machine 
learning technique where a pre-trained model is used as a starting 
point for training a new model with a similar task or domain. This 
allows the model to leverage the knowledge and experience gained 
from the pre-training to adapt to the new data and tasks more quickly 
and efficiently. In other words, transfer learning allows for faster and 
more accurate model development by building on top of previously 
learned representations.

Here, a publicly available model named LSTM_Chem (License: 
CC BY-NC-ND 4.0) was used (Gupta et al., 2017). The model consists 
of two LSTM layers with a 256-sized hidden state vector. It is 
regularized, having dropout layers. The two layers are followed by a 
final dense output layer with the softmax activation function. The 
model input is a bit array sequence of the molecule in the simplified 
molecular-input line-entry system (SMILES) format. This model was 
initially trained to produce novel TRPM8 inhibitors.

2.3. Dataset curation

For the LSTM_Chem model to generate potential inhibitors for 
3CLpro, it was necessary to retrain and optimize the model on a ligand 
dataset that exhibits a certain degree of activity against 3CLpro. The 
training process involved two stages with distinct datasets. The first 
stage-trained the model on a training dataset to learn the latent space 
features of chemical molecules. The second stage involved fine-tuning 
the model using a separate dataset to enable it to generate ligands that 
possess the chemical features of protease inhibitors for COVID-19.

The training dataset consists of a large volume of diverse ligands 
from which the RNN learns to produce valid ligands with high 
accuracy (Figure 1). The dataset was obtained from ChEMBL226 and 
contained 556,134 SMILES strings, which were processed to remove 
duplicates, salts, and stereochemical information, resulting in a 

6  https://www.ebi.ac.uk/chembl

collection of unique ligands. Furthermore, only SMILES strings that 
had lengths between 34 and 74 tokens were retained, leading to a final 
size of 439,217 SMILES strings. This methodology was chosen 
following the work done by Gupta et al. (2017). The SMILES string 
length was constrained as having very long strings would result in the 
vanishing gradient problem, and the network would not learn 
anything. Although LSTMs are good at tackling the vanishing 
gradient, they are not completely immune to it (Moret et al., 2019). 
Additionally, the LSTM_Chem model accepts a bit array sequence as 
input, which was obtained by converting the SMILES strings using the 
Morgan algorithm in RDKit Open-source cheminformatics; (Open-
Source Cheminformatics, see Footnote 5). The Morgan algorithm is a 
graph relaxation algorithm used for molecule canonicalization, which 
assigns a unique identifier to a molecule regardless of its 
representation. However, the Morgan algorithm has known issues that 
can result in noncanonical atom orderings and can be problematic 
when used with large molecules such as proteins. Therefore, restricting 
the length of the SMILES strings to fall within a range of 34–74 tokens 
limits the size of the molecules to small ligands and reduces the 
likelihood of encountering issues with the Morgan algorithm 
(Schneider et al., 2015; Moret et al., 2019; Schneider, 2019).

To create a dataset for fine-tuning the model, 845 drugs 
undergoing clinical trials and drugs that demonstrated activity in 
different biological assays for COVID-19 were collected from 
PubChem.7 This dataset included compounds that showed activity 
against not only 3CLpro but other drug targets of SAR-CoV-2 as well. 
In PubChem BioAssay, “PUBCHEM_ACTIVITY_OUTCOME” is a 
column that reports the outcome of a specific assay run for a given 
compound. It describes whether the tested compound showed activity 
(i.e., produced a measurable effect) against the target of interest or not. 
Only compounds that were termed “active” were selected. The ligand 
structures were retrieved in SDF format using compound IDs, via 
PUG_REST, an application program interface (API) for accessing 
PubChem (Kim et al., 2018), and SMILES strings were generated 
using the MolToSmiles function from RDKit. This dataset was 
preprocessed similarly to the training dataset, resulting in 639 ligands 

7  https://pubchem.ncbi.nlm.nih.gov/#query=covid-19&tab=bioassay

FIGURE 1

Model training and optimization.
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that were used for fine-tuning the model. However, unlike the training 
dataset, no restriction was set on the string length of the SMILES in 
the fine-tuning dataset.

2.4. Training and optimization

The model underwent training for 50 epochs on the training 
dataset, followed by 25 epochs of fine-tuning on the fine-tuning 
dataset. During fine-tuning, 1,000 SMILES strings were generated 
and evaluated for their validity. The validated ligands were then 
subjected to docking onto 3CLpro. The ligands that exhibited a 
binding affinity greater than that of the native ligands were 
incorporated back into the fine-tuning dataset. The fine-tuning 
dataset underwent preprocessing and shuffling, with this entire 
fine-tuning process being repeated for three cycles. This process 
of adding validated ligands with high-binding affinity back into 
the dataset and repeating the fine-tuning process is a way to 
iteratively improve the performance of the model and helps it 
identify the characteristics of ligands that contribute to their 
strong binding affinity with 3CLpro. A schematic overview of the 
model training and optimization process is provided in Figure 1.

2.5. Virtual screening

Virtual screening involves docking ligand libraries to a target 
macromolecule to discover a lead that would confer a biological 
function. The virtual screening was done using AutoDock Vina in 
PyRx (Dallakyan and Olson, 2014).

The generated ligands were converted from SMILES to SDF using 
openBabel-GUI (O’Boyle et al., 2011). To obtain the lowest free energy 
of the ligand, the Merck molecular force field (mmff94) parameter was 
used in PyRx. Finally, the ligands were converted to PDBQT format, 
preparing the ligand for molecular docking (Morris et al., 1998; Huey 
et al., 2007).

The 3D crystalline structure of SARS-CoV-2 main protease or 
3CLpro (PDB: 6 LU7) was obtained from PDB8; this served as the target 
for docking. The target was prepared by removing the native ligand 
present (N3 Inhibitor) and water molecules using Biovia Discovery 
Studio (Biovia, 2017).

The native ligand was docked onto the target molecule, and 
the binding affinity was found to be  −7.9 kcal/mol. The  
amino acid residues involved in binding with the native ligand 
were obtained using the 2D structure in Biovia Discovery Studio. 
The amino acid residues are Thr24, Thr26, Phe140, Asn142, 
Gly143, Cys145, His163, His164, Glu166, His172. The grid box 
was then positioned over the binding site (center: x = −10.606, 
y = 17.214, z = 64.716, total size: x = 24.074 Å, y = 24.134Å, 
z = 19.174Å).

Further post-docking analysis and visualization of the ligand-
target complex were carried out in Biovia Discovery Studio 
(Biovia, 2017).

8  https://www.rcsb.org/pdb/

2.6. Evaluation of molecular properties

To evaluate the molecular properties of the ligands, an online tool, 
Molinspiration9 was used by uploading the ligands in SMILES format. 
Molinspiration also provides bioactivity scores for drug targets such 
as Ion channel modulators, GPCR (G protein-coupled receptor) 
ligands, kinase inhibitors, nuclear receptor inhibitors, protease 
inhibitors, and enzyme inhibitors. The bioactivity score of 
Molinspiration is calculated by a machine learning-based model that 
predicts the probability of a molecule being active against a particular 
target. The model is trained on a large database of known active and 
inactive compounds and uses various molecular descriptors, such as 
physicochemical properties and substructure information, to make 
predictions. These bioactivity scores provide an additional metric for 
evaluating the drug-like properties of the ligands (Vardhan and Sahoo, 
2020). Another online tool Molsoft10 was used to evaluate the drug-
likeness score of the ligands (Prabhavathi et al., 2020).

2.7. Evaluation of ADMET profile

The absorption, distribution, metabolism, elimination, and 
toxicity (ADMET) are some of the important pharmacokinetic 
properties that must be evaluated. An online tool called admetSAR11 
was used to obtain the ADMET profile of the ligands (Yang et al., 
2018). Some of the properties calculated include ames mutagenesis, 
blood-brain barrier penetration, BSEP inhibition, Caco-2, 
Carcinogenicity, cytochrome p450 substrate and inhibitors, 
glucocorticoid receptor binding, hepatotoxicity, human ether-a-go-go 
(hERG) inhibition, p-glycoprotein inhibitors and substrate, human 
intestinal absorption, and human oral bioavailability.

2.8. Curating the reference dataset

To evaluate the capability of the generated ligands as potential 
anti-COVID drugs, a reference dataset comprising 20 drugs currently 
in clinical trials for COVID-19 treatment was obtained from 
PubChem. This included drugs such as Remdesivir, Ritonavir, 
Galidesivir, etc. (For full list of drugs—Appendix A). The properties 
of the generated ligands were compared to those of the reference drugs 
to assess their potential as anti-COVID agents. This comprehensive 
comparison of the ligands and clinical trial drugs facilitates the 
assessment of the ligand’s properties.

2.9. Molecular dynamics simulations

Molecular Dynamics simulation is a sophisticated computational 
tool for predicting and analyzing the dynamic behavior of molecules 
(Verdonk et al., 2003; Radinnurafiqah et al., 2016; Girdhar et al., 2019; 
Choubey et al., 2022; Mishra et al., 2022). The stabilities of six selected 
protein-ligand complexes were assessed using GROMACS 2021 

9  http://www.molinspiration.com

10  http://molsoft.com/mprop

11  http://lmmd.ecust.edu.cn/admetsar2/
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package through Molecular Dynamics (MD) simulations (Van Der 
Spoel et al., 2005). The complexes included SARS_COV2_MOL_1, 
SARS_COV2_MOL_3, SARS_COV2_MOL_9, SARS_COV2_
MOL_10, SARS_COV2_MOL_17, and SARS_COV2_MOL_20. The 
ligand topology parameter for CHARMM forcefield (Vanommeslaeghe 
et al., 2010) was created using the CGenFF server.12 A cubic box of 
TIP3P water models was used to solvate all the complexes. To 
maintain the periodic boundary conditions, the distance between the 
protein and the box edge was kept at 1 nm. The systems were 
neutralized by adding 0.15 M NaCl. Energy minimization was 
performed using the steepest descent method followed by the 
conjugate gradient method with maximum number of minimization 
50,000 per alogorithm. The Particle Mesh Ewald (PME) method was 
employed to calculate long-range interactions (Abraham and Gready, 
2011). The first phase of equilibration was carried out with an NVT 
ensemble, where the temperature was equilibrated using 50,000 
iterations of 2 fs each. In the second phase, the pressure was 
equilibrated at 300 K with an NPT ensemble using Parrinello-Rahman, 
a pressure coupling method. The temperature inside the system was 
regulated using V-rescale, a modified Berendsen thermostat. Finally, 
a production run of 100 ns was established to gain insights into the 
dynamic behavior of the complex.

2.10. Trajectory analysis

The obtained trajectories after the MD simulations were analyzed 
for calculations such as root mean square deviation (RMSD), root 
mean square fluctuation (RMSF), radius of gyration (Rg), solvent 
accessible surface area (SASA), and inter-molecular hydrogen bond 
using the in-built tools of the GROMACS package. To compute the 
RMSD in the protein backbone, the rms module of GROMACS was 
employed. RMSD of the ligands were also calculated using the same 
module, whereas the rmsf module was used to determine the RMSF 
in the atomic positions of the protein Cα backbone. In addition, 
modules like h-bond, gyrate, and SASA were used to calculate the 
number of hydrogen bonds, Rg, and SASA, respectively.

3. Results

A deep learning model called LSTM_Chem was trained, using 
transfer learning, to produce novel ligands that could inhibit 3CLpro, 
the main viral protease of SAR-CoV-2. The ligands’ ability to inhibit 
the protease is evaluated through molecular docking, ADMET 
analysis, and molecular dynamics simulation.

3.1. Selection of generated ligands

After the first stage of training on the training dataset, a final 
loss of 0.427 on the training set and 0.567 on the validation set 
(20% of data from the training dataset) was obtained. Additionally, 
the model had an accuracy of 82% in generating valid ligands, i.e., 

12  https://cgenff.umaryland.edu

out of every 100 ligands the model produces, 82 are 
valid molecules.

The model then underwent three cycles of fine-tuning on the fine-
tuning dataset, and after each cycle, the binding affinity of 30 
randomly selected ligands was evaluated. Figure  2 depicts the 
distribution of the binding affinities across the three cycles, indicating 
that the 3rd generation of molecules had a significantly better binding 
affinity to 3CLpro than the previous two generations (Mann Whitney 
U Test, p < 0.001). The average binding affinity for the 3rd generation 
was −8.406 ± 0.087 kcal/mol, and 26 (86.67%) of the ligands had a 
value higher than the binding affinity of the native Ligand 
(−7.9 kcal/mol).

After evaluating the binding affinity of 30 ligands generated by the 
model, the top 20 ligands were chosen for additional investigations. 
To confirm the novelty of these molecules, a search was conducted in 
the PubChem database, which did not yield any results for these 
ligands. Therefore, it can be inferred that the generated molecules are 
novel. The molecules were named SARS_COV2_MOL_1 - SARS_
COV2_MOL_20 as an identifier.

3.2. Comparative analysis

Various molecular and ADMET properties of the generated 
ligands and drugs in the reference dataset were calculated and 
contrasted to assess the efficacy of the generated ligand to serve as a 
potential inhibitor to the 3CLpro protease (Tables 1, 2).

3.2.1. Assessment based on Lipinski’s rule
Lipinski’s rule of 5 provides a set of criteria to estimate the 

solubility and permeability of a ligand. This has become a crucial 
criterion for assessing the oral bioavailability of any drug during the 
drug development process. The criterion for oral activity is based on 
the molecular properties of drugs such as molecular weight 
(MW ≤ 500), partition coefficient (logP ≤ 5), hydrogen bond donors 
(HBD ≤ 5), hydrogen bond acceptors (HBA ≤ 10), and the number of 

FIGURE 2

Binding affinity of generated ligands after 3 cycles of fine-tuning. 
Ligands generated after the 3rd cycle exhibit significantly better 
binding affinity to 3CLpro (Mann–Whitney U Test, ***≥ p < 0.001, 
****≥ p < 0.0001) than the previous generations.
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rotatable bonds (NRB ≤ 10) (Lipinski et  al., 1997). Table  1 and 
Figure 3 show the various molecular properties of generated and 
reference ligands plotted to assess their compliance with 
Lipinski’s Ro5.

According to Lipinski’s Rule, ligands having less than or equal to 
1 violation of Lipinski’s criteria can be  considered to have oral 
bioactivity. 16 (80%) of generated ligands exhibit 0 or 1 violation, and 
all ligands show less than or equal to 2 violations. 19 (95%) generated 
ligands have less than 5 H Donors, and 17 (85%) have less than 10 H 
Acceptors. Octanol-water partition coefficient or logP is used as a 
measure of molecular lipophilicity. Lipophilicity affects drug 
absorption, bioavailability, hydrophobic drug-receptor interactions, 
metabolism of molecules, as well as their toxicity. It is one of the key 
parameters that determine the drug-likeness of compounds 
(Amézqueta et al., 2020). 16 (80%) compounds among the generated 
ligands exhibit a LogP < 5.00.

For the oral bioavailability of compounds, the molecular weight 
of the compound should be ≤500 Da. 13 (65%) generated ligands and 
14 (70%) ligands in the reference dataset were found to have a 
molecular weight less than 500. The average molecular weight among 
the generated ligands was found to be 527.176 ± 29.552 Da. Refer to 
Table 1 for additional information.

3.2.2. Assessment based on bioactivity score
Molinspiration was used to obtain the bioactivity scores of 

the generated ligands and the reference drugs. Bioactivity here 
refers to a quantitative estimate of the compound’s potency and 
efficacy in inhibiting or activating various targets. Compounds 
with a bioactivity score of more than 0 are considered biologically 
active, while values between −0.50 and 0.00 are considered 
moderately active, and less than −0.50 are inactive (Khan et al., 
2017). Figure 4 represents the distribution of the bioactivity score 

for the generated and reference ligands. It can be referred from 
Table  2, that the generated ligands and reference drugs have 
comparable bioactivity scores. 14 (70%) generated ligands show 
a bioactivity score greater than 0 as a protease inhibitor. This 
suggests that the ligands share structural characteristics with 
other protease inhibitors, indicating a high likelihood of their 
potential as protease inhibitors.

3.2.3. Assessment based on docking
The generated ligands exhibit a strong binding affinity toward 

the target protease 3CLpro (6 LU7), as evidenced by molecular 
docking results presented in Figure  5 and Appendix A. These 
results indicate that the binding affinities of the generated ligands 
are higher than that of the N3 inhibitor in the 6 LU7 structure of 
3CLpro, which is −7.9 kcal/mol. On average, the generated ligands 
display a binding affinity of −8.515 ± 0.091 kcal/mol toward the 
target protease 3CLpro. The highest binding affinity among the 
generated ligand was −9.4 kcal/mol, and the lowest was 
−7.5 kcal/mol.

Among the reference drugs, Nafamostat had the highest binding 
affinity at −8.6 kcal/mol, while Fingolimod and Favipiravir had the 
lowest at −5.0 kcal/mol. The average binding affinity of the reference 
drugs was −6.81 ± 0.238, which is significantly lower than the binding 
affinity of the native ligand.

The generated ligands were further evaluated for their binding 
energy with two additional SARS-CoV-2 3CLpro structures, 7EN8, 
and 7JKV in the PDB database. The results showed that the 
binding affinities of the ligands to these structures were 
significantly better than the reference drugs (Mann Whitney U 
Test, p < 0.001) (Figure 6A). The average binding affinity of the 
generated ligands for all three structures was −8.928 ± 0.091 kcal/
mol (Figure 6B).

TABLE 1  Comparison of Lipinski’s parameters between generated and reference ligands.

Property
% compliance with 

Ro5 (generated 
ligands)

Mean ± SD
% compliance with 

Ro5 (reference 
drugs)

Mean ± SD % difference

MW ≤ 500 65 527.18 ± 29.55 70 434.44 ± 48.13 −5

HBD ≤ 5 95 3.0 ± 0.40 90 3.45 ± 0.42 5

HBA ≤ 10 85 8.55 ± 0.59 80 8.25 ± 0.81 5

NRB ≤ 10 60 10.8 ± 0.81 70 7.55 ± 1.13 −10

LogP ≤ 5 80 3.85 ± 0.41 85 2.61 ± 0.73 −5

TPSA ≤ 140 75 825.51 ± 709.55 60 120.01 ± 10.78 15

TABLE 2  Comparison of bioactivity scores between reference and generated ligands.

Mean reference 
ligands

Reference ligands 
score > - 0.5 (%)

Mean generated 
ligands

Generated ligands 
score > - 0.5 (%)

Enzyme inhibitor −0.15 ± 0.26 80 −0.35 ± 0.18 80

Ion channel modulator −0.52 ± 0.25 75 −0.62 ± 0.23 65

Kinase inhibitor −0.25 ± 0.21 50 −0.58 0 ± 0.20 65

GPCR ligand −0.22 ± 0.25 80 −0.12 ± 0.15 85

Nuclear receptor inhibitor −0.90 ± 0.26 45 −0.61 ± 0.21 65

Protease inhibitor −0.21 ± 0.21 80 0.05 ± 0.11 90
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3.2.4. Assessment based on ADMET properties
To evaluate the pharmacokinetic properties of the reference 

and generated ligands admetSAR was used. Figure 7 provides an 
overview of the various ADMET properties assessed. The 
generated ligands exhibit a good degree of human intestinal 
absorption (95%) compared to the reference ligands (66.67%). 
Although the generated ligands show low oral bioavailability 
(15%) and none permeate through Caco-2 monolayer, from 
Lipinski’s Ro5 and TPSA predicted earlier (Figure  3), it can 

be  inferred that the ligands will be  absorbed effectively 
after administration.

P-glycoprotein (P-gp) is an efflux transporter found in various 
organs and it plays a vital role in the distribution of drugs. 16 (80%) 
of the generated ligands of the present study were found to be acting 
as substrates for P-gp. Cytochrome P450 is known to be one of the 
most important drug-metabolizing families of enzymes. Out of the 
57 different CYP genes in the human body, it is established that 
only about a dozen gene products mediate most of the 

FIGURE 3

Comparative evaluation of structural properties between reference drugs and generated ligands based on Lipinski’s rule of 5. (A) Lipophilicity (miLogP), 
(B) number of H-Bond donors, (C) number of H-bond acceptors, (D) number of rotatable bonds, (E) total polar surface area is compared to the 
molecular weight (MW). (F) The total polar surface area (TPSA) vs. number of rotatable bonds. (A–F) The red box indicates the ligands that comply with 
Lipinski’s rule. (G) Distribution of molecular weight and the black line depicts the Lipinski’s criteria for MW < 500 Da. (H) Distribution of the number of 
violation to Lipinski’s rule. Having 1 or less violation of Lipinski’s criteria imply molecules with drug-like properties (depicted by the black line).
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biotransformation reactions against foreign substances. 100% of the 
generated ligands were substrates for CYP3A4, which is responsible 
for the metabolism of nearly 50% of all drugs in clinical use (Zanger 
and Schwab, 2013), and 35 and 10% of the ligands were also 
CYP2C9 and CYP2D6 substrates, respectively. One of the major 
drug excretion routes is the renal organic cation transporters 
(OCT) (Yin and Wang, 2016), and inhibitors of OCT are known to 
cause renal toxicity leading to excess drug accumulation. Only 10% 
of the generated ligands inhibit OCT1, and 15% inhibit OCT2.

Nearly 85% of ligands show some degree of hepatotoxicity; this 
could be due to the inhibition of the bile salt export pump (BSEP), as 
all the generated ligands inhibit BSEP (Kenna et al., 2018). However, 
most (>90%) of the generated ligands are non-carcinogenic and 
non-mutagenic for Ames mutagenesis.

FIGURE 4

Distribution of bioactivity scores from Molinspiration between generated Ligands and reference drugs. The green line represents a bioactivity score of 
0; ligands above this line are considered to be active, the red line represents a bioactivity score of −0.5, below which ligands are considered to 
be inactive; in the region between the red and green line, ligands are considered to be moderately active.

FIGURE 5

Distribution of binding affinities of generated and reference ligands 
to 3CLpro (Structure: 6 LU7). The red line represents the binding 
affinity of the native ligand (−7.9 kcal/mol).

FIGURE 6

(A) Evaluation of binding affinities for three 3CLpro PDB 
structures. The generated ligands show significantly better 
binding affinity than the reference drugs (Mann–Whitney U Test, 
***≥  p  < 0.001, ****≥  p  < 0.0001). (B) Distribution of binding 
affinity across all three 3CLpro. The mean binding affinity of 
generated ligands (−8.928 ± 0.091 kcal/mol) and reference drugs 
(−7.441 ± 0.164 kcal/mol) are depicted by red and green lines, 
respectively.
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3.3. Drug likeness score prediction

The drug-likeness score of the generated ligands predicted by 
MolSoft are shown in Figure 8A. The average drug-likeness score 
was found to be  0.663 ± 0.118, and the scores of the generated 
ligands were found to be in the range with FDA reference drugs used 
by MolSoft. Drugs that have drug–likeness scores greater than 0 are 
considered to have drug-like properties (Prabhavathi et al., 2020). 
In Figure 8B, ligands that fall in the green region have a binding 
affinity greater than −7.9 kcal/mol and have a drug-likeness score 
greater than 0. 16 (80%) ligands fall under the green region, 
indicating that these ligands have a good potential to be developed 
as lead molecules.

3.4. Post docking analysis

From the 20 generated ligands, 6 were selected to study their 
interactions with 3CLpro using Discovery Studio. Figures  9A–F, 
displays the interaction of the six ligands with the protease, and the 
amino acid residues interacting with the ligand have been annotated. 
Hydrogen bonds are an essential factor that determines the stability 
of the docked complex. Most of the ligands can be seen interacting 
with receptor residues Leu 141, Asn 142, Gly 143, and Ser 144 via a 
hydrogen bond. SARS_COV2_MOL_17 (Figure 9E) shows the highest 

binding affinity of −9.4 kcal/mol and a drug-likeness score of 0.29. The 
ligand showed hydrogen bond interaction with receptor residues at 
Leu 141, Gly 143, and Ser 144. However, there is an unfavorable 
donor-donor interaction at Cys 145. Unfavorable bonds greatly hinder 
the stability of the protein-ligand complex. SARS_COV_MOL_20 
(Figure 9F) has the highest drug-likeness score of 1.57 and a binding 
affinity of −8.3 kcal/mol. This ligand can be  seen interacting with 
hydrogen bonds at receptor residues Thr 26, Glu 166, and Gln 189. 
However, among the six ligands, SARS_COV2_MOL_1, 3, 9, and 10 
(Figures 9A–D respectively) have shown high binding affinity with a 
good drug-likeness score and less than 1 violation of Lipinski’s Rule. 
SARS_COV2_MOL_9 has shown a high drug-likeness score of 1.27 
and is also a good protease inhibitor (Protease inhibitor bioactivity 
score - 0.26 (refer Appendix-A)). It also exhibits a high number of 
hydrogen bond interactions at the receptor (Thr 24, Thr 26, Gly 143, 
Glu 166, and Gln 189) and interacts with a pi-pi stacked bond at His 
41 and pi-alkyl bond at Pro 168, and Met 49. In conclusion, the 
generated ligands are seen to be forming stable complexes with 3CLpro 
protease having high binding affinities.

3.5. MD simulations analysis

To further validate the structural stability of the generated ligands, 
MD simulations was performed on the docked complexes for 100 ns. 

FIGURE 7

Absorption, distribution, metabolism, excretion, toxicity (ADMET) properties of generated and reference ligands.
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The trajectories obtained after the simulations were analyzed to 
calculate RMSD, RMSF, hydrogen bonds, Rg, and SASA to assess the 
stability of the simulated systems.

3.6. Root-mean-square deviation

RMSD is commonly used to evaluate docked complex stability 
(Martínez, 2015; Sargsyan et al., 2017). It measures the difference 
between the initial position and the final conformation of the protein 
backbone. From Figure 10, the SARS_COV2_MOL_3 (red) complex 
showed the lowest average RMSD value, around 0.18 nm, among all 
six complexes. The average RMSD values of the other five complexes 
with SARS_COV2_MOL_1 (black), SARS_COV2_MOL_9 (green), 
SARS_COV2_MOL_10 (blue), SARS_COV2_MOL_17 (yellow), and 
SARS_COV2_MOL_20 (brown) was estimated to be ~0.2 nm same as 
that of the apoprotein. The RMSD values remained nearly constant 
over the 100 ns period, indicating that the protein-ligand complexes 
were structurally stable (Figure 9A). The low RMSD values suggest 
that the protein-ligand interactions were energetically favorable and 
contributed to the stability of the complexes. The SARS_COV2_
MOL_20 and SARS_COV2_MOL_1 complexes showed slight 
deviations of ~0.4 and ~0.38 nm around 50 and 66 ns, respectively. 
These fluctuations were further confirmed by observing local changes 
at the residue level using the RMSF plot.

The ligand RMSD ranged between 0.16–0.39 nm as shown in 
Figure 9B. SARS_COV2_MOL_17 had the least average RMSD which 

FIGURE 8

(A) Distribution of drug-likeness scores of generated ligands. The red 
line represents the average drug-likeness score. (B) Binding affinity 
vs. Drug-likeness score-generated ligands. The green region 
represents ligands showing good drug-likeness scores and having 
binding affinity greater than −7.9 kcal/mol.

FIGURE 9

Docked 3D and 2D interaction with 3CLpro (6 LU7, A–F).
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suggest the stability of the protein-ligand system when bound with 
SARS_COV2_MOL_17. Rests of the ligands also showed no sharp 
deviation and were stable throughout the period of simulation. It 
indicates the stability of the complexes. Alignment of the post-MD 
complexes with their respective initial-docking poses corroborate the 
low deviations observed, as illustrated in Figure 11.

3.7. Root-mean-square fluctuation

The fluctuations in the protein can be determined by calculating 
RMSF, which measures the flexibility of each residue over time. The 
stability of the protein-ligand complexes can be inferred from the 
RMSF scores, with higher values indicating less stability and more 
flexibility. The RMSF of Cα atoms was calculated for all complexes, 
and the resulting average values for the six ligands were between 0.103 
and 0.150 nm, as shown in Figure 12. The RMSF of the apoprotein was 
around 0.134 nm with no major fluctuation with respect to the 

protein-ligand complexes. However, the residues in the range of 46–50 
showed slight fluctuation of average 0.37 nm. These low RMSF values 
suggest that the protein-ligand complexes are relatively stable and 
exhibit a moderate degree of flexibility. The close proximity of the 
complexes with the apoprotein also indicates about the stability of the 
complexes. This indicates that the ligands can bind to the protein 
without causing significant changes in its conformation. So, the 
predicted system appears to be stable (Farmer et al., 2017).

3.8. Radius of gyration and solvent 
accessible surface area analysis

The compactness and stability of protein structures can 
be measured using the Rg, which represents the mass-weighted root 
mean square distance of the atomic distribution from their mutual 
center of mass. The Rg values depict the inclusive dimensions of the 
protein and protein-ligand complexes and reflect their appropriate 

FIGURE 10

RMSDs of the receptor (A) backbone atoms and ligands (B) during MD simulation.
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interactions. The protein-ligand complexes that displayed the least 
radius of gyration are considered to be more compact and stable. The 
Rg values of all the complexes were analyzed, and the solvent-
accessible surface area (SASA) was also computed for all the proteins 
for 100 ns. The SASA is an important measure to determine the area 
of the receptor exposed to the solvents during the simulation. As 
shown in Figure 13A, all the systems exhibited similar Rg values, 
ranging from 2.2 to 2.6 nm throughout the simulation, indicating their 
stability. The estimated SASA values also displayed a similar pattern, 
varying between 150.59 and 153.93 nm2, as depicted in Figure 13B, 
with the highest value observed for the SARS_COV2_MOL_3 

complex. These observations confirm the stability and compactness of 
all the protein-ligand complexes, as smaller deviations in average Rg 
and SASA values (Figure 13) Suggesting a stronger binding between 
the protein and ligand (Shaji, 2016).

3.9. Hydrogen bond analysis

The stability and molecular recognition process of a protein-
ligand complex is affected by the intermolecular hydrogen bonds 
(H-bonds) between interacting atom pairs. The number of H-bonds 

FIGURE 11

Superimposition of the post-MD complexes of (A) SARS_COV2_MOL_1, (B) SARS_COV2_MOL_3, (C) SARS_COV2_MOL_9, (D) SARS_COV2_MOL_10, 
(E) SARS_COV2_MOL_17, and (F) SARS_COV2_MOL_20, with initial docking pose of the respective complexes.

FIGURE 12

RMSF analysis of Cα during MD simulation.
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formed between the receptor protein and selected ligands was 
determined during the 100 ns MD simulations to ascertain the 
dynamic stability of each complex. The binding strength and 
specificity of the protein-ligand complex are determined by 
hydrogen bonds. Figure  14, represents the number of hydrogen 
bonds formed between the receptor protein and selected ligands 
throughout the MD simulation. The complex formed with SARS_
COV2_MOL_3 (red) showed a higher number of hydrogen bonds, 
while the rest of the complexes showed a stable number of hydrogen 
bonds throughout the 100 ns simulation (Figure 12). The results 
further suggest the stability of the studied 3CLpro inhibitors (Pereira 
et al., 2019; Zhu et al., 2022).

4. Discussion

Here, the properties of ligands produced by a deep neural network 
(RNN-LSTM) to inhibit 3CLpro were assessed and compared to drugs 
currently undergoing clinical trials as a potential treatment for COVID-
19. The findings demonstrate the RNN-LSTM’s ability to produce new 
ligands with strong binding affinities to 3CLpro, outperforming the native 
ligand and reference drugs in most cases. The selection of ligands was 
primarily based on their binding affinity to the target protease, which is a 
crucial parameter here. Similar methods for screening and selecting 
ligands were employed by Meng et al. (2011) and Hernández-Santoyo 
et  al. (2013). In-silico docking studies with drugs such as Ritonavir, 

FIGURE 13

(A) Radius of gyration and (B) solvent accessible surface area.

FIGURE 14

Hydrogen bond analysis of the docked complexes.
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Lopinavir, Remdesivir, and Benzophenone derivatives have suggested the 
potential of these drugs to inhibit viral proteases (Bhardwaj et al., 2020; Li 
et al., 2020; Li and Kang, 2020; Rujuta et al., 2020). Polymerase inhibitors 
such as Sofosbuvir, Remdesivir, Tenofovir, Ribavirin, and Galidesivir have 
also been identified as promising inhibitors based on their binding 
energies (Ju et al., 2020a,b). The binding energy of inhibitors, including 
nucleotide analogs, is a crucial parameter for assessing their potential to 
inhibit viral replication (Udofia et al., 2021).

Of the 20 ligands chosen, most exhibit physicochemical properties 
that satisfy Lipinski’s Rule of 5, but some deviate from it in terms of 
molecular weight. Nonetheless, a molecular weight of 500 Da alone is not 
a reliable predictor of oral bioavailability and drug-likeness. Studies have 
shown that compounds having ten or fewer rotatable bonds and a total 
polar surface area (TPSA) of less than 140 have a higher probability of oral 
bioavailability and drug-likeness (Veber et  al., 2002). And 10 of the 
generated ligands satisfy this criterion (Figure 3F). The drug-likeness 
potential was further reinforced by the results from Molinspiration and 
Molsoft. ADMET analysis revealed that the ligands have an acceptable 
ADME profile and showed very low toxicity. Leeson et al. (2021) discussed 
the ability of physicochemical descriptors commonly used to define “drug-
likeness” and ligand efficiency measures to differentiate marketed drugs 
from compounds reported to bind to their efficacious target or targets. The 
study found that recent drugs approved in 2010–2020 had no overall 
differences in molecular weight, lipophilicity, hydrogen bonding, or polar 
surface area from the marketed compounds. However, drugs differed by 
higher potency, ligand efficiency (LE), lipophilic ligand efficiency (LLE), 
and lower carboaromaticity (Leeson et al., 2021). The ligands generated by 
the model can be further improved by repeating the fine-tuning process 
using a dataset of generated ligands with these desirable properties.

Molecular dynamic simulation studies at 100 ns revealed that the 
generated ligands formed stable complexes with 3CLpro. The root-
mean-square deviation was 0.18 nm and ~0.2 nm, with a root-mean-
square fluctuation ranging from 0.103 to 0.150 nm, a solvent-accessible 
surface area between 150.59 and 153.93 nm2, a radius of gyration 
ranging from 2.2 to 2.6 nm, and a stable number of hydrogen bonds. 
The results suggest that these ligands form strong and stable complexes 
with 3CLpro. As docking and simulation studies using in silico tools are 
well accepted for various purposes (Paital et al., 2015; Shaji, 2016; 
Farmer et al., 2017; Mishra et al., 2019; Pereira et al., 2019; Bulut et al., 
2020; Sahoo et al., 2022; Zhu et al., 2022; Hou et al., 2023), the present 
study may be useful for targeting 3CLpro.

Overall, the generated ligands demonstrated comparable or even 
superior drug-like properties when compared to the drugs currently 
undergoing clinical trials, making them a promising candidate for 
further development in the treatment of COVID-19.

5. Conclusion

In the current study, a deep RNN was trained to produce novel 
ligands that could potentially inhibit the main viral protease of SARS-
CoV-2, 3CLpro (PDB: 6 LU7), and 20 novel ligands were identified. The 
study’s results unequivocally indicate that the novel ligands produced 
by the deep generative model have the potential to serve as effective 
anti-COVID drugs. Furthermore, the study adds to the growing body 
of evidence supporting the use of deep learning as a means of 
expediting drug discovery. However, further testing by in vitro and in 
vivo studies is necessary before considering them for human use.
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Mosquitoes are the primary vector for West Nile virus, a flavivirus. The virus’s 
ability to infiltrate and establish itself in increasing numbers of nations has 
made it a persistent threat to public health worldwide. Despite the widespread 
occurrence of this potentially fatal disease, no effective treatment options are 
currently on the market. As a result, there is an immediate need for the research 
and development of novel pharmaceuticals. To begin, molecular docking was 
performed on two possible West Nile virus target proteins using a panel of twelve 
natural chemicals, including Apigenin, Resveratrol, Hesperetin, Fungisterol, 
Lucidone, Ganoderic acid, Curcumin, Kaempferol, Cholic acid, Chlorogenic 
acid, Pinocembrin, and Sanguinarine. West Nile virus methyltransferase (PDB ID: 
2OY0) binding affinities varied from −7.4 to −8.3 kcal/mol, whereas West Nile virus 
envelope glycoprotein affinities ranged from −6.2 to −8.1 kcal/mol (PDB ID: 2I69). 
Second, substances with larger molecular weights are less likely to be unhappy 
with the Lipinski rule. Hence, additional research was carried out without regard 
to molecular weight. In addition, compounds 01, 02, 03, 05, 06, 07, 08, 09, 10 and 
11 are more soluble in water than compound 04 is. Besides, based on maximum 
binding affinity, best three compounds (Apigenin, Curcumin, and Ganoderic Acid) 
has been carried out molecular dynamic simulation (MDs) at 100 ns to determine 
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their stability. The MDs data is also reported that these mentioned molecules are 
highly stable. Finally, advanced principal component analysis (PCA), dynamics 
cross-correlation matrices (DCCM) analysis, binding free energy and dynamic 
cross correlation matrix (DCCM) theoretical study is also included to established 
mentioned phytochemical as a potential drug candidate. Research has indicated 
that the aforementioned natural substances may be an effective tool in the battle 
against the dangerous West Nile virus. This study aims to locate a bioactive natural 
component that might be used as a pharmaceutical.

KEYWORDS

West Nile virus, molecular docking, molecular dynamic simulation, PCA, drug-likeness, 
ADMET

1. Introduction

The infectious disease has the potential to cause a global 
pandemic and has been transmitted regularly throughout human 
history, such as plague, cholera, the flu, SARS-CoV, and MERS-CoV 
(Fahmi et al., 2021; Piret and Boivin, 2021). Besides, many infectious 
diseases may lead to pandemics, including Monkeypox, and Marburg 
virus (Farahat and Memish, 2022). These infections were introduced 
to humans due to increased interaction with animals due to activities 
such as breeding, hunting, and global commerce. Recently, another 
new viral disease has been affecting people all over the globe, whose 
name is the West Nile virus. In 1937, researchers discovered the West 
Nile virus for the first time on the African continent, specifically in 
the West Nile area of Uganda (Sule et al., 2018). Before 1997, the West 
Nile virus was not thought to be harmful to birds. However, in Israel 
around that time, a more dangerous strain of the virus was responsible 
for the deaths of many bird species with symptoms of encephalitis 
and paralysis. Since the beginning of the 1950s, several nations 
worldwide have reported cases of human infections caused by the 
West Nile virus (Hayes, 2001). Today, the West Nile virus is the most 
common infectious disease spread by mosquitoes on the American 
continent. It is transmitted from person to person, most often by the 
bite of an infected mosquito. The West Nile virus infection was 
reported in two persons in New York City on August 16, 2022, one in 
Brooklyn and another in Queens. According to an announcement 
made by the New York City Health Department, the virus was also 
identified in a “record number” of infected mosquitoes around the 
city. According to the declaration made by the health authority, there 
have been a minimum of 54 instances detected throughout the 
continent this year, along with four fatalities. The risk of contracting 
the West Nile virus is highest during the mosquito season, which 
begins in the summer and lasts into the autumn (New York 
Times, 2022).

The majority of people who have been diagnosed with the West 
Nile virus do not experience any symptoms of illness. Fever and other 
symptoms like headaches, body aches, joint pains, diarrhea, vomiting, 
or a rash arise in around one of every five infected patients. About 
one in every 150 infected persons may get a severe disease, which can 
often be deadly. Over the age of 60, people have the greatest chance 
of developing this life-threatening disease. Positive cases in New York 
City had a median age of 62. Those who already have preexisting 

health problems, such as cancer, diabetes, or hypertension, may be at 
a greater risk of developing severe further health issues. In extreme 
cases of West Nile virus, recovering might require several weeks or 
months, but impairment to the central nervous system can 
be incurable (New York Times, 2022).

The West Nile virus infection should be included in the differential 
diagnosis, and particular laboratory test findings should raise a high 
index of clinical suspicion. The IgM-capture enzyme-linked 
immunosorbent test is the most often applied diagnostic technique. 
This test has a sensitivity range of 95 to 100% in serum and spinal 
fluid. The IgM is usually detected in the serum and cerebrospinal fluid 
by the time the sickness manifests itself. When a person has 
encephalitis or meningitis, a high IgM of West Nile virus antibodies is 
undoubtedly indicative of infection; however, the IgM may last for 
many months to more than a year because humoral IgM antibodies 
do not penetrate the blood–brain barrier, an intrathecal West Nile 
virus-specific IgM strongly supports a central nervous system 
infection (Kemmerly, 2003).

The clinical care of West Nile virus diseases is considered 
supportive since neither vaccination nor any drug can be used to treat 
or prevent West Nile virus in humans. Patients experiencing severe 
meningeal symptoms typically require pain relief for their headaches, 
antiemetic treatment, and rehydration for the nausea and vomiting 
associated with their condition (CDC, n.d.).

Although, a huge number of people are affecting in recent time, 
but no authorized medication or potential vaccine is available still to 
fight the West Nile virus (Bergmann et al., 2022). Therefore, it is of the 
utmost importance issues to rapidly advance the research and 
development of potent anti-viral medications to combat this lethal 
pathogenic viral infection.

To development of a novel drug candidate, required more than 
10 years of times, huge amount of money and resources (Rahman 
et al., 2012). So, the primary goal of in silico research is to develop 
a drug design strategy to predict the inhibitory activity of a series 
of natural compounds against West Nile virus with the help of 
advanced in silico method such as molecular docking, molecular 
dynamics simulations, ADMET, principal component analysis 
(PCA), dynamics cross-correlation matrices (DCCM) analysis, 
binding free energy and dynamic cross correlation matrix (DCCM). 
The molecular docking studies was conducted to determine the 
binding affinity of the selected phytocompounds with the target 
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proteins of the West Nile virus and then based on maximum affinity, 
three most potential compounds were carried out to the molecular 
dynamics simulations and determine the stability and binding 
energies of the protein-ligand complexes. Ultimately the results of 
this investigation have the potential to contribute to the 
development of novel drugs for the treatment of West Nile 
virus infection.

2. Literature based evidence

2.1. Pharmacological activity of reported 
compounds in earlier studies and based on 
which compound are chosen

2.1.1. Apigenin pharmacological activity
Apigenin (APG) is a flavonoid found in high concentrations in 

many fruits, vegetables, and Chinese medicinal herbs. It has a wide 
range of physiological effects, including anti-inflammatory, 
antioxidant, antibacterial, anti-viral, and blood pressure-lowering 
properties (Yan et al., 2017). Apigenin has been shown to have anti-
cancer, anti-diabetic, and antioxidant effects. APG inhibits tumor cell 
growth and survival by triggering apoptosis, cell cycle arrest, and the 
creation of ROS. It also prevents metastasis and angiogenesis by 
changing various cellular signaling pathways (Zhou et al., 2022). APG 
suppresses Enterovirus-71 infection by interfering with 
RNA-transacting factor interactions (Zhang et al., 2014).

2.1.2. Resveratrol antiviral activity
Resveratrol is a natural chemical produced by certain plants 

(Campagna and Rivas, 2010). Resveratrol has anti-viral activity against 
human and animal viruses (Abba et al., 2015). Resveratrol has also 
inhibitory effects on various viruses (Zhao et al., 2017).

2.1.3. Hesperetin pharmacological activity
Hesperetin is a flavanone, and in its water-soluble glycoside form 

of hesperidin, it can be found in various citrus fruits. Hesperetin has 
shown anti-viral properties in vitro against a few RNA viruses (Zandi 
et al., 2011). Hesperidin also demonstrated anti-viral activity against 
the growth of the 17D strain of the yellow fever virus (Agrawal et al., 
2021). The bioflavonoid Hesperetin inhibits the intracellular 
reproduction of viruses (Oo et al., 2016).

2.1.4. Fungisterol anti-viral activity
Fungisterol, a compound found in mushrooms, has anti-viral 

properties (Zhu et al., 2021). Potential anti-viral effects of Fungisterol 
have been demonstrated against various pathogens, including the 
human immunodeficiency virus (HIV), influenza, herpes simplex 
virus (HSV), hepatitis B and C viruses, and others (Raut and 
Adhikari, 2021).

2.1.5. Lucidone pharmacological activity
Lucidone is a natural compound found in the fruiting body of 

the edible mushroom Ganoderma lucidum. It belongs to the class of 
organic compounds known as coumarins, which are fragrant and 
sweet-smelling organic compounds that are commonly found in 
plants (Boh et al., 2007). Recent research has been reported that the 

Lucidone might be  composed to have various pharmacological 
properties, including antioxidant, anti-inflammatory, antitumor, 
antiviral and neuroprotective activities. It also reported that the 
Lucidone suppresses dengue viral replication through the induction 
of heme oxygenase-1 and suppresses Hepatitis C Virus (Chen et al., 
2013, 2018).

2.1.6. Ganoderic acid anti-viral activity
Ganoderic acid (GA) has been shown to have anti-viral, 

antihypertensive, anti-cancer, and immune-modulatory effects (Zhu 
et al., 2021). Anti-viral effects of Ganoderic acid against Enterovirus 
71 (EV71) infection are observed without cytotoxicity (Zhang et al., 
2014). There is evidence that Ganoderic acid can inhibit viral 
replication and reduce the extent of liver damage (Li and Wang, 2006).

2.1.7. Curcumin pharmacological activity
It has also been demonstrated that Curcumin prevents the 

development of several viruses and cancerous cells. Curcumin can 
block the production of HSV-1’s immediate early genes and the 
action of the HIV-1 integrase, both of which are required for the 
virus’s replication (Zandi et al., 2010). Through mechanisms present 
in the infected cells, Curcumin can stop the production of viral genes 
and, consequently, viral replication (Kutluay et al., 2008).

2.1.8. Kaempferol pharmacological activity
Previous reports indicate flavanol Kaempferol and its glycosides 

have strong anti-viral properties (Khazdair et al., 2021). Kaempferol 
could prevent the spread of viruses in the brain, lungs, kidneys, heart, 
and spleen. According to research, the hepatitis B virus, the H1N1 and 
H9N2 influenza viruses, and the Herpes simplex virus are all 
susceptible to the effects of Kaempferol (Zhang et al., 2012; Rahman 
et al., 2022).

2.1.9. Cholic acid pharmacological activity
Since both Cholic acid and metal ions have pharmacological 

effects, such as antibacterial, anti-viral, antifungal, antimalarial, 
antitubercular, anti-cancer, spermicidal, and antiallergic, their 
organometallic complexes were created to have a synergistic 
effect (Kishu and Siva, 2011). It has been found that several cholic 
acid derivatives, including taurolithocholic acid, lithocholic acid 
3-sulfate, and taurolithocholic acid 3-sulfate, preferentially 
suppress type 1 human immunodeficiency virus replication 
(HIV-1) (Baba et  al., 1989). Cholic acid can be  prevented 
Coxsackievirus B3 recurrence and produce anti-viral activity 
(Han et al., 2018).

2.1.10. Chlorogenic acid pharmacological activity
Chlorogenic acid is a widely distributed natural chemical with 

numerous significant pharmacological actions, including 
antioxidant, anti-inflammatory, antibacterial, anti-viral, 
hypoglycemic, lipid-lowering, anti-cardiovascular, antimutagenic, 
anti-cancer, and immunomodulatory (Naveed et  al., 2018). 
Chlorogenic acid (CHA) treats viral upper respiratory tract 
infections brought on by influenza, parainfluenza, and respiratory 
syncytial viruses (Ding et  al., 2017). Besides, another in silico 
investigation has reported that Chlorogenic acid might be effective 
against SARS-CoV-2 (Aini et al., 2022).
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2.1.11. Pinocembrin pharmacological activity
Pinocembrin demonstrated potent antifungal action in a dose-

dependent manner against Penicillium italicum (Peng et al., 2012). 
Pinocembrin exhibits anti-viral activity against the reproduction of 
the Zika virus (Ghildiyal et al., 2020; Huang et al., 2022). Pinocembrin 
inhibits the Zika virus replication cycle’s post-entry process, and also, 
it also prevents the formation of viral envelope protein and RNA 
(Guang and Du, 2006).

2.1.12. Sanguinarine pharmacological activity
Sanguinarine is a plant alkaloid with considerable antiangiogenic, 

anti-cancer, and anti-viral potential but comparatively moderate 
toxicity (Feldman et  al., 2018). Sanguinarine promotes anti-viral 
activity by upregulating TLR expression and its downstream mediator 
in MDM (Tilgner and Shi, 2004). It demonstrated selectivity for 
MKP-1 over MKP-3, inhibiting cellular MKP-1 with an IC50 of 10 m 
(Guang and Du, 2006).

Below Figure  1 has shown the chemical structures of studied 
compounds and Table  1 displayed the pharmacological evidence 
more precisely.

2.2. Genome and physiological 
characteristics

The genus Flavivirus, of the family Flaviviridae, is host to the 
West Nile virus. Flavivirus virions are round and have a diameter of 
around 50 nm. The viral envelope and membrane proteins are 
encased in a lipid bilayer surrounding the nucleocapsid (roughly 
30 nm in diameter and composed of capsid protein and genomic 
RNA). The virion has a single, plus-sense RNA genome about 11 
kilobases in length and is divided into a 5′ untranslated region (UTR). 
The conserved dinucleotide AG follows the 5′ caps of the flavivirus 
genome, and the conserved dinucleotide CUOH finishes off the 3′ 
ends of the genome. The 5′ UTR and 3′ UTR of genomic RNA each 
have a length of about 100 and 500 to 700 nucleotides, respectively. 
Viral and cellular proteases co-translate and post-translate the 
encoded polyprotein into seven nonstructural proteins (NS1, NS2a, 
NS2b, NS3, NS4a, and NS5) and three structural proteins (capsid, 
pre-membrane or transmembrane, and envelope). The nonstructural 
proteins function primarily as replication complex components to 
ensure the successful replication of viral RNA. For RNA replication 

FIGURE 1

Chemical structures of studied compounds.
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to take place, NS1 must interact with NS4a. Hydrophobic NS2a was 
shown to have a role in flavivirus particle formation and release. With 
NS3, NS2b generated a complex essential for NS3’s serine protease 
activity. A serine protease, 5′-RNA triphosphatase, nucleoside 
triphosphatase, and RNA helicase are all functions of NS3, a 
multifunctional protein. Yet, the roles of NS4a and NS4b, two 
membrane-associated proteins, remain unknown. The NS5 protein 
is an RNA-dependent RNA polymerase and a methyltransferase that 
modifies the 5’ RNA cap structure. When a flavivirus replicates, a 
replication complex is assembled on the 3′ UTR of the genomic RNA 
during the process of co-translation. When the positive-sense RNA 
is copied, the resulting negative-sense RNA is still base-paired with 
the original replicative form (RF). After that, the RF is reused as a 
starting point for the asymmetric production of more positive-sense 
RNA (Figure 2) (Tilgner and Shi, 2004).

2.3. Transmission and clinical manifestation

The West Nile virus infection is a mosquito-borne disease that 
may infect people, birds, and animals. According to the CDC, the 
primary host for the virus is birds, and mosquitoes acquire the virus 
by biting affected birds. Health experts have announced that it 
cannot be transmitted from direct contact from person to person 
(West Nile Virus Found in Another NY County, Bringing Case 
Total to 5, n.d.). Figure 3 displays the transmission routes of the 
West Nile virus.

3. Computational method and 
material

3.1. Preparation of ligand and geometry 
optimization

By utilizing vibrational frequency from the DMol3 code of 
Material Studio 08, a method known as DFT functional was used to 

accomplish molecular optimization (Yuan et al., 2016; Kumer et al., 
2021). The molecular optimization was performed to produce 
exceptionally accurate results during molecular docking. After 
optimizing, chemical compounds were generated as a pdb file for 
molecular docking, drug-likeness, and ADMET (Figure 4).

3.2. Determination of ADMET, Lipinski rule, 
and drug-likeness

To assess their drug likeliness, we  examine the ADMET 
(Absorption, Distribution, Metabolism, Excretion, Toxicity) 
pharmacological characteristics of chosen compounds (Wijaya 
et al., 2021). With the aid of ADMET, we may predict if a molecule 
will be successfully implemented while designing new drugs based 
on their pharmacokinetics qualities. The pkCSM web server and 
Swiss-ADME were employed for this (AI Azzam, 2023). The 
Lipinski rule violation, GI (gastrointestinal) absorption, BBB 
penetration, and solubility are some of the pharmacological issues 

TABLE 1  Experimental and clinical data on the anti-viral activities of natural compounds against viral strains have been reported in different research 
investigations.

Drug name Anti-viral activity References

Apigenin Apigenin suppresses enterovirus-71 infection by interfering with RNA-transacting factor interactions Zhang et al. (2014)

Resveratrol Resveratrol effectively reduced the cytopathogenic the action of AD virus type 7 Guan et al. (2008)

Hesperetin Hesperetin inhibits the intracellular reproduction of viruses Oo et al. (2016)

Fungisterol Fungisterol’s anti-viral properties related to the polysaccharides present in the mycelium and fruiting bodies Raut and Adhikari (2021)

Lucidone Lucidone inhibits DENV protein production Senthil Kumar and Wang (2016)

Ganoderic acid Ganoderic acid are effective against human immunodeficiency virus type 1 (HIV-1) Lindequist et al. (2005)

Curcumin Curcumin prevented colon cancer cell lines (HT-29 and HCT-15) from proliferating by gathering cells in the 

G2-M phase

Syng-Ai et al. (2004)

Kaempferol The 3a channel can be blocked by kaempferol and kaempferol glycosides, providing anti-viral action. Schwarz et al. (2014)

Cholic acid Cholic acid suppresses type 1 human immunodeficiency virus replication (HIV-1) Baba et al. (1989)

Chlorogenic acid Chlorogenic acid in reducing the HBV DNA relapse Zuo et al. (2015)

Pinocembrin Pinocembrin prevents the formation of viral envelope protein and RNA Guang and Du (2006)

Sanguinarine Sanguinarine promotes an anti-viral activity by upregulating TLR expression and its downstream mediator in MDM Sunthamala et al. (2020)

FIGURE 2

Structure of West Nile Virus.
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discussed by the Swiss-ADME online-based web server.1 
We  research our compound’s excretion and toxicity using the 
pkCSM web server (Daina et al., 2017; Wijaya et al., 2021).2 Drug 
likeness is one of a drug compound’s sensory attributes that is 
frequently used in the drug discovery process. When Lipinski and 
colleagues released the rule of 5 (Ro5) in 1997, it was based on 
research of 2,245 drug qualities from the World Drug Index (WDI) 
databank that had been accepted for phase 2 clinical trials (Sadowski 
and Kubinyi, 1998; Akash, 2022). This was the first time that 
pharmacokinetic properties had been approached academically. 
Molecular weight, the amount of hydrogen bond donors and 
acceptors, topological polar surface area, consensus log Po/w, and 
drug similarity features such as lipinski rule violation and synthesis 
accessibility is all examined in this section.

3.3. Protein preparation, molecular docking 
analysis

The crystal structure of several west Nile virus strains was 
retrieved from the Protein Data Bank (PDB) of the RCSB Protein 
online portal (Burley et al., 2017). Protein purification was carried 
out carefully by removing ligands and water using Pymol v2.4.1 
software3 (Padmi et al., 2022) (illustrated in Figure 5). The crystal 

1  http://www.swissadme.ch/index.php

2  https://biosig.lab.uq.edu.au/pkcsm/prediction

3  https://pymol.org/2/

structure of the cleaned protein file is fed into AutoDock tools after 
the extra water and ligand have been removed, and the instructions 
are followed to create the pdbqt file format (Yuan et al., 2017; Kumer 
et al., 2022).

The development of the binding affinity of molecular complex 
may be predicted via the use of a computer approach known as “in 
silico molecular docking” (Agarwal and Mehrotra, 2016). In current 
studies, the PyRx AutoDock vina tool is applied for molecular 
docking. Before, performing docking, previously prepared drug, and 
protein were uploaded in PyRx application, and converted them as 
autodocking protein, and autodocking protein. Finally, specified grid 
parameter were selected, and perform the molecular docking studies 
(Yuliana et al., 2013).

3.4. Molecular dynamic simulations (MDs) 
methods

MD modeling is used to study the movement of molecules and 
atoms in dynamic systems, like protein-ligand complexes, in order to 
understand important physicochemical phenomena. MD simulations 
were run using receptor-ligand complexes acquired via molecular 
docking research to verify the binding mechanism and stability in a 
dynamic system. For this purpose, three best-docked compounds 
were subjected to 100 ns MD simulations: apigenin and curcumin 
against the West Nile virus methyltransferase with PDB ID 2OY0 as 
the target receptor, and Ganoderic acid against the West Nile virus 
envelope glycoprotein (PDB ID 2I69) target receptor. The simulation 
system was set up using the CHARMM-GUI web-based graphical 

FIGURE 3

The West Nile virus transmission from animals to humans. When an infected mosquito bites an animal or a person (the “host”), the virus is introduced 
into the host’s circulation and has the potential to severely sick the host. The virus enters the circulation of the mosquito when an infected bird bites it 
and ultimately travels to its salivary glands.
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interface and produced the force field for both the ligands and the 
proteins (Wang et al., 2019). In the simulations that were carried out 
for 100 ns inside a periodic water box, the CHARMM36 force field 
and the Gromacs version 2020 software package were both utilized 
(Akash et al., 2022; Terefe and Ghosh, 2022). The complexes were 
positioned within a rectangular box that had a buffer distance of 10 in 
each of the cardinal directions. The box was subsequently dissolved 
in water molecules containing TIP3P. To keep the systems neutral, 
sodium and chloride ions were introduced, and then the energy was 
minimized using the steepest descent approach. Equilibration was 
performed on each of the complete systems at a temperature of 310 K 
for a total of 5,000 steps (i.e., 10 PS). The NPT ensemble’s performance 
lasted 100 s. The Lincs technique was used to place constraints on 
hydrogen, and as a result, the timestep was set at 2 fs. All van der 
Waals forces were calculated using a switching method between 12 
and 14, and 14 was found to be the cutoff value. The particle mesh 

Ewald (PME) method with a maximum grid spacing of 1.2 was used 
to figure out the long-range electrostatic interactions. No multiple-
time-stepping strategy was used; instead, PME computations were 
performed at each step. At a temperature of 310 kelvin, the initial 
velocities were chosen at random from a Maxwellian distribution. 
The temperature was maintained at 310 K. The barostat was 
programmed to have a target of 1 bar for any system size changes that 
occurred. The integration time step was 2 fs. After then, the 
simulation’s output was re-centered, and the trajectories were 
subsequently assessed using the VMD (University of Illinois at 
Urbana-Champaign, Urbana, IL, USA) program, Bio3D, and 
QTGRACE, respectively. In the investigation of the system’s stability, 
the root means square deviation (RMSD), the root means square 
fluctuation (RMSF), the radius of gyration (Rg), the number of 
hydrogen bonds, and the principal component analysis were taken 
into consideration (Walters, 2012).

FIGURE 4

Optimized structure of reported natural compounds.
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3.5. Binding free energy calculation using 
MM-PBSA

In the molecular dynamics simulation, free energy calculation 
takes a major role in determining the binding energy of ligands 
inside proteins (Zikri et  al., 2020). In this investigation, the 
MM-PBSA method was used to calculate the free interaction 
energy between ligands and West Nile virus methyltransferase 
(PDB ID 2OY0) and West Nile virus envelope glycoprotein (PDB 
ID 2I69). Calculations using MM-PBSA were performed to 
determine the binding affinity of protein-ligand complexes. 
Binding free energy (ΔG) estimation was done by eq. (3) using 
the script MMPBSA.py of the AMBER package (Wang 
et al., 2019).

	 ∆Gbind G complex G protein G ligand= − − −[ ]	 (1)

G-complex is the free energy of the complex; G-receptor is the 
free energy of the receptor; G-ligand is the free energy of the ligand 
(Terefe and Ghosh, 2022).

4. Result and analysis

4.1. Lipinski rule, pharmacokinetics

The Lipinski rule and drug resemblance give important 
details about the initial stages of medication development and 
raise the probability of success. According to the Lipinski rule of 
five, the drug’s permeability and bioavailability depend on the 
molecular weight, the number of hydrogen bond donors and 
acceptors, and Topological polar surface area (Å2). The six-ligand 
compound can successfully pass the Lipinski rule of five without 
any violations (Walters, 2012; Akash et al., 2022). However, the 
other six ligand compound cannot satisfy by Lipinski rule. 

Besides, low-molecular-weight ligand compounds are more 
readily absorbed, dispersed, and transported than those with 
greater molecular weights (Santos et al., 2016). The polarity of a 
ligand compound can be determined by a molecule’s topological 
polar surface area (TPSA), which is a significant pharmacokinetics 
feature. These values help describe the drug transport 
characteristics. All polar atoms, primarily oxygen and nitrogen 
with connected hydrogen, make up the polar surface area of 
molecules. All our ligands showed very promising 
pharmacokinetics properties shown in the Table 2.

4.2. Molecular docking analysis against 
West Nile virus

One of the core technologies in computer-aided drug design is 
molecular docking, which allows for the analysis of protein-ligand 
complexes’ non-bond interactions and energy bindings. Several 
natural compound derivatives were studied to attach molecularly 
with the target receptor protein of the West Nile virus. Molecular 
docking has been used to obtain specific information on protein-
ligand complexes’ interaction and binding affinity. The compounds 
were evaluated by utilizing the interaction with the maximum 
binding affinity scores. The use of computer-based docking studies 
in drug design is essential because it enables examination of the 
ligand configuration with the receptor protein’s active site and 
investigation of non-bond interaction. Typically, it was believed that 
a pharmaceutical drug’s effective binding affinity was −6.00 kcal/
mol is expected (Kawsar et al., 2022; Rahman et al., 2022). The most 
incredible binding energy for the West Nile virus methyltransferase 
with (PDB ID: 2OY0) target receptor is −8.3 kcal/mole, whereas the 
maximum binding energy for the West Nile virus envelope 
glycoprotein with (PDB ID: 2I69) target receptor is −8.1 kcal/mol, 
as observed in molecules 04 and 20 of our medication (Table 3). 
That suggests our pharmacological compound is working more 
effectively against these two targets. As a result, our therapeutic 

FIGURE 5

Details information about studied proteins. (A) West Nile virus methyltransferase (PDB ID 2OY0). Organism: West Nile virus. Method: X-ray diffraction. 
Resolution: 2.80 (Zhou et al., 2007). (B) West Nile virus envelope glycoprotein (PDB ID 2I69). Organism: West Nile virus. Method: X-ray diffraction. 
Resolution: 3.11 (Kanai et al., 2006).
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molecule may be  particularly successful in treating West Nile 
virus infection.

4.3. Protein-ligand interaction valuation

Docking studies of West Nile virus methyltransferase (PDB ID 
2OY0) have revealed that drugs like Apigenin, and Curcumin, had 
the greatest binding score. On the other hand, compounds such as 
Ganoderic acid, and Cholic acid have been found to dock with the 

West Nile virus envelope glycoprotein (PDB ID: 2I69) with the 
highest binding score. So, the protein-ligand interaction valuation 
of these mentioned compounds was carried out by BIOVIA 
Discovery Studio 2016 v16.1.0 and Pymol v2.4.1 software (Wahyuni 
et al., 2022). Curcumin’s binding sites are located at LYS-A:105 and 
ILE-A:147 on West Nile virus methyltransferase (PDB ID 2OY0), 
Apigenin binding site are found at VAL-A:132, ASP-A:131, 
PHE-A:133, LYS-A:105, ASP-A:146, TRP-A:87, GLY-A:58, ASP-A: 
79. On the other hand, Ganoderic acid binding sites are located at 
PRO-A:339, VAL-A:304, LYS-A:337, ARG-A:338, VAL-A:385, 
VAL-A:343, ASA-A:347. Cholic acid binding sites are located at 
LE-A:340, VAL-A:358, VAL-A:304, LYS-A:337, SER-A:341, and 
PRO-A:339. Sanguinarine binding sites are located at ALA-A:161, 
PRO-A:146, SER-A:363, VAL-A:364, ALA-A:369, LYS-A:370, and 
THR-A:148. This active side was predicted by discovery studio 2021 
(Kumer et al., 2022).

Besides, Un-ionized medications are administration into the body 
more effectively than their ionized counterparts, which are also known 
as charged drugs. A drug that is a weak acid will be  absorbed 
predominantly in the acidic medium if it is administered orally; on the 
other hand, a drug that is a weak base will be captured in the alkaline 
system of the small intestines if it is administered orally (Song et al., 
2004; Kumar et al., 2013). In (6C, as depicted in Figure 6) ionizability 
is displayed. The red color represented basicity, and sky-blue 
represented acidic condition while the deep blue color means neutral 
condition. According to the study, it is seen that most of the drugs are 
slightly basic in nature, which means they may better absorption rate 
in basic medium.

4.4. MD simulation results

The molecular dynamics simulation was launched to comprehend 
the stability of the complex in depth. This approach is essential for 
understanding the structure–function relationship of 
macromolecules. In this study, Apigenin, Curcumin, and Ganoderic 
Acid were determined to be the best leaders among all the natural 

TABLE 2  Predicted data of Lipinski rule, pharmacokinetics.

No. Weight  
(g/mol)

Hydrogen bond 
acceptor

Hydrogen bond 
donor

Topological polar 
surface area (Å2)

Lipinski rule

Result Violations

01 270.24 05 03 90.90 Yes 00

02 228.24 03 03 60.69 No 01

03 302.28 06 03 96.22 Yes 00

04 400.68 01 01 20.23 No 02

05 70.18 04 01 63.60 Yes 00

06 368.38 06 02 93.06 No 02

07 368.38 06 02 93.06 No 02

08 286.24 06 04 111.13 Yes 00

09 408.57 05 04 97.99 No 01

10 354.31 09 06 164.75 Yes 01

11 256.25 04 02 66.76 Yes 00

12 332.33 04 00 40.80 No 01

TABLE 3  Summary of binding affinities.

No. Name West Nile virus 
methyltransferase 

(PDB ID 2OY0)

West Nile 
virus 

envelope 
glycoprotein 
(PDB ID 2I69)

Binding Affinity 
(kcal/mol)

Binding 
Affinity 

(kcal/mol)

01 Apigenin −8.5 −7.5

02 Resveratrol −7.7 −7.2

03 Hesperetin −8.0 −7.1

04 Fungisterol −7.4 −7.0

05 Lucidone −7.8 −7.4

06 Ganoderic acid −7.6 −8.0

07 Curcumin −8.3 −7.3

08 Kaempferol −8.1 −6.8

09 Cholic acid −7.9 −7.6

10 Chlorogenic 

acid

−8.0 −7.1

11 Pinocembrin −7.5 −6.5

12 Sanguinarine −7.2 −6.7
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FIGURE 6

Docking pocket, active side (Amino acid residues), and ionizability.
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compounds evaluated due to their consistent performance in terms 
of docking score and protein-ligand interactions. To validate this 
further, the docked complexes of selected compounds, i.e., apigenin 
and curcumin with West Nile virus methyltransferase (PDB ID 
2OY0) and Ganoderic acid with West Nile virus envelope 
glycoprotein (PDB ID 2I69), were studied for the complexes’ stability 
and intermolecular interaction with respect to time by 100 ns 
molecular dynamics (MD) simulation. When simulations were 
completed, the root mean square deviation (RMSD), root mean 
square fluctuation (RMSF), the radius of gyration (Rg), H-bond 
analysis, and principal component analysis (PCA) were determined 
for each frame of the trajectory.

4.4.1. Study of stability using root mean square 
deviation

RMSD refers to the occurrence of deviations that were noticed 
during the evolution of the simulation (Peng et al., 2012; Ghildiyal 
et al., 2020; Huang et al., 2022). Furthermore, the RMSD defines the 
stability of the structural as the smaller the RMSD, the greater the 
stability (Huang et  al., 2022). RMSD calculations for protein 
backbones, ligands, and complexes during a100 ns MD simulation of 
each protein-ligand complex were used to get an insight into 
conformational changes during protein-ligand interactions, as shown 
in Figure 7.

Derived from a 100 ns MD simulation, the RMSD of the ligand, 
protein backbone, and complex RMSD values for apigenin, curcumin, 
and Ganoderic acid are displayed. The RMSD of the protein backbone 
is displayed in red. The complex RMSD (root-mean-square deviation) 
is depicted in black. The RMSD (root mean square deviation) of the 
ligand is depicted in green.

Figures 7A,B illustrate that the West Nile virus methyltransferase 
protein with apigenin ligand has a lower RMSD value compared to 
the West Nile virus methyltransferase protein with curcumin 
ligand. In Figures 7A,B, Ligand’s average RMSD is 0.6785 Å and 
2.066 Å, respectively. Although the apigenin ligand bound the West 
Nile virus methyltransferase protein, the low RMSD value showed 
large fluctuations throughout the simulation. In the case of the 
ligand curcumin, the fluctuation was just observed during the first 
10 ns of trajectory. Furthermore, the ligand RMSD stabilized again 
after 10 ns and remained consistent till the end of the simulation 
time of 100 ns. This indicates that the curcumin ligand contacts 
remained intact during the simulation. According to Figure 7C, the 
Ganoderic acid ligand-bound West Nile virus envelope glycoprotein 
showed a stable RMSD value during the simulation time. The 
trajectories were analyzed with the VMD program, and the results 
showed that the ligands curcumin and Ganoderic acid did not jump 
out of the domain of the protein, indicating that they were located 
within the binding site. This was discovered when we found that 
neither of the ligands jumped out of the domain. According to the 
results of the root-mean-square-difference (RMSD) analysis of the 
ligands, neither the binding orientation of the curcumin nor the 
Ganoderic acid ligands changed during the simulation. Apigenin 
and Ganoderic acid have maintained the same conformational 
orientation throughout their whole structures and have not deviated 
from them. This suggests that, in the case of the West Nile virus 
methyltransferase protein-bound Apigenin-ligand, numerous 
binding orientations were observed and that this ligand shifted 
positions throughout MD simulations and departed the binding 

pocket. The docking position was deemed unacceptable for the 
candidate with a complex structure. During the 100 ns simulation, 
the RMSD analysis of backbone atoms for the two proteins, West 
Nile virus methyltransferase and West Nile virus envelope 
glycoprotein, revealed different conformational states in terms of 
the protein’s backbone. Indeed, curcumin and Ganoderic acid tend 
to reach a constant equilibrium, but the RMSD of the apigenin 
backbone was considerably high. The backbone of Apigenin 
remained distinct throughout the simulation, resulting in a 
maximum RMSD of 4.5 Å. This difference in the deviation range 
explains the change in stability of West Nile virus methyltransferase, 
which represents the effect of the substituted amino acid on the 
structure of the protein. The RMSD plots of Apigenin and 

FIGURE 7

RMSD plots after 100 ns run. (A) Apigenin against West Nile virus 
methyltransferase (PDB ID 2OY0). (B) Curcumin against West Nile 
virus methyltransferase (PDB ID 2OY0). (C) Ganoderic acid against 
West Nile virus envelope glycoprotein (PDB ID 2169).
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Curcumin’s backbones have average values of 2.91 and 1.76, 
respectively. The first 30 ns of the simulation of curcumin showed 
instability of the protein, but from 30 to 60 ns of simulation, the 
protein was stable. The first stable conformation of the Ganoderic 
acid backbone occurs between 20 and 40 nanoseconds, while the 
second conformation occurs between 60 and 100 nanoseconds. The 
RMSD remains constant at 1.7 Å, and between 20 ns and 40 ns, 
RMSD >5 Å is observed to fluctuate significantly. Among the three 
trajectories, the apigenin backbone protein exhibited the greatest 
variation and the highest RMSD value. As opposed to Apigenin and 
Curcumin, the Ganoderic acid protein backbone exhibited less 
divergent patterns. In addition, according to Figure 7, the average 
RMSD values for the three complexes were 3.50 Å, 3.97 Å, and 
5.50 Å, respectively. As determined by RMSDs, the protein-ligand 
complex in Figure 7A exhibited a rising fluctuation, whereas in 
Figure 7B, the complex is equilibrated between 50 and 75 ns. Also, 
as can be  seen in the complicated Figure  7C, the trajectory is 
initially in equilibrium for 5 ns, then has a big increase to 16 at 
20 ns, and finally experiences a substantial reduction to 5.3 at 
roughly 23 ns. From then on, the complex exhibits a wide range of 
fluctuations, from nearly stable to extremely unstable, until it 
reaches 70 ns. In the last 30 ns, the complex has shown persistent, 
minute fluctuations. As a result, the West Nile virus 
methyltransferase complex protein-bound apigenin exhibited the 
lowest RMSD value compared to the curcumin compound and 
Ganoderic acid compound complexes; however, this did not prove 
its greater stability and fewer conformational changes compared to 
other complexes. At the conclusion of the simulation, the ligand 
appeared highly unstable when complexed with apigenin. The 
apigenin ligand exhibited substantial variations, indicating the 
general instability of the complex.

4.4.2. Root mean square fluctuations
RMSF measures the amount by which atomic locations have 

deviated from their initial positions and illustrates the dynamic 
nature of the protein-ligand interaction. In other words, RMSF 
exemplifies how dynamic the interaction between the protein and 
the ligand is. As a result, the RMSF data of the protein backbone 
and complexes were plotted to visualize the average fluctuation of 
all the amino acid residues, as depicted in Figure 8 for a 100 ns 
MD trajectory. Furthermore, the RMSF value can be used to assess 
the significance of individual protein residues in preserving the 
native shape of a protein-ligand complex. A high RMSF number 
indicates greater flexibility, while a low RMSF value indicates a 
more stable zone. Hence, a higher number of RMSF residues or 
groups suggests a higher degree of flexibility, which in turn 
suggests a higher probability of interaction with ligand molecules. 
Moreover, reduced RMSF fluctuations are associated with lesser 
flexibility, resulting in diminished interaction potential. Figure 8A 
depicts the RMSF analysis for the ligand apigenin. None of the 
nine residues with a high RMSF value (RMSF value >3) were 
outside of protein binding sites. In addition, fluctuations of 
substantial peaks in the RMSF graph were found at LYS45, GLU46, 
GLY47, ASN48, VAL49, THR50, GLY51, GLY52, and HSD53, 
which are shown in blue on the protein. Intriguingly, these 
residues are not part of the binding pocket, and it is hypothesized 
that they have no significant effect on the ligand-binding process. 
The curcumin ligand has four different residues that have high 

RMSF, but none of them are in the protein binding sites. The 
Ganoderic acid ligand has not exhibited significant fluctuations 
with low RMSF values, none of which are in protein-binding sites. 
As demonstrated in Figure 8A, the RMSF values of the apigenin 
ligand complex are greater than those of the curcumin structure. 
The high RMSF values of apigenin indicated a greater degree of 
flexibility and instability in the protein, whereas the low RMSF 
values of the curcumin and Ganoderic acid complexes indicated 
restricted movement of the residues and a rigid structure in the 
presence of the ligands for West Nile virus methyltransferase. 
According to the information presented above, the findings of 
curcumin and Ganoderic acid have demonstrated that, in general, 
the protein was stable and did not undergo any significant 
changes. In this investigation, apigenin and protein interactions 

FIGURE 8

Derived from a 100 ns MD simulation, the RMSF of a complicated 
protein backbone. The RMSF of the protein backbone is depicted in 
red. The complex’s RMSF is depicted in black. (A) Apigenin against 
West Nile virus methyltransferase (PDB ID 2OY0). (B) Curcumin 
against West Nile virus methyltransferase (PDB ID 2OY0). 
(C) Ganoderic acid against West Nile virus envelope glycoprotein 
(PDB ID 2169).
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with RMSF values greater than 2.5 are regarded as having fewer 
stable bonds. Figure  8, on the other hand, reveals a negligible 
distinction between the fluctuation scores of the residues in the 
protein-curcumin combination and the protein-Ganoderic acid 
complex. In Figures 8B,C, the RMSF plot of ligand-protein for 
each ligand reveals that the RMSF value at the C-terminal residues 
(end) is quite high because these residues represent the tails or 
ends of the protein structure, which are highly reactive and free 
to move. Each of the two complex system residues, VAL267 
(C-terminal), exhibits significantly higher fluctuations than other 
residues. This is likely because it is placed at the end of the protein 
chain, allowing it to be  more flexible than other residues. In 
Figure  8C, the C-terminal residue changed significantly, with 
RMSF values of 60, whereas for curcumin, it reached 30. Figure 8C 
depicts the creation of a highly mobile free-end loop in Ganoderic 
acid, which may account for the significant variation observed.

4.4.3. Radius of gyration analysis
To evaluate structural compression changes, the gyration radius 

diagram of each structure was recorded over the course of the 
simulation. To determine the compactness of the system over time, 
Rg was calculated, with higher Rg values indicating less compactness 
(more unfolded) with conformational entropy and lower Rg values 
indicating high compactness with greater structural stability (more 
folded). Figure 9 demonstrates that the simulation Rg values for the 
three complexes are 1 Å, 9 Å, 1 Å, 975 Å and 3.5 Å, respectively. 
From the Apigenin plot, it can be seen that the system exhibited little 
change until 100 ns, with the exception of a few unfolding events 
between 40 and 70 ns, after which it stabilized until the end of the 
simulation. The stability of the protein in the complex was 
demonstrated by the Rg value, which showed less variation as a 
result of the fewer changes it experienced. Curcumin, on the other 
hand, exhibits only very modest fluctuations at the beginning but 
afterwards demonstrates a significant increase that reaches a Rg 
value of 2.5 Å between 20 and 40 ns. In the case of Ganoderic acid, 
the structure showed a sharp increase of Rg up to 3.75 Å at 10 ns, 
then an immediate decrease of the Rg value towards 3.50 Å, then an 
increase towards 3.70 Å between 20 ns and 40 ns, then a gradual 

fluctuation decreases of Rg towards 3.60 Å until the 80 ns. At 80 ns, 
there is a sharp decrease in the Rg value towards 3.50 Å. After that, 
an average Rg value of 3.60 A was equilibrated to small fluctuations 
until the simulation ended. The RG findings demonstrated that the 
binding of these three molecules induces structural modifications. 
In general, the patterns of change in RG values across all complexes 
were distinct. According to the results, the Apigenin complex had 
the smallest Rg value, which may indicate that it is more compact 
than the other complexes. A loss of compactness may occur as a 
consequence of a change in the interaction pattern between the 
protein and the ligand. The dissolution of hydrogen bonds between 
molecules might possibly be explained by the curcumin complex’s 
elevated Rg value. It is also possible that conformational changes in 
the protein structure were induced by the interaction of curcumin 
with proteins, which dramatically altered the curcumin complex’s 
microenvironment. In addition, the Ganoderic acid complex has 
been reported to have experienced compositional variations, which 
indicates a less tightly bound structure.

4.4.4. Hydrogen bond analysis
It is worthwhile to investigate hydrogen bonding interactions 

because they contribute to the binding process and, in particular, 
persistent hydrogen bonds. Using the VMD hydrogen bond analysis 
tool, all conceivable hydrogen bonding interactions between the two 
specified areas, in this case the protein and the ligand, have been 
explored throughout time. Hydrogen bonds are recognized, and the 
output contains the overall number of hydrogen bonds as well as their 
occupancy over time. The ‘Percentage occupancy of the Hbond’ 
output of the hydrogen bond analysis tool provides access to these 
values (Figure 10). In docked complexes, significantly more stable 
hydrogen bonds are reported to be established. During the Molecular 
Dynamics (MD) simulations, the H-bonds that were present in the 
docking structures were not only preserved, but additional H-bonds 
were also found. Apigenin, curcumin, and Ganoderic acid each have 
their own individual occupancies of identified H-bonds, which are 
listed in Table 4.

In the case of the apigenin complex, during MD, the protein-
apigenin complex stability was maintained by interactions with 

FIGURE 9

The radius of gyration (Rg) was used to measure and comprehend the compactness of protein complexes and their structure.
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GLY 81, LYS 105, and ILE 147 residues. It has hydrogen bonds 
with the highest occupancy of 11.28%, where apigenin forms the 
hydrogen bond with LYS 105. Then 0.90% occupancy, where 
apigenin plays a role as an acceptor for GLY 81, and 0.10% with 

ILE 147. Although the Apigenin complex has 50 hydrogen bonds 
more than the other complexes, the compound (Apigenin) formed 
only two hydrogen bonds, which were found in docked simulation. 
Curcumin has 28 total hydrogen bonds, with the highest 
occupancy of 80%, where curcumin and VAL 132 form hydrogen 
bonds. Then 40% occupancy, where curcumin plays a role as an 
acceptor of ASP 131, and 1.20% with ASP 131. Only three of the 
28 hydrogen bonds were formed in the docked simulation. 
We conclude that, during MD, the curcumin complex has more 
stability than the apigenin complex. Ganoderic acid has 32 total 
hydrogen bonds with the highest occupancy of 29%, where 
Ganoderic acid has the role of a donor and SER 341 has the role 
of an acceptor of hydrogen bond formation. Then 19% occupancy 
where Fisetin plays a role as an acceptor to ILE 340 and 19% with 
PRO 339. Only two of the 32 hydrogen bonds were formed in the 
docked simulation. In the system, hydrogen bonds were stable, 
and most of them appeared between 0 and 15 ns and 40 and 50 ns. 
Hydrogen bond occupancy with a score of more than 100% 
indicates that more than one atom pair interacts to form hydrogen 
bonds. Meanwhile, curcumin has a lower total hydrogen bond but 
a higher hydrogen bond occupancy than Ganoderic acid. This 
total hydrogen bond and hydrogen bond occupancy determine the 
stability of each system. The number and occupancy of hydrogen 
bonds are the keys to the interaction stabilization of the protein-
ligand complex.

4.4.5. Principal component analysis (PCA) and 
dynamics cross-correlation matrices (DCCM) 
analysis

Principal component analysis was used to identify and 
understand significant concerted motions in different regions of the 
protein. PCA extracts the most variable dynamic motions in 
simulations, which are required for biological function. In addition, 
it may be used to examine the effect of various parameters on the 
collective motion and to reduce the motion’s complexity, which is 
related to the system’s stability and protein functions. Also, it can 
be utilized to characterize the many conformational variations that 
are associated with the process of protein folding as well as the open-
close mechanism of ion channels. The conformational alterations of 
West Nile virus methyltransferase and West Nile virus envelope 

FIGURE 10

The number of H-bonds formed by the ligand molecule, with the proteins (Apigenin, Curcumin and Ganoderic acid) was obtained from 100 ns MD 
simulation.

TABLE 4  Analysis of H-bond occupancies for each ligand during MD 
simulation.

Donor acceptor Occupancy

Apigenin Apigenin-Side-O3 

GLY81-Main-O

0.90%

Apigenin-Side-O3 

ILE147- Main-O

0.10%

LYS105-Main-N 

Apigenin-Side-O2

11.28%

LYS105-Main-N 

Apigenin-Side-O5

3.19%

LYS105-Side-N2 

Apigenin-Side-O2

10%

Curcumin Curcumin-Side-O5

ASP131-Side-OD1

40%

Curcumin-Side-O3

ASP131-Side-OD2

40%

Curcumin-Side-O3

ASP131-Side-OD1

1.20%

VAL132-Main-N 

Curcumin-Side-O3

80%

Ganoderic acid Ganoderic-Side-O7

ILE340-Main-O

10%

Ganoderic-Side-O6

ILE340-Main-O

19%

Ganoderic-Side-O5

PRO339-Main-O

19%

SER341-Side-OG 

Ganoderic-Side-O4

19%

SER341-Side-OG 

Ganoderic-Side-O5

29%
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glycoprotein were further analyzed using dynamic cross correlation 
matrix (DCCM) analysis. Principal component analysis (PCA) and 
a DCCM were used to identify protein backbone conformation 
shifts. PCA and DCCM were performed using RStudio and Bio3d; 
axes, each dot represents a different protein configuration. The 
distribution of blue and red dots represented the extent of 

conformational changes in the simulation, where the color ranges 
from blue to white to red corresponds to simulation duration. The 
color blue represents the initial timestep, the color white represents 
the intermediate, and the color red represents the final timestep 
(illustrated in Figure 11).

The first three PCs predicted the majority of the motion of the 
protein backbone from the MD trajectories in Figure y. In the 
apigenin protein, PCA analysis shows that the first three eigenvectors 
account for 47.49, 47.49, and 7.79% (Figure  12A). In the case of 
curcumin protein, PCA analysis display that the first three 
eigenvectors account for 23.79, 23.79, and 6.13% (Figure 12B). For 
Ganoderic Acid Protein, PCA analysis display that the first three 
eigenvectors account for 30.1, 30.1, and 11.34% (Figure 12C). The 
highest PC1 (47.49%) was noticed for the apigenin protein, which 
indicates that the protein had undergone higher conformational 
changes. The lowest PC1 (6.13%) was observed for the curcumin 
protein, indicating that the protein had undergone very few 
conformational changes compared to apigenin. Comparatively, the 
Ganoderic acid compound exhibited less conformational change than 
the apigenin complex but more than the curcumin complex.

Additionally, the resulting dynamical cross-correlation graphs 
exhibit both positive and negative amino acid correlation effects. 
Overall correlation was displayed by DCCM, and it was in the 
range of −1.0 to 1.0. (From dark purple to dark blue). Various 
colors were used to denote varying degrees of association between 
residues, with darker colors indicating stronger correlations. 
Correlations closer to 1 indicated that the residues were moving 
in the same direction, while correlations closer to −1 indicated 
that the residues were moving in the opposite direction. In order 
to see the relationship between the I  and J residue indices, 
we constructed pairwise correlated graphs. Colors such as dark 
cyan, white, and pink were used to analyze the predicted map 
results. Fully correlated pairs are denoted by the color cyan, while 
anti-correlated pairs are denoted by the color pink. Comparative 
results reveal that the atomic motions in the Apigenin complex 
resemble more closely those of the Curcumin structure. But, 
Comparing the DCCM diagrams of the three systems, it could 
be found that the correlated motions of the apigenin and curcumin 
systems were noticeably distinct from the Ganoderic complex. 
We postulate that the simultaneous appearance of positively and 
negatively correlated movements destabilizes the domain. For this 
reason, we observed high anti-correlation in the apigenin complex 
compared to the curcumin complex, indicating a more compact 
structure of the apigenin. For the Ganoderic acid complex, which 
showed less anticorrelated and correlated motions and more 
noncorrelated motions than the Apigenin and Curcumin 
complexes in all regions of the protein (illustrated in Figure 12).

4.4.6. Binding free energy analysis
To analyze the molecular binding interaction of protein-ligand 

complexes, the binding free energy (G) was calculated using 
MM-PBSA, which considers both bonded and non-bonded (van der 
Waals and electrostatic) interactions. Using MMPBSA and the final 
20 ns of the trajectory, the binding free energies of the protein-ligand 
complexes were calculated. Using the MMGBSA approach, the 
binding free energy (∆ Gbind) of 12 natural compounds, of which 

FIGURE 11

Principal component analysis of (A) Apigenin, (B) Curcumin, and 
(C) Ganoderic acid.
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top nine were chosen based on binding affinity score, was determined. 
The greater the negative values, the more favorable the binding free 
energy between proteins and ligands. As shown in Table  4 and 
Figure 13, the free binding energies of the natural compounds agree 
with the molecular docking results. The Hesperetin, Lucidone, and 
Cholic acid demonstrated the greatest amount of binding energy 
(−16.44 kcal/mol, −19.78 kcal/mol and − 29.00) in comparison to the 
other natural chemicals. This energy is mostly different from the 
curcumin compound, and it means that the interaction in the 
compound Hesperetin, Lucidone, and Cholic acid complex is the 

most stable interaction during simulation, followed by the protein-
compound complex. On the other hand, the compound Ganoderic 
acid complex has the most positive binding energy, indicating that 
the interaction between compound Ganoderic acid and the target 
protein active site is the weakest.

Table  5 and Figure  13 highlights the primary components of 
binding free energy for protein-ligand complexes, including van der 
Waals (ΔEVDW), electrostatics (ΔEEEL), a polar portion of solvation 
(ΔGPB), non-polar part of solvation (ΔGNP), dispersion (ΔGDISP), 
and binding energy (ΔG).

FIGURE 12

Dynamic cross correlation matrix (DCCM) plots for (Apigenin, Curcumin, and Ganoderic Acid).

FIGURE 13

Binding free energy plot.
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4.5. ADME, aquatic and non-aquatic 
toxicity

By utilizing the pkCSM web server, ADMET (Absorption, 
Distribution, Metabolism, Excretion, and Toxicity) properties were 
performed. The Table 6 displays the reported compound’s ADMET 
values. Drug development fails in between 40 and 60% of cases as a 
result of inadequate ADMET characteristics. The virtual screening 
process should take this pharmacokinetics characteristic into 
consideration as a major factor. The range of the water solubility log S 
has been reported −2.449 to −6.618. All compounds had significant 
levels of intestinal absorption in humans excluding 10. The VDss level 
varies from −2.172 to 0.822, with a maximum Total Clearance rate of 
0.653 mL/min/kg. 4,5,6,11 and 12 number compounds have the 
permeability to the Blood–brain barrier 1,2,3,7,8,9and 10 compounds 
cannot pass the Blood–brain barrier. The CYP450 A2 substrate can 
be inhibited by most of the compounds. The CYP450 2C9 substrate 
can only be  inhibited by 12 specific drugs; other compounds are 
inactive. Both of these enzymes are crucial for the metabolism of 
drugs and are frequently present in the human liver. In the disposition 
and renal clearance of mostly cationic drug molecules, renal OCT2 
substrate in the kidney plays a very significant function. Finally, they 
all are free from AMES toxicity, Skin Sensitization and Hepatotoxicity 
(Table 6).

5. Conclusion

Our in-silico research has been reported that all the natural 
molecules have better binding affinity, high solubility in aqueous 
system, free from hepatic toxicity, and skin sensitization, most of them 
are accepted by lipinski rule. Besides, different types of active amino 
acid are seen during the formation of drug protein complexes such as 
VAL-A:132, ASP-A:131, PHE-A:133, LYS-A:105, ASP-A:146, 
TRP-A:87, GLY-A:58, ASP. The most active compounds were reported 
Apigenin against West Nile virus methyltransferase (PDB ID 2OY0), 
and Fungisterol, & Sanguinarine against West Nile virus envelope 
glycoprotein (PDB ID 2I69) with maximum binding affinity − 8.1.3 kcal/
mol, and − 8.1 kcal/mol. The drug-likeness properties, and the 
theoretical ADMET data is accepted by our reported phytocompounds. 
After that, their stability is confirmed by molecular dynamic 

simulation at 100 ns which is also confirmed that the molecules are 
highly stable when form protein ligands complex. As, there is currently 
neither an antiviral medicine nor a vaccination that can treat WNV 
infection in people. In the course of drug discovery and repurposed 
research, various potential natural molecules have been studied in this 
investigation that capable to inhibit WNV in silico model; however, 
none of these candidates have performed it to the stage of clinical 
assessment. Now, further experimental studies should be conducted 
and determine their practical value to establish them as potential drug 
candidate for further use.
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TABLE 5  Binding energy results.

ΔEVDW (kJ/
mol)

ΔEEEL
(kJ/mol)

ΔGPB
(kJ/mol)

ΔGNP
(kJ/mol)

ΔGDISP
(kJ/mol)

ΔG Binding
(kJ/mol)

01 Apigenin −21.76 −8.06 21.93 −2.98 0.0 −10.88

02 Resveratrol −21.27 −19.65 32.80 −2.93 0.0 −11.05

03 Hesperetin −25.87 −8.51 21.13 −3.19 0.0 −16.44

05 Lucidone −25.46 −16.61 25.38 −3.09 0.0 −19.78

06 Ganoderic acid −0.00 0.00 3.05 −0.06 0.0 2.99

07 Curcumin −0.00 −1.43 6.26 −0.80 0.0 −0.05

08 Kaempferol −22.78 −16.56 29.34 −3.14 0.0 −13.15

09 Cholic acid −15.82 −277.93 267.47 −2.72 0.0 −29.00

10 Chlorogenic acid −33.86 −38.33 69.52 −4.03 0.0 −6.71
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TABLE 6  Summary of in silico ADMET prediction.

S/N Absorption Distribution Metabolism Excretion Toxicity

Water 
solubility

Log S

Caco-2
Permeability 

× 10−6

Human 
Intestinal 

Absorption 
(%)

VDss 
(human)

BBB
Permeability

CYP450 
1A2

Inhibitor

CYP450 
2C9

Substrate

Total 
Clearance 
(ml/min/

kg)

Renal 
OCT2

substrate
AMES 

toxicity
Skin 

Sensitization Hepatotoxicity

01 −3.329 1.007 93.25 0.822 No Yes No 0.566 No No No No

02 −3.178 1.17 90.935 0.296 No Yes No 0.076 No Yes No No

03 −3.407 0.294 70.277 0.746 No No No 0.444 No No No No

04 −6.818 1.205 94.757 0.29 Yes No No 0.565 No No No No

05 −2.701 1.144 95.474 −0.125 Yes Yes No 0.11 No Yes No No

06 −3.058 2.625 66.348 −2.172 Yes Yes No −0.369 No Yes No No

07 −2.892 1.643 78.45 0.011 No Yes No −57.293 No Yes No No

08 −3.04 0.032 74.29 1.274 No Yes No 0.477 No No No No

09 −3.763 0.597 61.546 −0.804 No No No 0.653 No No No No

10 −2.449 −0.84 36.377 0.581 No No No 0.307 No No No No

11 −3.538 1.152 92.417 −0.386 Yes Yes Yes 0.122 No No No No

12 −2.892 0.239 82.294 0.011 Yes Yes No −0.416 No Yes No No

134

https://doi.org/10.3389/fmicb.2023.1189786
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org


Akash et al.� 10.3389/fmicb.2023.1189786

Frontiers in Microbiology 19 frontiersin.org

Publisher’s note

All claims expressed in this article are solely those of the authors 
and do not necessarily represent those of their affiliated 

organizations, or those of the publisher, the editors and the 
reviewers. Any product that may be evaluated in this article, or 
claim that may be made by its manufacturer, is not guaranteed or 
endorsed by the publisher.

References
Abba, Y., Hassim, H., Hamzah, H., and Noordin, M. M. (2015). Antiviral activity of 

resveratrol against human and animal viruses. Adv. Virol. 2015, 1–7. doi: 
10.1155/2015/184241

Agarwal, S., and Mehrotra, R. (2016). An overview of molecular docking. JSM Chem. 
4, 1024–1028.

Agrawal, P. K., Agrawal, C., and Blunden, G. (2021). Pharmacological significance of 
hesperidin and hesperetin, two citrus flavonoids, as promising antiviral compounds for 
prophylaxis against and combating COVID-19. Nat. Prod. Commun. 16. doi: 
10.1177/1934578X211042540

AI Azzam, K. (2023). SwissADME and pkCSM webservers predictors: an integrated online 
platform for accurate and comprehensive predictions for in silico ADME/T properties of 
artemisinin and its derivatives. Eng. Technol. 325, 14–21. doi: 10.31643/2023/6445.13

Aini, N. S., Kharisma, V. D., Widyananda, M. H., Murtadlo, A. A. A., Probojati, R. T., 
Turista, D. D. R., et al. (2022). In silico screening of bioactive compounds from Syzygium 
cumini L. and moringa oleifera L. against SARS-CoV-2 via tetra inhibitors. Pharm. J. 14, 
267–272. doi: 10.5530/pj.2022.14.95

Akash, S. (2022). Computational screening of novel therapeutic and potent molecules from 
bioactive trehalose and it’s eight derivatives by different insilico studies for the treatment of 
diabetes mellitus. Organic Commun. 15, 288–296. doi: 10.25135/acg.oc.134.2204.2446

Akash, S., Kumer, A., Chandro, A., Chakma, U., and Matin, M. M. (2022). Quantum 
calculation, docking, ADMET and molecular dynamics of ketal and non-ketal forms of 
D-glucofuranose against bacteria, black & white fungus, and triple-negative breast 
cancer. Biointerface Res. Appl. Chem. 13:374.

Baba, M., Schols, D., Nakashima, H., Pauwels, R., Parmentier, G., Meijer, D. K., et al. 
(1989). Selective activity of several cholic acid derivatives against human 
immunodeficiency virus replication in vitro. 2, 264–271.

Bergmann, F., Trachsel, D. S., Stoeckle, S. D., Bernis Sierra, J., Lübke, S., 
Groschup, M. H., et al. (2022). Seroepidemiological survey of West Nile virus infections 
in horses from Berlin/Brandenburg and North Rhine-Westphalia, Germany. Viruses 
14:243. doi: 10.3390/v14020243

Boh, B., Berovic, M., Zhang, J., and Zhi-Bin, L. (2007). Ganoderma lucidum and its 
pharmaceutically active compounds. Biotechnol. Annu. Rev. 13, 265–301. doi: 10.1016/
S1387-2656(07)13010-6

Burley, S. K., Berman, H. M., Kleywegt, G. J., Markley, J. L., Nakamura, H., and 
Velankar, S. J. P. C. (2017). Protein Data Bank (PDB): the single global macromolecular 
structure archive. Methods Mol. Biol., 627–641. doi: 10.1007/978-1-4939-7000-1_26

Campagna, M., and Rivas, C. (2010). Antiviral activity of resveratrol. Biochem. Soc. 
Trans. 38, 50–53. doi: 10.1042/BST0380050

CDC. (n.d.). Treatment & Prevention. Available at: https://www.cdc.gov/westnile/
healthcareproviders/healthCareProviders-TreatmentPrevention.html (Accessed 
November 9, 2021).

Chen, W.-C., Tseng, C.-K., Lin, C.-K., Wang, S.-N., Wang, W.-H., Hsu, S.-H., et al. 
(2018). Lucidone suppresses dengue viral replication through the induction of heme 
oxygenase-1. Virulence 9, 588–603. doi: 10.1080/21505594.2017.1421893

Chen, W.-C., Wang, S.-Y., Chiu, C.-C., Tseng, C.-K., Lin, C.-K., Wang, H.-C., et al. (2013). 
Lucidone suppresses hepatitis C virus replication by Nrf2-mediated heme oxygenase-1 
induction. Antimicrob. Agents Chemother. 57, 1180–1191. doi: 10.1128/AAC.02053-12

Daina, A., Michielin, O., and Zoete, V. (2017). SwissADME: a free web tool to evaluate 
pharmacokinetics, drug-likeness and medicinal chemistry friendliness of small 
molecules. Sci. Rep. 7:42717. doi: 10.1038/srep42717

Ding, Y., Cao, Z., Cao, L., Ding, G., Wang, Z., and Xiao, W. (2017). Antiviral activity 
of chlorogenic acid against influenza a (H1N1/H3N2) virus and its inhibition of 
neuraminidase. Sci. Rep. 7:45723. doi: 10.1038/srep45723

Fahmi, M., Kharisma, V. D., Ansori, A. N. M., and Ito, M. (2021). “Retrieval and 
investigation of data on SARS-CoV-2 and COVID-19 using bioinformatics approach” 
in Coronavirus disease-COVID-19 (Cham: Springer), 839–857.

Farahat, R. A., and Memish, Z. A. (2022). Re-emergence of Marburg virus and 
monkeypox in the shadow of COVID-19 pandemic: current situation and implications–
correspondence. Int. J. Surg. 106:106923. doi: 10.1016/j.ijsu.2022.106923

Feldman, N., Kuryakov, V., Sedyakina, N., Gromovykh, T., and Lutsenko, S. V. (2018). 
Preparation of liposomes containing benzophenanthridine alkaloid sanguinarine and 
evaluation of its cytotoxic activity. Int. J. Nanotechnol. 15, 280–287.

Ghildiyal, R., Prakash, V., Chaudhary, V., Gupta, V., and Gabrani, R. (2020). 
“Phytochemicals as antiviral agents: recent updates” in Plant-derived bioactives (New 
York, NY: Springer), 279–295.

Guan, W.-D., Yang, Z.-F., Liu, N., Qin, S., Zhang, F.-X., and Zhu, Y.-T. (2008). In vitro 
experimental study on the effect of resveratrol against several kinds of respiroviruses. 
Zhong Yao Cai 31, 1388–1390.

Guang, H.-M., and Du, G.-H. (2006). Protections of pinocembrin on brain 
mitochondria contribute to cognitive improvement in chronic cerebral hypoperfused 
rats. Eur. J. Pharmacol. 542, 77–83. doi: 10.1016/j.ejphar.2006.04.054

Han, J.-Y., Jeong, H. I., Park, C.-W., Yoon, J., Ko, J., Nam, S.-J., et al. (2018). Cholic acid 
attenuates ER stress-induced cell death in Coxsackievirus-B3 infection. J. Microbiol. 
Biotechnol. 28, 109–114. doi: 10.4014/jmb.1708.08009

Hayes, C. G. (2001). West Nile virus: Uganda, 1937, to New York City, 1999. Ann. N. 
Y. Acad. Sci. 951, 25–37. doi: 10.1111/j.1749-6632.2001.tb02682.x

West Nile Virus Found in Another NY County, Bringing Case Total to 5. (n.d.). 
Available at: https://www.nbcnewyork.com/news/local/west-nile-virus-found-in-
another-ny-county-bringing-state-case-total-to-5/3858809/

Huang, K.-K., Lin, M.-N., Hsu, H.-C., Hsu, Y.-L., Huang, T.-N., Lu, I., et al. (2022). 
Pinocembrin reduces keratinocyte activation and ameliorates imiquimod-induced 
psoriasis-like dermatitis in BALB/c mice through the Heme Oxygenase-1/signal 
transducer and activator of transcription 3 pathway. Evid. Based Complement. Alternat. 
Med. 2022, 2022:7729836. doi: 10.1155/2022/7729836

Kanai, R., Kar, K., Anthony, K., Gould, L. H., Ledizet, M., Fikrig, E., et al. (2006). 
Crystal structure of West Nile virus envelope glycoprotein reveals viral surface epitopes. 
J. Virol. 80, 11000–11008. doi: 10.1128/JVI.01735-06

Kawsar, S., Kumer, A., Munia, N. S., Hosen, M. A., Chakma, U., and Akash, S. J. 
O. C. (2022). Chemical descriptors, PASS, molecular docking, molecular dynamics 
and ADMET predictions of glucopyranoside derivatives as inhibitors to bacteria 
and fungi growth. Organ. Communicat. 15, 184–203. doi: 10.25135/acg.
oc.122.2203.2397

Kemmerly, S. A. (2003). Diagnosis and treatment of West Nile infections. Ochsner J. 
5, 16–17.

Khazdair, M. R., Anaeigoudari, A., and Agbor, G. A. (2021). Anti-viral and anti-
inflammatory effects of kaempferol and quercetin and COVID-2019: a scoping review. 
Asian Pac. J. Trop. Biomed. 11:327. doi: 10.4103/2221-1691.319567

Kishu, T., and Siva, K. (2011). Cholic acid as a Lead molecule: a review. Asian J. Res. 
Chem. 4, 683–684. doi: 10.5958/0974-4150

Kumar, S., Prasad, A., Iyer, S., and Vaidya, S. (2013). Systematic pharmacognostical, 
phytochemical and pharmacological review on an ethno medicinal plant, Basella alba 
L. J. Pharmacogn. Phytother. 5, 53–58. doi: 10.5897/JPP12.0256

Kumer, A., Chakma, U., Chandro, A., Howlader, D., Akash, S., Kobir, M., et al. (2022). 
Modified D-glucofuranose computationally screening for inhibitor of breast cancer and 
triple breast cancer: chemical descriptor, molecular docking, molecular dynamics and 
QSAR. J. Chil. Chem. Soc. 67, 5623–5635. doi: 10.4067/S0717-9707202 
2000305623

Kumer, A., Chakma, U., Matin, M. M., Akash, S., Chando, A., and Howlader, D. 
(2021). The computational screening of inhibitor for black fungus and white fungus by 
D-glucofuranose derivatives using in silico and SAR study. Organ. Commun. 14, 
305–322. doi: 10.25135/acg.oc.116.2108.2188

Kumer, A., Chakma, U., Rana, M. M., Chandro, A., Akash, S., Elseehy, M. M., et al. 
(2022). Investigation of the new inhibitors by sulfadiazine and modified derivatives of 
α-D-glucopyranoside for white spot syndrome virus disease of shrimp by in silico: 
quantum calculations, molecular docking, ADMET and molecular dynamics study. 
Molecules 27:3694. doi: 10.3390/molecules27123694

Kutluay, S. B., Doroghazi, J., Roemer, M. E., and Triezenberg, S. J. J. V. (2008). 
Curcumin inhibits herpes simplex virus immediate-early gene expression by a 
mechanism independent of p300/CBP histone acetyltransferase activity. Virology 373, 
239–247. doi: 10.1016/j.virol.2007.11.028

Li, Y.-Q., and Wang, S. F. (2006). Anti-hepatitis B activities of ganoderic acid from 
Ganoderma lucidum. Biotechnol. Lett. 28, 837–841. doi: 10.1007/s10529-006-9007-9

Lindequist, U., Niedermeyer, T. H., and Jülich, W.-D. (2005). The pharmacological 
potential of mushrooms. Evid. Based Complement. Alternat. Med. 2, 285–299. doi: 
10.1093/ecam/neh107

Naveed, M., Hejazi, V., Abbas, M., Kamboh, A. A., Khan, G. J., Shumzaid, M., et al. 
(2018). Chlorogenic acid (CGA): a pharmacological review and call for further research. 
Biomed. Pharmacother. 97, 67–74. doi: 10.1016/j.biopha.2017.10.064

New York Times. (2022). Explained: What to know about the West Nile virus in 
New York City. New York Times, New York City.

135

https://doi.org/10.3389/fmicb.2023.1189786
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org
https://doi.org/10.1155/2015/184241
https://doi.org/10.1177/1934578X211042540
https://doi.org/10.31643/2023/6445.13
https://doi.org/10.5530/pj.2022.14.95
https://doi.org/10.25135/acg.oc.134.2204.2446
https://doi.org/10.3390/v14020243
https://doi.org/10.1016/S1387-2656(07)13010-6
https://doi.org/10.1016/S1387-2656(07)13010-6
https://doi.org/10.1007/978-1-4939-7000-1_26
https://doi.org/10.1042/BST0380050
https://www.cdc.gov/westnile/healthcareproviders/healthCareProviders-TreatmentPrevention.html
https://www.cdc.gov/westnile/healthcareproviders/healthCareProviders-TreatmentPrevention.html
https://doi.org/10.1080/21505594.2017.1421893
https://doi.org/10.1128/AAC.02053-12
https://doi.org/10.1038/srep42717
https://doi.org/10.1038/srep45723
https://doi.org/10.1016/j.ijsu.2022.106923
https://doi.org/10.1016/j.ejphar.2006.04.054
https://doi.org/10.4014/jmb.1708.08009
https://doi.org/10.1111/j.1749-6632.2001.tb02682.x
https://www.nbcnewyork.com/news/local/west-nile-virus-found-in-another-ny-county-bringing-state-case-total-to-5/3858809/
https://www.nbcnewyork.com/news/local/west-nile-virus-found-in-another-ny-county-bringing-state-case-total-to-5/3858809/
https://doi.org/10.1155/2022/7729836
https://doi.org/10.1128/JVI.01735-06
https://doi.org/10.25135/acg.oc.122.2203.2397
https://doi.org/10.25135/acg.oc.122.2203.2397
https://doi.org/10.4103/2221-1691.319567
https://doi.org/10.5958/0974-4150
https://doi.org/10.5897/JPP12.0256
https://doi.org/10.4067/S0717-97072022000305623
https://doi.org/10.4067/S0717-97072022000305623
https://doi.org/10.25135/acg.oc.116.2108.2188
https://doi.org/10.3390/molecules27123694
https://doi.org/10.1016/j.virol.2007.11.028
https://doi.org/10.1007/s10529-006-9007-9
https://doi.org/10.1093/ecam/neh107
https://doi.org/10.1016/j.biopha.2017.10.064


Akash et al.� 10.3389/fmicb.2023.1189786

Frontiers in Microbiology 20 frontiersin.org

Oo, A., Hassandarvish, P., Chin, S. P., Lee, V. S., Bakar, S. A., and Zandi, K. J. P. (2016). 
In silico study on anti-chikungunya virus activity of hesperetin. PeerJ 4:e2602

Padmi, H., Kharisma, D. V., Ansori, A. N. M., Sibero, M. T., Widyananda, M. H., 
Ullah, M., et al. (2022). Jurnal-macroalgae bioactive compounds for the potential 
antiviral of SARS-COV-2: an in silico study. J. Pure Appl. Microbiol. 16, 1018–1027. doi: 
10.22207/JPAM.16.2.26

Peng, L., Yang, S., Cheng, Y. J., Chen, F., Pan, S., Fan, G. J. F. S., et al. (2012). Antifungal 
activity and action mode of pinocembrin from propolis against Penicillium italicum. 21, 
1533–1539.

Piret, J., and Boivin, G. (2021). Pandemics throughout history. Front. Microbiol. 
11:631736. doi: 10.3389/fmicb.2020.631736

Rahman, M., Islam, M., Akash, S., Mim, S., Rahaman, M., Bin Emran, T., et al. (2022). 
In silico investigation and potential therapeutic approaches of natural products for 
COVID-19: computer-aided drug design perspective. Front. Cell. Infect. Microbiol. 
12:929430. doi: 10.3389/fcimb.2022.929430

Rahman, M. M., Karim, M. R., Ahsan, M. Q., Khalipha, A. B. R., Chowdhury, M. R., 
and Saifuzzaman, M. (2012). Use of computer in drug design and drug discovery: a 
review. Int. J. Pharmaceut. Life Sci. 1. doi: 10.3329/ijpls.v1i2.12955

Rahman, M. M., Wang, X., Islam, M. R., Akash, S., Supti, F. A., Mitu, M. I., et al. 
(2022). Multifunctional role of natural products for the treatment of Parkinson’s disease: 
at a glance. Front. Pharmacol. 13:976385. doi: 10.3389/fphar.2022.976385

Raut, J. K., and Adhikari, M. K., Mushroom: a true super food. Khumaltar: Nepal 
Academy of Science & Technology, (2021).

Sadowski, J., and Kubinyi, H. (1998). A scoring scheme for discriminating between 
drugs and nondrugs. J. Med. Chem. 41, 3325–3329.

Santos, G. B., Ganesan, A., and Emery, F. S. (2016). Oral administration of peptide-
based drugs: beyond Lipinski's rule. ChemMedChem 11, 2245–2251. doi: 10.1002/
cmdc.201600288

Schwarz, S., Sauter, D., Wang, K., Zhang, R., Sun, B., Karioti, A., et al. (2014). 
Kaempferol derivatives as antiviral drugs against the 3a channel protein of coronavirus. 
Planta Med. 80, 177–182. doi: 10.1055/s-0033-1360277

Senthil Kumar, K., and Wang, S.-Y., “Pharmacological applications of lucidone: a 
naturally occurring cyclopentenedione,” in Medicinal plants-recent advances in research 
and development, Cham Springer, (2016), 273–295.

Song, N.-N., Zhang, S.-Y., and Liu, C.-X. (2004). Overview of factors affecting oral 
drug absorption. Asian J. Drug Metab. Pharmacokinet. 4, 167–176.

Sule, W. F., Oluwayelu, D. O., Hernández-Triana, L. M., Fooks, A. R., Venter, M., and 
Johnson, N. (2018). Epidemiology and ecology of West Nile virus in sub-Saharan Africa. 
Parasit. Vectors 11, 1–10. doi: 10.1186/s13071-018-2998-y

Sunthamala, N., Suebsamran, C., Khruaphet, N., Sankla, N., Janpirom, J., 
Khankhum, S., et al. (2020). Sanguinarine and Chelidonine synergistically induce 
endosomal toll-like receptor and M1-associated mediators expression. J. Pure Appl. 
Microbiol. 14, 2351–2361. doi: 10.22207/JPAM.14.4.13

Syng-Ai, C., Kumari, A. L., and Khar, A. (2004). Effect of curcumin on normal and 
tumor cells: role of glutathione and bcl-2. Mol. Cancer Ther. 3, 1101–1108.

Terefe, E. M., and Ghosh, A. (2022). Molecular docking, validation, dynamics 
simulations, and pharmacokinetic prediction of phytochemicals isolated from Croton 
dichogamus against the HIV-1 reverse transcriptase. Bioinformat. Biol. Insights 16. doi: 
10.1177/11779322221125605

Tilgner, M., and Shi, P.-Y. (2004). Structure and function of the 3′ terminal six 
nucleotides of the West Nile virus genome in viral replication. J. Virol. 78, 8159–8171. 
doi: 10.1128/JVI.78.15.8159-8171.2004

Wahyuni, D. K., Wacharasindhu, S., Bankeeree, W., Punnapayak, H., Parikesit, A., and 
Kharisma, V. (2022). Molecular simulation of compounds from n-hexane fraction of 
Sonchus arvensis L. leaves as SARS-CoV-2 antiviral through inhibitor activity targeting 

strategic viral protein. J. Pharm. Pharmacogn. Res. 10, 1126–1138. doi: 10.56499/
jppres22.1489_10.6.1126

Walters, W. P. (2012). Going further than Lipinski's rule in drug design. Expert Opin. 
Drug Discovery 7, 99–107. doi: 10.1517/17460441.2012.648612

Wang, E., Sun, H., Wang, J., Wang, Z., Liu, H., Zhang, J. Z., et al. (2019). End-point 
binding free energy calculation with MM/PBSA and MM/GBSA: strategies and 
applications in drug design. Chem. Rev. 119, 9478–9508. doi: 10.1021/acs.chemrev.9b00055

Wijaya, R. M., Hafidzhah, M. A., Kharisma, V. D., Ansori, A. N. M., and Parikesit, A. A. 
(2021). COVID-19 in silico drug with Zingiber officinale natural product compound 
library targeting the Mpro protein. Makara J. Sci. 25:5. doi: 10.7454/mss.v25i3.1244

Yan, X., Qi, M., Li, P., Zhan, Y., and Shao, H. J. C. (2017). Apigenin in cancer therapy: 
anti-cancer effects and mechanisms of action. Cell Biosci. 7, 1–16.

Yuan, S., Chan, H. S., and Hu, Z. (2017). Using PyMOL as a platform for computational 
drug design. Wiley Interdiscip. Rev. Comput. Mol. Sci. 7:e1298. doi: 10.1002/wcms.1298

Yuan, X., Luo, K., Zhang, K., He, J., Zhao, Y., and Yu, D. (2016). Combinatorial 
vibration-mode assignment for the FTIR spectrum of crystalline melamine: a strategic 
approach toward theoretical IR vibrational calculations of triazine-based compounds. 
J. Phys. Chem. A 120, 7427–7433. doi: 10.1021/acs.jpca.6b06015

Yuliana, D., Bahtiar, F. I., and Najib, A. (2013). In silico screening of chemical 
compounds from roselle (Hibiscus Sabdariffa) as angiotensin-I converting enzyme 
inhibitor used PyRx program. ARPN J. Sci. Technol. 3, 1158–1160.

Zandi, K., Ramedani, E., Mohammadi, K., Tajbakhsh, S., Deilami, I., Rastian, Z., et al. 
(2010). Evaluation of antiviral activities of curcumin derivatives against HSV-1 in Vero 
cell line. Nat. Prod. Commun. 5, 1935–19388. doi: 10.1177/1934578X1000501220

Zandi, K., Teoh, B.-T., Sam, S.-S., Wong, P.-F., Mustafa, M. R., and AbuBakar, S. 
(2011). Antiviral activity of four types of bioflavonoid against dengue virus type-2. Virol. 
J. 8, 1–11. doi: 10.1186/1743-422X-8-560

Zhang, W., Qiao, H., Lv, Y., Wang, J., Chen, X., Hou, Y., et al. (2014). Apigenin inhibits 
enterovirus-71 infection by disrupting viral RNA association with trans-acting factors. 
PLoS One 9:e110429. doi: 10.1371/journal.pone.0110429

Zhang, W., Tao, J., Yang, X., Yang, Z., Zhang, L., Liu, H., et al. (2014). Antiviral effects 
of two Ganoderma lucidum triterpenoids against enterovirus 71 infection. Biochem. 
Biophys. Res. Commun. 449, 307–312. doi: 10.1016/j.bbrc.2014.05.019

Zhang, T., Wu, Z., Du, J., Hu, Y., Liu, L., Yang, F., et al. (2012). Anti-Japanese-
encephalitis-viral effects of kaempferol and daidzin and their RNA-binding 
characteristics. PLoS One 7:e30259. doi: 10.1371/journal.pone.0030259

Zhao, X., Cui, Q., Fu, Q., Song, X., Jia, R., Yang, Y., et al. (2017). Antiviral properties 
of resveratrol against pseudorabies virus are associated with the inhibition of IκB kinase 
activation. Sci. Rep. 7, 1–11.

Zhou, Y., Ray, D., Zhao, Y., Dong, H., Ren, S., Li, Z., et al. (2007). Structure and function of 
flavivirus NS5 methyltransferase. J. Virol. 81, 3891–3903. doi: 10.1128/JVI.02704-06

Zhou, Y., Yu, Y., Lv, H., Zhang, H., Liang, T., Zhou, G., et al. (2022). Apigenin in cancer 
therapy: from mechanism of action to nano-therapeutic agent. Food Chem. Toxicol. 
168:113385. doi: 10.1016/j.fct.2022.113385

Zhu, J., Song, S., Sun, Z., Lian, L., Shi, L., Ren, A., et al. (2021). Regulation of glutamine 
synthetase activity by transcriptional and posttranslational modifications negatively 
influences ganoderic acid biosynthesis in Ganoderma lucidum. Environ. Microbiol. 23, 
1286–1297. doi: 10.1111/1462-2920.15400

Zikri, A. T., Pranowo, H. D., and Haryadi, W. (2020). Stability, hydrogen bond 
occupancy analysis and binding free energy calculation from flavonol docked in DAPK1 
active site using molecular dynamic simulation approaches. Indon. J. Chem. 21, 383–390. 
doi: 10.22146/ijc.56087

Zuo, J., Tang, W., and Xu, Y. (2015). “Anti-hepatitis B virus activity of chlorogenic acid 
and its related compounds” in Coffee in health and disease prevention (Amsterdam: 
Elsevier), 607–613.

136

https://doi.org/10.3389/fmicb.2023.1189786
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org
https://doi.org/10.22207/JPAM.16.2.26
https://doi.org/10.3389/fmicb.2020.631736
https://doi.org/10.3389/fcimb.2022.929430
https://doi.org/10.3329/ijpls.v1i2.12955
https://doi.org/10.3389/fphar.2022.976385
https://doi.org/10.1002/cmdc.201600288
https://doi.org/10.1002/cmdc.201600288
https://doi.org/10.1055/s-0033-1360277
https://doi.org/10.1186/s13071-018-2998-y
https://doi.org/10.22207/JPAM.14.4.13
https://doi.org/10.1177/11779322221125605
https://doi.org/10.1128/JVI.78.15.8159-8171.2004
https://doi.org/10.56499/jppres22.1489_10.6.1126
https://doi.org/10.56499/jppres22.1489_10.6.1126
https://doi.org/10.1517/17460441.2012.648612
https://doi.org/10.1021/acs.chemrev.9b00055
https://doi.org/10.7454/mss.v25i3.1244
https://doi.org/10.1002/wcms.1298
https://doi.org/10.1021/acs.jpca.6b06015
https://doi.org/10.1177/1934578X1000501220
https://doi.org/10.1186/1743-422X-8-560
https://doi.org/10.1371/journal.pone.0110429
https://doi.org/10.1016/j.bbrc.2014.05.019
https://doi.org/10.1371/journal.pone.0030259
https://doi.org/10.1128/JVI.02704-06
https://doi.org/10.1016/j.fct.2022.113385
https://doi.org/10.1111/1462-2920.15400
https://doi.org/10.22146/ijc.56087


TYPE Original Research

PUBLISHED 11 July 2023

DOI 10.3389/fmicb.2023.1206872

OPEN ACCESS

EDITED BY

Arli Aditya Parikesit,

Indonesia International Institute for

Life-Sciences (i3L), Indonesia

REVIEWED BY

Arif Nur Muhammad Ansori,

Airlangga University, Indonesia

Mohammad Rizki Fadhil Pratama,

Universitas Muhammadiyah

Palangkaraya, Indonesia

*CORRESPONDENCE

Nobendu Mukerjee

nabendu21@rkmvccrahara.org

Vetriselvan Subramaniyan

subramaniyan.vetriselvan@monash.edu

Gobinath Ramachawolran

r.gobinath@rcsiucd.edu.my

†These authors have contributed equally to this

work

RECEIVED 16 April 2023

ACCEPTED 15 June 2023

PUBLISHED 11 July 2023

CITATION

Akash S, Baeza J, Mahmood S, Mukerjee N,

Subramaniyan V, Islam MR, Gupta G,

Rajakumari V, Chinni SV, Ramachawolran G,

Saleh FM, Albadrani GM, Sayed AA and

Abdel-Daim MM (2023) Development of a new

drug candidate for the inhibition of Lassa virus

glycoprotein and nucleoprotein by

modification of evodiamine as promising

therapeutic agents.

Front. Microbiol. 14:1206872.

doi: 10.3389/fmicb.2023.1206872

COPYRIGHT

© 2023 Akash, Baeza, Mahmood, Mukerjee,

Subramaniyan, Islam, Gupta, Rajakumari,

Chinni, Ramachawolran, Saleh, Albadrani,

Sayed and Abdel-Daim. This is an open-access

article distributed under the terms of the

Creative Commons Attribution License (CC BY).

The use, distribution or reproduction in other

forums is permitted, provided the original

author(s) and the copyright owner(s) are

credited and that the original publication in this

journal is cited, in accordance with accepted

academic practice. No use, distribution or

reproduction is permitted which does not

comply with these terms.

Development of a new drug
candidate for the inhibition of
Lassa virus glycoprotein and
nucleoprotein by modification of
evodiamine as promising
therapeutic agents

Shopnil Akash1, Javiera Baeza2,3, Sajjat Mahmood4,

Nobendu Mukerjee5,6*†, Vetriselvan Subramaniyan7,8*†,

Md. Rezaul Islam1, Gaurav Gupta9,10, Vinibha Rajakumari11,

Suresh V. Chinni12,13, Gobinath Ramachawolran14*,

Fayez M. Saleh15, Ghadeer M. Albadrani16, Amany A. Sayed17 and

Mohamed M. Abdel-Daim18,19

1Department of Pharmacy, Faculty of Allied Health Sciences, Da�odil International, University, Dhaka,

Bangladesh, 2Center for Bioinformatics and Molecular Simulation, Universidad de Talca, Talca, Chile,
3Millennium Nucleus of Ion Channels-Associated Diseases (MiNICAD), Universidad de Chile, Santiago,

Chile, 4Department of Microbiology, Jagannath University, Dhaka, Bangladesh, 5Department of

Microbiology, West Bengal State University, West Bengal, Kolkata, India, 6Department of Health Sciences,

Novel Global Community Educational Foundation, Hebersham, NSW, Australia, 7Pharmacology Unit,

Je�rey Cheah School of Medicine and Health Sciences, MONASH University, Jalan Lagoon Selatan,

Bandar Sunway, Selangor, Malaysia, 8Center for Transdisciplinary Research, Department of

Pharmacology, Saveetha Institute of Medical and Technical Sciences, Saveetha Dental College and

Hospital, Saveetha University, Chennai, Tamil Nadu, India, 9School of Pharmacy, Suresh Gyan Vihar

University, Jagatpura, Jaipur, India, 10Uttaranchal Institute of Pharmaceutical Sciences, Uttaranchal

University, Dehradun, India, 11Faculty of Foundation, MAHSA University, Selangor, Malaysia, 12Department

of Biochemistry, Faculty of Medicine, Bioscience, and Nursing, MAHSA University, Selangor, Malaysia,
13Department of Periodontics, Saveetha Dental College and Hospitals, Saveetha Institute of Medical and

Technical Sciences, Saveetha University, Chennai, India, 14Department of Foundation, RCSI & UCD

Malaysia Campus, Pulau Pinang, Malaysia, 15Department of Medical Microbiology, Faculty of Medicine,

University of Tabuk, Tabuk, Saudi Arabia, 16Department of Biology, College of Science, Princess Nourah

bint Abdulrahman University, Riyadh, Saudi Arabia, 17Department of Zoology, Faculty of Science, Cairo

University, Giza, Egypt, 18Department of Pharmaceutical Sciences, Pharmacy Program, Batterjee Medical

College, Jeddah, Saudi Arabia, 19Department of Pharmacology, Faculty of Veterinary Medicine, Suez

Canal University, Ismailia, Egypt

The Lassa virus (LASV), an RNA virus prevalent in West and Central Africa, causes

severe hemorrhagic fever with a high fatality rate. However, no FDA-approved

treatments or vaccines exist. Two crucial proteins, LASV glycoprotein and

nucleoprotein, play vital roles in pathogenesis and are potential therapeutic

targets. As e�ective treatments for many emerging infections remain elusive,

cutting-edge drug development approaches are essential, such as identifying

molecular targets, screening lead molecules, and repurposing existing drugs.

Bioinformatics and computational biology expedite drug discovery pipelines,

using data science to identify targets, predict structures, and model interactions.

These techniques also facilitate screening leads with optimal drug-like

properties, reducing time, cost, and complexities associated with traditional

drug development. Researchers have employed advanced computational drug

design methods such as molecular docking, pharmacokinetics, drug-likeness,

and molecular dynamics simulation to investigate evodiamine derivatives as

potential LASV inhibitors. The results revealed remarkable binding a�nities,

with many outperforming standard compounds. Additionally, molecular active

simulation data suggest stability when bound to target receptors. These promising
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findings indicate that evodiamine derivatives may o�er superior pharmacokinetics

and drug-likeness properties, serving as a valuable resource for professionals

developing synthetic drugs to combat the Lassa virus.

KEYWORDS

Lassa fever virus, emerging viral infections, drug discovery, ADMET, molecular docking,

molecular dynamics simulation, evodiamine

1. Introduction

The Lassa virus (LASV), an Arenavirus family member, is

responsible for causing hemorrhagic fever and multiple organ

failure. Transmission to humans occurs through rodents and

human-to-human contact and is considered endemic in several

West African countries, including Sierra Leone, Liberia, Guinea,

and Nigeria (Agbonlahor et al., 2021). The first documented

case of the Lassa virus dates back to 1969 in Nigeria, and

annual reports suggest an incidence of 100,000–300,000 cases,

resulting in approximately 5,000 fatalities (CFDCA Prevention,

2022). However, these numbers are rough estimates due to

regional variations in Lassa fever surveillance. In Sierra Leone

and Liberia, Lassa fever accounts for 10–16% of hospitalized

patients with the infection (CFDCA Prevention, 2022). From

week 1 to week 52 of 2022, at least 1,067 LASV cases

were diagnosed across 112 Local Government Areas (LGAs)

and 27 states of the Nigerian Federation, with 189 fatalities

resulting from the disease. According to the latest report

from the Nigeria Center for Disease Control (NCDC), 8,202

cases were reported from 26 December 2022 to 1 January

2023, affecting more than 63 healthcare personnel (Vanguard,

2023).

LASV’s genome is a single-stranded, bipartite ribonucleic acid

(RNA), lacking an arenavirus’s typical negative-strand coding

configuration (Andersen et al., 2015). The spherical Lassa virus

ranges from 70 to 150 nm in size and features a glycoprotein

envelope with T-shaped spikes measuring 7–10 nm on its surface

(Ogbu et al., 2007).

Although the virus’s pathophysiology is not fully understood,

research has shown that it primarily targets endothelial and

antigen-presenting cells, particularly dendritic cells, and upon

entering the human body, the Lassa virus infects most tissues,

initially affecting the mucosa, intestine, lungs, and urinary system,

followed by the vascular system (Mahanty et al., 2003; Rojek

et al., 2008). LASV RNA genome is responsible for encoding a

few translational products such as highly glycosylated membrane

glycoprotein (MGP), RNA polymerase, a matrix protein, and a

nucleoprotein (NP). Among these genomic products membrane,

glycoprotein plays a crucial role in viral attachment and fusion

through endothelial cell surface (Meyer et al., 2002). Lassa

fever membrane glycoprotein consists of two subunits (GP1 and

GP2), where GP1 is responsible for receptor binding and GP2

plays a significant role in cell membrane fusion (Lenz et al.,

2001; Igonet et al., 2011; Borenstein-Katz et al., 2019). MGP

incorporates with the α-dystroglycan receptor of the extracellular

matrix and initiates LASV entry into the host cell (Bowen et al.,

2000). The pathogen replicates intracellularly by utilizing L-

polymerase and nucleocapsid proteins. After that, nucleocapsid

proteins synthesize both mRNAs and antigenomic RNAs that are

responsible for evading the host immune system (Yun andWalker,

2012). The entire pathophysiology of the Lassa fever virus depends

on the successful attachment of the virus with endothelial cells.

However, the Lassa virus glycoprotein spike (PDB ID 5FT2) was

considered a putative drug target in our study to inhibit viral

attachment with host endothelial cells (Li et al., 2016).

However, the Lassa virus NP is critical for both transcription

and RNA replication since it encloses viral genomic RNAs into

ribonucleoprotein (RNP) complexes (Hass et al., 2004). Though

the exact mechanism of NP involvement in the pathogen’s

pathophysiology is poorly understood, it has been shown in prior

research that the NP of the Lassa virus plays an essential role in viral

RNA synthesis and host immune system suppression by actively

suppressing type I interferon (IFN) (Mart-nez-Sobrido et al., 2006;

Martnez-Sobrido et al., 2007). Generalized immune suppression in

the infected host is correlated with severe arenavirus infections,

including fatal Lassa cases, which indicates that the NP of the Lassa

virus is a key element in Lassa fever pathogenesis (Baize et al.,

2009). Therefore, Lassa virus nucleoprotein (PDB ID: 3MX5) was

also considered as a potential drug target for our following study

(Qi et al., 2010).

The “multimammate rat,” a rodent species, serves as the

primary reservoir or host for the Lassa virus. The two predominant

modes of Lassa virus transmission to humans are ingestion and

inhalation (Tewogbola and Aung, 2020; CFDCA Prevention, 2022).

Mastomys rats excrete the virus in their urine and droppings, and

direct exposure to these materials—such as handling contaminated

objects, consuming tainted food, or contacting open wounds or

sores—can result in infection. Lassa virus typically infects humans

upon contact with the urine or feces of infected Mastomys rats or

through direct contact with the blood, urine, feces, or other bodily

secretions of an individual suffering from Lassa fever (McCormick

and Fisher-Hoch, 2002; Atkin et al., 2009). Infection can occur

when humans come into contact with contaminated rat excrement

or when they capture and consume the rodents as food. Lassa fever

can be contracted from an infected individual, although this is

relatively rare (Asogun et al., 2019). Blood, saliva, urine, and semen

are some of the bodily fluids that can spread infection from person

to person, occurring in both household and healthcare settings.

Those in close contact with the infected individuals are generally

only exposed to the patient’s symptoms; however, a patient can

excrete the virus through their semen for up to 3 months and

in their urine for 3–9 weeks, following the onset of their illness

(Azeez-Akande, 2016) (Figure 1).
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In a world where the menacing Lassa virus poses a deadly

threat, we find ourselves with limited therapeutic options and

no FDA-approved drugs or vaccines for treating Lassa fever

(Baral et al., 2020). The pressing need for effective antiviral

treatments has driven researchers to explore new frontiers, turning

to computational studies in search of potential drug candidates.

Meanwhile, numerous biological actions of evodiamine, including

anti-inflammatory, anti-viral anti-tumor, blood pressure reduction,

and immunological modulation, have been reported (Dai et al.,

2012; Gavaraskar et al., 2015; Yang F. et al., 2017; Zhang

et al., 2022). Evodiamine, a naturally occurring indole alkaloid

derived from the traditional medicinal plant Evodia rutaecarpa,

has been increasingly recognized in recent years for its various

pharmacological effects, including anti-inflammatory, anti-cancer,

and anti-obesity properties, to name a few. Intriguingly, some

studies have also shown evodiamine’s potential as an antiviral agent,

a property that aligns well with the focus of our study. Moreover,

evodiamine has been considered a potential medication option

for combating liver diseases (Li et al., 2020). However, to the

best of our knowledge, there has been no investigation performed

to assess the potentiality of evodiamine derivatives to function

as a potential medication option for Lassa fever. Harnessing the

power of technology, this study aimed to expedite the discovery

process while conserving valuable time, resources, and funding

required for developing novel therapeutic options for combating

the Lassa virus (Rahman et al., 2012). Several evodiamine

derivatives were subjected to computational investigation through

systematic approaches, including molecular docking, drug-likeness

assessment, molecular dynamics simulation, and ADMET analysis.

This theoretical study will add a new dimension in considering

these evodiamine derivatives as potential treatment options for

treating Lassa fever.

2. Computational method

2.1. Determination of the data of ADMET

Many drug-like molecules are eliminated from trial phases for

not having proper absorption, distribution, metabolism, excretion,

and toxicity (ADMET) profile (Alqahtani, 2017). Therefore,

we have calculated ADMET profiles for selected evodiamine

derivatives, employing the pkCSM (https://biosig.lab.uq.edu.au/

pkcsm/prediction) web server (Pires et al., 2015). The pkCSM web

server uses a cutting-edge method based on graph-based signatures

to predict various pharmacokinetic features. Predictive models may

be effectively trained using these signatures for several different

ADMET features. The method, known as pkCSM, also offers a

platform for the analysis and optimization of pharmacokinetic and

toxicity properties implemented in a friendly, open-source web

interface, a useful tool to assist medicinal chemists in striking a

balance between potency, safety, and pharmacokinetic properties.

Assessing the ADMET profiles for selected compounds using this

server will help us to select the most suitable compounds that

have good absorption, distribution through blood, good metabolic

profile, better excretion rate, and lowest toxicity. The pkCSM

server accepts SMILES as input; hence, canonical SMILES for

compounds containing no chiral carbons and isomeric SMILES

for compounds containing chiral carbons were used to generate

desired ADMET values.

2.2. Preparation of ligand and molecular
optimization

Before starting molecular docking, we optimized the three-

dimensional structures of the selected compounds using the

Materials Studio 8.0 software package (Sharma et al., 2019).

This program effectively optimizes the overall geometry and

chemical structure of ligands to achieve minimum ground-state

energy so that these structures could be docked with receptor

proteins without any interruption. After importing the ligand

structures into the Material Studio 8.0 software, density-functional

theory (DFT) was incorporated by applying the DND basis

(diffused basis set) semi-core pseudo-potentials (Papajak and

Truhlar, 2010; Obot et al., 2015; Ribeiro et al., 2015). In material

research, DFT is commonly used to investigate electronic structure

organization using a quantum mechanical modeling strategy.

Finally, the structures are saved in a PDB format for further

computational analysis.

2.3. Preparation of protein and molecular
docking studies

Molecular docking analysis is a significant aspect of

computational drug design (Jakhar et al., 2020). Therefore, in

our study, we have incorporated molecular docking analysis to

understand the molecular binding dynamics between selected

compounds and selected proteins. First, the three-dimensional

structures of the Lassa virus glycoprotein spike (PDB ID 5FT2) and

Lassa virus nucleoprotein (PDB ID: 3MX5) were acquired from

the RCSB protein data bank in the PDB format (Rose et al.,

2016). Users of this platform have access to approximately

200,000 experimentally established PDB structures of biological

macromolecules and almost a million computed structure

models. The PDB structures (Figure 2) were subjected to energy

minimization using Swiss PDB Viewer v4.1.0 (Kaplan and

Littlejohn, 2001). After energy minimization, both protein

structures were opened in BIOVIA Discovery Studio Visualizer to

delete excessive water molecules, surrounding the protein which

could interrupt ligand–protein docking (Design, 2014). It will be

any unwanted heteroatom attached with protein structure were

also deleted, concerning these ligands that could occupy/interfere

the ligand protein binding. Water molecules surrounding the

macromolecules were also eliminated as they do not play a role

in ligand–protein molecular interaction. After completing the

protein preparation part, we acquired ligand structure files from

the PubChem database in SDF format (Kim et al., 2019). The

ligand structures were also energy minimized before molecular

docking is started. For molecular docking, we have used AutoDock

Vina in PyRx software where the ligand structures used were

converted into the PDBQT format, and the grid center points were

set to X = −21.6734, Y = −17.1276, and Z = 28.1838 and the box

dimensions (Å) X = 47.70441, Y = 64.6983, and Z = 51.6696 for
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FIGURE 1

Unveiling the stealthy spread of the Lassa virus, a tale of rodents, humans, and unexpected encounters.

FIGURE 2

Three-dimensional protein structure of Lassa virus and its basic features. (A) Lassa virus glycoprotein spike (PDB ID: 5FT2). (B) Lassa virus

nucleoprotein (PDB ID: 3MX5).

(PDB ID: 3MX5), and the grid center for (PDB ID: 5FT2) were set

to X = −8.7259, Y = −31.6119, and Z = −27.5813 and the box

dimension X = 81.3565, Y = 55.5874, and Z = 91.9504 (Trott and

Olson, 2010). PyRx software presents the 9 most suitable docking

poses of the ligand–protein complex after the docking is completed

(Dallakyan and Olson, 2015). We have selected the most suitable

docking poses where the ligands are strongly interacting with

the protein’s catalytic cavity and visualized them using BIOVIA
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Discovery Studio Visualizer to have a great insight into ligand

binding position in the protein cavity.

2.4. Lipinski rule, pharmacokinetics, and
drug-likeness

Determination of pharmacokinetic properties is an effective

approach to distinguish between drug-like and non-drug-like small

molecules. We used the SwissADME server to calculate important

drug-like features such as molecular weight, hydrogen bond

acceptor, hydrogen bond donor, molar refractivity, topological

surface area, and bioavailability (Daina et al., 2017). All these

features were well calculated considering Lipinski’s rule of five

proposed by Lipinski (2004). Distinguishing drug-like molecules by

considering Lipinski’s rule of five is a globally acceptable approach

proposed by Chris Lipinski suggested that any drug-like molecules

should follow at least three of the following four rules: (1) A

drug-like molecule must have a maximum molecular weight of

500 g/mol or less. (2) The lipophilicity of any drug-like molecules

should not cross 5 logP. (3) The maximum number of hydrogen

bond acceptors in the drug-like molecule should not cross 10.

(4) The maximum number of hydrogen bond donors present in the

chemical structure of a drug-like molecule should not cross five.

In our investigation, the canonical SMILES of elected evodiamine

derivatives and the standard drug sofosbuvir were collected from

the PubChem database. The canonical SMILES were inputted into

the SwissADME server to calculate selected parameters for the

proposed small molecules. The Lipinski rule of five following

and violating decisions of selected derivatives was also obtained

from SwissADME.

2.5. System preparation

The compounds were parameterized by a general

AMBER force field (GAFF) for organic molecules with

the ANTECHAMBER module implemented by AMBER.

Protein was parametrized by AMBER ff14SB force field. The

ligands were bound to Lassa fever virus nucleoprotein (PDB

ID: 3MX5) in aqueous solutions with an explicit solvent

TIP3P water box. NaCl ions were modeled to neutralize

the system. The tutorial for the LEaP program was used

for the formation of the protein–ligand complexes and the

preparation of the system (Case et al., 2005; Shukla and Tripathi,

2020).

2.6. Molecular dynamics simulation

The simulations were well carried out by AMBER 16 using

the Particle Mesh Ewald (PME) method in each system (Essmann

et al., 1995). The systems were prepared as described above.

The SHAKE algorithm was used to constrain hydrogen bonds,

allowing the use of an integration time of 2 fs. The following

molecular dynamics protocol was used: (I) solvent minimization

(30,000 steps), (II) equilibrium to heat the system from 100K
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TABLE 2 Molecular docking/binding energy score for all derivatives represented.

Sl. No. PubChem
CID

Chemical structure Lassa virus
glycoprotein spike

(PDB ID 5FT2)

Lassa virus
nucleoprotein
(PDB ID 3MX5)

Binding a�nity
(kcal/mol)

Binding a�nity
(kcal/mol)

01 Evodiamine −7.2 −10.7

02 49806754 −7.4 −9.1

03 49806624 −8.3 −9.7

04 49806625 −8.5 −11.0

05 49806500 −8.1 −9.8

(Continued)

Frontiers inMicrobiology 06 frontiersin.org142

https://doi.org/10.3389/fmicb.2023.1206872
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org


Akash et al. 10.3389/fmicb.2023.1206872

TABLE 2 (Continued)

Sl. No. PubChem
CID

Chemical structure Lassa virus
glycoprotein spike

(PDB ID 5FT2)

Lassa virus
nucleoprotein
(PDB ID 3MX5)

Binding a�nity
(kcal/mol)

Binding a�nity
(kcal/mol)

06 129710532 −1.7 −2.0

07 151289 −7.8 −10.6

08 56967508 −7.2 −9.4

09 49804912 −8.3 −10.3

Standard

Sofosbuvir

−5.9 −7.1
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FIGURE 3

Docking interactions between the proposed compounds.

to 298K at a constant volume with restricted proteins (1 ns),

(III) equilibrium to relax the system with restricted proteins

(1 ns), (IV) relaxation of the system for 1 ns at constant

pressure and 298K with restriction of less than 10 kcal/mol-Å2

of the protein, (V) minimization of the system with restrictions

only on the protein backbone, (VI) relaxation of the system

for 1 ns at constant pressure and 298K with a restriction of

<10 kcal/mol-Å2 of the backbone, and (VII) three equilibration

steps where the restraint on the backbone was decreased until

it was free. Finally, 140 ns of molecular dynamics production

was launched.

3. Result and discussions

3.1. Lipinski rule, pharmacokinetics, and
drug-likeness

Evodiamine derivatives are well known for their effective

application in different disease treatments, such as pulmonary

hypertension, gastric cancer, and hepatocellular carcinoma

(Zhang et al., 2020; Fan et al., 2021; Liang et al., 2022). Recently,

computational drug designing application of evodiamine

derivatives was noticed in the potential treatment of viral diseases
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FIGURE 4

Root mean square deviation (RMSD) of the Lassa virus nucleoprotein (PDB ID: 3MX5) backbone for standard sofosbuvir complex (blue), compound 1

(red), and compound 2 (green).

FIGURE 5

Root mean square fluctuation (RMSF) of Lassa fever nucleoprotein backbone over time (140 ns) for standard (blue), compound 4 (red), and

compound 9 (green). Residues 113 to 162 are not present in the nucleoprotein structure.

such as COVID-19 caused by the SARS-CoV-2 virus (Belal et al.,

2022). On that account, we have investigated the pharmacokinetics

and drug-likeness properties (Table 1) of our selected evodiamine

derivatives to select the most potent small molecule for Lassa

fever treatment caused by the Lassa virus. The pharmacokinetic

profile of the standard drug sofosbuvir was also calculated for

the following comparative analysis. According to SwissADME,

all nine of our selected compounds followed the Lipinski rule of

Frontiers inMicrobiology 09 frontiersin.org145

https://doi.org/10.3389/fmicb.2023.1206872
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org


Akash et al. 10.3389/fmicb.2023.1206872

five, whereas the compounds named 49806624, 49806625, and

49804912 expressed only one violation of the Lipinski rules. In

contrast, the compounds named evodiamine, 49806754, 49806500,

129710532, 151289, and 56967508 all followed Lipinski rules, which

prove their credibility to be selected as potential drug candidates

for having appropriate pharmacokinetics and drug profile. The

calculation of topological polar surface area (TPSA) is a crucial

indicator to understand the ability of drug molecule transportation

(Ertl et al., 2000). Ideally, a TPSA score of <130 Å² indicates

excellent drug-transporting ability in the host system where the

minimum TPSA score of a drug-like molecule should not be <20

Å². Interestingly, the standard drug sofosbuvir has a TPSA score

of 167.99 Å² which crosses the ideal range of TPSA. All nine

selected evodiamine compounds had a TPSA score of <130 Å²,

indicating their excellent transporting ability as a drug in the host

system. All nine selected evodiamine compounds expressed a

bioavailability score of 0.55, which was significantly higher than

sofosbuvir. The lipophilicity value was also calculated to predict

non-aqueous solubility. By assessing the data presented, we predict

that compound 129710532 showed the lowest score (2.44 Log

Po/w) and compound 49806624 showed the highest lipophilicity

score (4.54 Log Po/w). For an ideal drug-like molecule, the molar

refractivity score should be between 40 and 130 units. Only three

compounds (49806624, 49806625, and 49806500) had slightly

higher scores than the ideal range. However, the molar refractivity

scores for the other six compounds were satisfying.

3.2. Molecular docking and interaction
analysis

Lassa virus glycoprotein spike (PDB ID: 5FT2) and Lassa virus

nucleoprotein (PDB ID 3MX5) were docked with evodiamine’s

nine selected derivatives. These docked complexes were compared

with the standard drug sofosbuvir for justifying the significance of

conducting this study. According to the molecular docking rules, a

stable protein–ligand complex should express minimum binding

energy with a strong binding affinity of the ligand with the receptor

protein. Sofosbuvir showed binding energy of −5.9 kcal/mol for

the Lassa virus glycoprotein spike. However, eight (ligand nos: 01,

02, 03, 04, 05, 07, 08, and 09) out of nine selected evodiamine

derivatives expressed higher binding affinity than the standard

drug. These docking scores indicate that ligand nos. 03, 04, and

09 have bound much more strongly than sofosbuvir with the

Lassa virus glycoprotein spike. As stronger binding has a positive

correlation with forming amore stable receptor-ligand complex, we

can suppose that our selected compounds will have a better role in

stabilizing the target protein than the stronger drug.

In addition, Lassa virus nucleoprotein was also docked with

the same ligands. Sofosbuvir showed a binding energy score of

−7.1 kcal/mol with this receptor. Except for ligand no. 06, all

eight ligands showed better docking scores than the standard drug

(Table 2). Ligand no. 04 had a binding energy score of only −11

kcal/mol, indicating excellent binding with the receptor by forming

a stable protein–ligand complex. Moreover, ligand nos. 01, 03,

05, 07, and 09 also showed excellent binding affinity, suggesting

that they could be also considered for potential future drug

TABLE 3 Binding free energy calculations for the protein–ligand systems

based on MMGBSA.

MMGBSA Delta G Standard. dev.

Standard −29,4833 ±6,1179

Compound 01 −39,4656 ±7,8665

Compound 09 09 −36,3851 ±3,7805

Values expressed in kcal/mol.

development. After analyzing all the docked complexes, it could be

said that ligand nos. 04 and 09 expressed excellent docking scores

with both target receptors, which was much higher than sofosbuvir.

These two compounds can be considered very strong candidates for

developing future drug development against Lassa Virus.

3.3. Protein–ligand interaction and
molecular docking poses

Protein–ligand docked complexes were visualized using

the PyMOL program to better understand different types of

interactions. For the Lassa virus nucleoprotein (PDB ID: 3MX5),

compound nos. 04 (−8.5 kcal/mol) and 09 (−8.3 kcal/mol) had the

maximum binding energy. Compound no. 04 formed a Py-Alkyl

bond with TYR A:213 and VAL A:252; a conventional hydrogen

bond with THR A:178 and LYS A:253; and pi-pi stacked with

TYR A:209 (Figure 3). However, compound no. 09 formed a

Pi-Alkyl bond with PRO A:302; a conventional hydrogen bond

with LYS A:253 and THR A:178; and pi-pi stacked with TYR

A:213 (Figure 3). Selected protein ligands with strong molecular

interactions were further analyzed by incorporating molecular

dynamics simulation to explore the significant roles of selected

compounds in stabilizing virulent proteins.

3.4. Molecular dynamics simulation analysis

The production of the molecular trajectory (140 ns) was

used to perform the analyses. The root mean square deviation

(RMSD) allows one to calculate the divergence between the

two overlapping structures, so the lower the value, the higher

the similarity between them. The RMSD and RMSF plots were

performed using Visual Molecular Dynamics (VMD) (Humphrey

et al., 1996a,b). VMD and TCL scripts to establish residues

that have contact with the ligand at a distance of fewer

than 5 Å for at least 50% of the molecular trajectory. The

binding free energy calculations for the protein–ligand systems

were estimated using the Python script MMPBSA.py provided

by AMBER.

The root mean square deviation (RMSD) was calculated for

the systems described above (shown in Figure 4). The protein–

ligand complexes were equilibrated at 40 ns from the molecular

dynamics trajectory. In the standard complex, the RMSD had

values of 1∼2 Å. The complexes formed by compounds 1 and 2

reached higher RMSD values. Compound 4 had fluctuations of 1∼3

Å; at the 100th nanosecond of molecular dynamics, the protein
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FIGURE 6

Residues that have contacts at <5 Å with the ligand for at least 50% of the molecular dynamics trajectory for the systems (A) sofosbuvir, (B)

compound 4, and (C) compound 9.

rotates sharply, which twists the N-terminus and C-terminus of the

proteins, justifying the increase of the RMSD value. Compound 2

achieved similar RMSD values as compound 1; however, compound

2 is more stable along the molecular dynamic trajectory.

To characterize the local changes in the interaction motifs

close to the ligand, the root mean square fluctuation (RMSF)

between the nucleoprotein and the ligand was calculated

(Figure 5). The RMSF values are similar in all systems. The
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FIGURE 7

Common residues among contacts found.

most stable interaction correspond to the residues that are

found to keep interacting with the ligand. The most stable

interaction motifs are located near the N-terminus (8–

50 aa.) and in the region between residues 180 and 200,

corresponding to the amino acids found to have contact with

the ligand.

From the molecular dynamics simulation, we estimated

the residues that possessed ligand–ligand contacts at 5 Å

for at least 50% of the molecular dynamics. We found

14, 13, and 16 protein–ligand contacts for the standard,

compound 4, and compound 9 systems, respectively (Figure 5).

Common residues TYR: A 209, TYR: A 206, SER: A 238,

LEU: A 239, SER: A 247, LEU: A 248, and GLY: A 249

were found forming contacts in the systems. Among these,

the GLY: A 249 residue has a prominent role, forming

contacts in all systems in at least 95% of the molecular

dynamics trajectory.

The free energy of the protein–ligand binding was calculated by

theMMGBSAmethod to estimate which compound binds better to

the nucleoprotein. Table 3 shows the union energy residues for each

system. A comparison of the binding free energy values shows that

Ribavirin is less stable than compounds 4 and 9. From the above

analysis, compound 9 was chosen because it has a higher number of

contacts with the nucleoprotein and has a favorable binding energy

compared with the other ligands.

The free energy of the protein–ligand binding was calculated

by the MMGBSA method to estimate which compound binds

better to the nucleoprotein. Figures 6, 7 show the union energy

residues for each system. A comparison of the binding free energy

values shows that sofosbuvir is less stable than compounds 4 and

9. From the above analysis, compound 9 was chosen because

it has a higher number of contacts with the nucleoprotein

and has a favorable binding energy compared with the

other ligands.

3.5. ADMET data investigation

The consumption of drugs of poor ADMET properties can

lead to side effects such as allergic reactions, rashes, and organ

damage. To avoid these complications, we have calculated the

most important ADMET properties for our selected evodiamine

derivatives (Table 4). To understand the absorption aspect, we

have selected the following three parameters: water solubility,

Caco-2 permeability, and human intestinal absorption. According

to the data collected from the pkCSM server, the standard drug

sofosbuvir has a low human intestine absorption rate of only

60.168%. In contrast to that, all our proposed compounds have

higher human interest in absorption rate where compound 05

showed the highest score of 96.562%. According to the water

solubility test (calculated in Log S), the range from highly

soluble compounds to insoluble compounds is <-10 poorly<- 6,

moderately<-4 soluble<-2 very<0<highly. As presented in

Table 4, compounds 01, 06, 07, and 08 were declared as soluble.

Furthermore, compounds 02, 03, 04, 05, and 09 were declared

as moderately soluble. The Caco-2 cell line, which is normally

utilized as a reliable model to evaluate the absorption property of

any orally delivered medications, is made up of human colorectal

adenocarcinoma epithelial cells (Sambuy et al., 2005). According

to pkCSM guidelines, a Caco-2 permeability score over 0.9 is

considered high, and the standard drug sofosbuvir expressed a low

Caco-2 permeability score of 0.454. All nine proposed compounds

showed a higher Caco-2 permeability score than the sofosbuvir,

where compound 08 showed the highest score of 1.519.

For predicting the distribution, we have selected the volume

of distribution of the stead-state method (VDss) and blood–

brain barrier (BBB) as our keynote parameters. The VDss values

indicate how evenly drugs are distributed between the blood

and the tissue. A higher VD score (>0.45) suggests that the

therapeutic molecule is dispersed more evenly throughout the
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body, whereas a lower (<-0.15) result denotes uneven drug

distribution. Compound number 08 showed excellent VDss

distribution, and other derivatives also expressed satisfying VDss

scores, except for compound 05. The BBB shields our brain from

any interactions with outside substances. This implies that BBB

permeability assessment is a crucial characteristic in choosing ideal

drug-like compounds (Passeleu-Le Bourdonnec et al., 2013). When

the BBB permeability score is <-1, the distribution is poor. In

contrast, a score of >0.3 indicates excellent BBB permeability.

Compounds 01, 03, 04, 06, 07, and 08 showed positive BBB

permeability, whereas compounds 02, 05, and 09 showed poor

blood–brain permeability. In metabolic profile analysis, it can be

stated that all selected compounds showed positive CYP450 1A2

inhibition, and none of the compounds inhibited the CYP450

2D6 substrate.

Estimating overall clearance and organic cation transporter

2 (OCT2) allowed for the incorporation of excretion analysis

(Filipski et al., 2009). Total clearance produces a total clearance

score using the combined information from hepatic clearance

and renal clearance, which provides a clear excretion profile of

any particular drug. All selected derivatives showed better total

clearance scores than sofosbuvir. None of the compounds were

predicted to be potential renal OCT2 substrates. Finally, in toxicity

prediction, we have predicted that none of the substances induce

skin sensitization, and special precautions should be taken before

recommending these compounds to patients suffering from liver

diseases, as all of the selected compounds can induce hepatotoxicity

including sofosbuvir.

4. Harnessing evodiamine derivatives
for lassa virus intervention—a
thought-provoking discussion

In the subsequent study, Lassa virus nucleoprotein and

Lassa virus glycoprotein spike were considered potential drug

targets to inhibit the Lassa virus. Evodia rutaecarpa is a

rich source of evodiamine, an alkaloid that has garnered

scientific interest for its potent therapeutic effects against

various diseases such as anti-obesity, anti-allergenic, analgesic,

and anti-ulcerogenic properties (Wang et al., 2008; Tan and

Zhang, 2016). Furthermore, in the hippocampus, evodiamine

significantly reduces neuroinflammation (TNF-α, IL-1β, and IL-6)

and glial cell activation, rendering it a potential treatment

for neurodegenerative diseases such as Alzheimer’s disease

(Wang et al., 2018). Despite concerns about evodiamine-induced

hepatotoxicity and cardiotoxicity, its effectiveness against various

cancer cells (lung cancer, gastric cancer, oral cancer, colorectal

cancer, and pancreatic cancer) cannot be dismissed (Wei et al.,

2012; Sachita et al., 2015; Wen et al., 2015; Zhao et al.,

2015; Zou et al., 2015; Yang W. et al., 2017). Additionally,

evodiamine exhibits anti-inflammatory and antioxidative stress

potency, and one study suggests its potential as a therapeutic lead

compound in liver diseases (Zhang et al., 2018, 2022; Li et al.,

2020).

Given the broad-spectrum antiviral effects of alkaloids

against various DNA and RNA viruses, evodiamine has also T
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demonstrated promising therapeutic effects against viruses

such as influenza A virus (Dai et al., 2012; Abookleesh

et al., 2022). Consequently, natural evodiamine derivatives

were considered for identifying potential therapeutic agents

for Lassa fever treatment in the present study. In light

of the comprehensive findings, the ingeniously designed

evodiamine demonstrates promising potential in combating

both the Lassa virus glycoprotein spike and the Lassa virus

nucleoprotein, with favorable ADMET and drug-likeness

properties and molecular dynamic simulations validating

their stability.

5. Conclusion

Lassa fever, a neglected tropical disease, lacks FDA-

approved vaccines and has limited treatment options. This

study aimed to identify promising therapeutic candidates,

focusing on evodiamine derivatives from the PubChem

database. Using the PyRx application, computational docking

was performed, followed by theoretical bioavailability and

toxicological predictions via pkCSM and Swiss ADME

tools. The results revealed that most selected inhibitors

demonstrated favorable binding energies with the Lassa virus

glycoprotein spike and nucleoprotein. Molecular dynamic

simulations supported the stability of the protein–ligand

complexes. Meeting Lipinski’s criteria, ADME analysis

indicated that the investigated inhibitors were generally

safe. However, patients with impaired liver function should

exercise caution due to potential hepatotoxicity. Overall,

evodiamine derivatives showed potential as inhibitors

against Lassa virus glycoprotein spike and nucleoprotein,

warranting further wet lab validation to confirm these in

silico findings.
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Background: The alarming increase in tick-borne pathogens such as human 
Babesia microti is an existential threat to global public health. It is a protozoan 
parasitic infection transmitted by numerous species of the genus Babesia. Second, 
monkeypox has recently emerged as a public health crisis, and the virus has spread 
around the world in the post-COVID-19 period with a very rapid transmission 
rate. These two novel pathogens are a new concern for human health globally 
and have become a significant obstacle to the development of modern medicine 
and the economy of the whole world. Currently, there are no approved drugs 
for the treatment of this disease. So, this research gap encourages us to find a 
potential inhibitor from a natural source.

Methods and materials: In this study, a series of natural plant-based biomolecules 
were subjected to in-depth computational investigation to find the most potent 
inhibitors targeting major pathogenic proteins responsible for the diseases caused 
by these two pathogens.

Results: Among them, most of the selected natural compounds are predicted 
to bind tightly to the targeted proteins that are crucial for the replication of 
these novel pathogens. Moreover, all the molecules have outstanding ADMET 
properties such as high aqueous solubility, a higher human gastrointestinal 
absorption rate, and a lack of any carcinogenic or hepatotoxic effects; most 
of them followed Lipinski’s rule. Finally, the stability of the compounds was 
determined by molecular dynamics simulations (MDs) for 100 ns. During MDs, 
we observed that the mentioned compounds have exceptional stability against 
selected pathogens.
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Conclusion: These advanced computational strategies reported that 11 lead 
compounds, including dieckol and amentoflavone, exhibited high potency, 
excellent drug-like properties, and no toxicity. These compounds demonstrated 
strong binding affinities to the target enzymes, especially dieckol, which displayed 
superior stability during molecular dynamics simulations. The MM/PBSA method 
confirmed the favorable binding energies of amentoflavone and dieckol. 
However, further in vitro and in vivo studies are necessary to validate their efficacy. 
Our research highlights the role of Dieckol and Amentoflavone as promising 
candidates for inhibiting both monkeypox and Babesia microti, demonstrating 
their multifaceted roles in the control of these pathogens.

KEYWORDS

molecular docking, molecular dynamics simulations, drug-likeness, admet, DFT, Babesia 
microti, monkeypox virus
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1. Introduction

Human babesiosis is a newly recognized tick-borne infection that is 
caused by an intraerythrocytic protozoan species belonging to the genus 
Babesia (Chand et al., 2022). In recent decades, the epidemiology of 
human babesiosis has shifted from a few isolated cases to the emergence 
of outbreaks in the northeastern and midwestern United States, and 
research has shown that human babesiosis develops within the red blood 
cells of humans and small rodents (Tanowitz and Weiss, 2009). There 
have been more than 100 human occurrences documented in the 
United States, with the most severe infections occurring in individuals 
who already have compromised immune systems (Djokic et al., 2018; 
Kumar et al., 2021). Another investigation suggested that Babesia microti 
is the most prominent causative agent of babesiosis in humans in the 
United States, especially in the Northeast and upper Midwest, where the 
disease is naturally occurring. Babesia parasites were first identified in 
1888 in Romanian cattle (Vannier and Gelfand, 2020). The first human 
case of babesiosis was documented in the territory of the former 
Yugoslavia in 1957, and the second human case was reported in 
California in 1968 (Rosner et al., 1984). A year later, a third patient with 
babesiosis was discovered, and the species responsible for the disease was 
found to be B. microti. The patient was a native of Nantucket, which is 
located in the state of Massachusetts, and babesiosis was quickly 
identified as an epidemic ailment on the island (Kumar et al., 2021).

Human babesiosis can cause acute respiratory distress syndrome, 
hemolytic anemia, multiple organ failure, and death. While the parasite 
is transmitted to humans mainly by the bite of an infected tick, a growing 
number of instances of human-to-human transmission through blood 
transfusion have been documented (Mohr et al., 2000; Chiu et al., 2021).

More than one hundred species of Babesia have been reported, 
and these parasites can infect a wide variety of wild and domestic 
animals. Babesiosis is of major concern and pathogenicity, particularly 
in cattle, and has had a significant economic impact in several cattle-
producing nations (Spielman, 1994; Kumar et  al., 2021). Babesia 
veratrum is the principal species identified as a human pathogen. 
Several different genetically similar pathogen substrains have been 
documented to infect humans. These include the Babesia divergens-
like and the Babesia microti-like viruses (Hunfeld et al., 2008; Kumar 
et  al., 2021). According to the most recent statistics from the 
U.S. Centers for Disease Control and Prevention (CDC), more than 
16,000 cases of babesiosis have been documented in the United States 
between 2011 and 2019, with the majority of confirmed cases in the 
Northeast. Most instances were recorded in New York, Massachusetts, 
and Connecticut during this period (Yannielli and Alcamo, 2009; 
U.S.NEWS, 2023). CDC researchers have described babesiosis as not 
endemic in Maine, New Hampshire, or Vermont, but these states have 
experienced increases comparable to or greater than those observed 
in areas where the infection is endemic (U.S.NEWS, 2023).

Furthermore, the viral zoonotic disease known as monkeypox is 
caused by the MPOX virus, which is related to the variola virus (which 
causes smallpox). Skin lesions or rashes that are typically limited to the 
face, hands, and feet are the hallmarks of the monkeypox infection. In 
1970, a person in the Democratic Republic of the Congo was identified as 
the first human case of monkeypox. The subject was nine months old, and 
the incident occurred in a region of the country where smallpox had been 
eradicated as recently as 1968. Since then, the vast majority of reports have 
come from remote, tropical areas of the Congo Basin, primarily in the 
Democratic Republic of the Congo, with increasing evidence that the 

disease is spreading throughout Central and West Africa (Parker et al., 
2007; Farasani, 2022). In 1970, clinical isolates of monkeypox were  
found in 11 African countries, namely Benin, Cameroon, the 
Central African Republic, the Democratic Republic of the Congo, Gabon, 
Liberia, Nigeria, Sierra Leone, and South Sudan (Beer and Rao, 2019). The 
potential severity of monkeypox in humans is still unknown. For example, 
in 1996 and 1997, the Democratic Republic of the Congo experienced an 
outbreak with unusually high incidence rates but a lower-than-usual case 
fatality rate. Since 2017, more than 500 new cases, 200 of which were 
confirmed, and a case fatality rate of approximately 3% have all been 
reported in Nigeria (Yinka-Ogunleye et al., 2018; Antunes et al., 2022). 
Thus, monkeypox is currently considered a threat not only to countries 
in West and Central Africa but to the entire world. This means that it is a 
significant public health concern worldwide.

In 2003, the United States of America became the first country 
outside of Africa to experience an outbreak of monkeypox (Sah et al., 
2022). Prairie dogs kept as pets were identified as the source of this 
infection. These pets shared a cage with dormice and Gambian pouched 
rats illegally imported from Ghana. More than 70 cases of monkeypox 
have been identified in the United States as a result of this epidemic 
(Kabuga and El Zowalaty, 2019). Travelers from Nigeria have also been 
reported to have developed monkeypox in Israel in September 2018, in 
the United Kingdom in September 2018, in Singapore in December 
2019, May 2021, and May 2022 (Adegboye et al., 2022), and in the 
United States of America in July and November 2021 (Kumar et al., 
2022). In May 2022, multiple occurrences of monkeypox were detected 
in different countries. Since the beginning of May 2022, more than 3,000 
cases of monkeypox virus infection have been documented in 
approximately 50 countries in five regions. These findings prompted the 
World Health Organization (WHO) to declare monkeypox an “emerging 
global public concern” on 23 June 2022 (Thornhill et al., 2022).

Although human babesiosis and monkeypox are both life-
threatening conditions, there are currently no effective therapies or 
vaccines available to combat these diseases. Therefore, a viable drug 
to control human babesiosis and the monkeypox infection is urgently 
required to prevent another pandemic like SAR CoV-2 (Kumar et al., 
2022; Nolasco et  al., 2022). Thus, this study intends to explore 
potentially valuable drugs derived from natural sources. Since nature 
is regarded as a fantastic source of cures for all kinds of diseases 
(Jafari Porzani et  al., 2022), in this case, in silico methods were 
chosen, and different drug design approaches were applied to 
establish them as potential candidates.

In silico strategies provide a framework for assessing the function 
of potential therapeutics against specific biological targets, which 
enables the selection of those with the best possible drug candidate for 
further in vitro and in vivo studies (Vougas et  al., 2019). In silico 
techniques can also be  used to monitor the function of existing 
therapeutics against biological targets. These techniques have reduced 
the time and cost of novel drug development by minimizing the use of 
resources in laboratory testing (Yu et al., 2022). The investigation of the 
effectiveness of natural product-derived drugs against monkeypox and 
MERS CoV-2 viral proteins is one of the areas where in silico 
approaches are beneficial. In the field of biomedicine, the development 
of in silico assays has proven to be quite beneficial, including molecular 
docking, molecular dynamics simulation, and ADMET analysis, which 
are both straightforward and reliable. Thus, this innovative research 
was conducted to investigate the efficacy of natural inhibitors against 
the monkeypox virus and B. microti (Tabti et al., 2022).
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2. Materials and methods

2.1. Ligand preparation and molecular 
optimization

Calculation of thermodynamic, molecular orbital, and molecular 
electrostatic characteristics is essential to computational chemistry, 
and quantum mechanical techniques are often used in this field. 
Gaussian 09 software was used to refine and optimize the geometry of 
selected natural molecules (Gaussian et  al., 2009). Then, the 
optimization process was carried out using DFT (3-21G) with Becke’s 
and Lee, Yang, and Parr’s (LYP) (B) functional theory. During the 
optimization process, water was used as the solvent medium. After 
optimization, all compounds were saved in SDF format for further 
computational work (Amin et  al., 2022). Finally, the optimized 
structures were viewed in Material Studio 08, and the 3D structure 
was captured as shown in Figure 1.

2.2. Protein preparation and molecular 
docking study and visualization

The crystal structures of Babesia microti lactate dehydrogenase 
(PDB ID 6J9D), Babesia microti lactate dehydrogenase apo-form (PDB 
ID 6 K12), monkeypox virus profilin-like protein (PDB ID 4QWO), and 
monkeypox virus DNA polymerase (PDB: 8HG1) were acquired from 
the RCSB Protein Data Bank (https://www.rcsb.org/; Burley et al., 2017). 
The three-dimensional protein structures were imported into the 
BIOVIA Discovery Studio Visualizer software to remove water 
molecules and unwanted heteroatoms (Figure 2). Water molecules often 
have no role in the substrate’s ability to bind to the receptor. They were 
thus removed to accelerate computations and free up the binding site. 
Additionally, the intended active site of the receptor may be occupied 
by previously docked, unwanted heteroatoms. As a consequence, they 
were removed to free up the active site and speed up computations. 
Swiss PDB Viewer v.4.10 was employed for energy minimization 
(Sharma et al., 2019). PyRx version 0.8 virtual screening tools were used 
for docking with AutoDock Vina (Dallakyan and Olson, 2015). Finally, 
the docking results, complex structure, binding affinity, non-binding 
interactions, and binding pocket were visualized using the BIOVIA 
Discovery Studio Visualizer 4.5 software tools (Nath et al., 2021).

2.3. Determination of ADMET, Lipinski’s 
rule, and pharmacokinetics

Drug-like and non-drug-like compounds were differentiated using 
Lipinski’s rule of five. Drug-like criteria were used to more efficiently 
determine a molecule’s drug-like qualities in its structural characteristics 
(Walters et  al., 1999; Walters and Murcko, 2002). Important 
pharmacokinetic properties such as hydrogen bond acceptor, hydrogen 
bond donor, TPSA, bioavailability, molecular weight, and consensus log 
Po/w were estimated using SwissADME (http://www.swissadme.ch/
index.php; Daina et al., 2017). Lipinski’s Rule was also determined using 
the same web server.

ADMET stands for Absorption, Distribution, Metabolism, 
Excretion, and Toxicity. These pharmacological properties are 
determined for each drug candidate. Drug development significantly 

depends on ADMET characteristics, with 50% of drugs failing because 
they violate these pharmacokinetic principles (Li, 2001). In silico 
ADMET studies were performed using an online web tool server 
called pkCSM (https://biosig.lab.uq.edu.au/pkcsm/prediction; Pires 
et  al., 2015). Several pharmacokinetic parameters such as water 
solubility, coca-2 permeability, human intestinal absorption, Blood–
Brain Barrier (BBB) penetration, cytochrome P450 inhibition and 
substrate, AMES toxicity, skin sensitization, and hepatotoxicity levels 
were calculated for selected natural compounds.

2.4. Calculation of QSAR and pIC50

The abbreviation of QSAR is Quantitative Structure–Activity 
Relationship, which establishes a relationship between the chemical 
structure and the biological activity of chemical compounds (Miladiyah 
et al., 2018). QSAR is a quantum chemistry method that predicts the 
efficacy of compounds in drug discovery and development (Devillers, 
1996). To perform QSAR and pIC50 we used a freely available website 
called ChemDes (http://www.scbdd.com/chemopy_desc/index/; 
Kumer et al., 2019). These web services provided data such as Chiv5 
molecular connectivity, bcutm1 mean burden descriptors, MRVSA9, 
MRVSA6, and PEOEVSA5 are MOE type descriptors and GATSv4 
indicating autocorrelation descriptors, with the last two parameters J 
and diameter suggesting topological descriptors of drug molecules for 
reported ligands. To determine and calculate the QSAR and pIC50, the 
mentioned parameters were first collected from the ChemDes database, 
and after developing the multiple linear regression (MLR) in an Excel 
sheet and calculating the pIC50 value, the mentioned MLR equations 
were applied for calculating the pIC50 values.

pIC50 (Activity) = −2.768483965 + 0.133928895 × (Chiv5) +  
1.59986423 × (bcutm1) + (− 0.02309681) × (MRVSA9) + (− 0.002946101) 
 × (MRVSA6) + (0.00671218) × (PEOEVSA5) + (− 0.15963415) × (GATSv4)  
+ (0.207949857) × (J) + (0.082568569) × (Diametert) (Siddikey et al., 2022).

2.5. Molecular dynamics simulations

Molecular dynamics simulations were performed using the 
GROMACS package on the docked protein-ligand complex to 
determine structural stability and protein properties. The simulation 
was carried out for 100 ns in water, and the AMBER force field was 
used. Trajectory and energy files were noted every 2 fs (Mir et al., 2022).

For solvation purposes, we  used truncated cubic boxes that 
contained TIP3P water molecules. The box dimensions and vectors 
were set to 3.256 × 3.061 × 3.142 nm and 5.7 × 5.7 × 5.7 nm, respectively. 
To effectively comply with the minimum image convention, the 
protein was centered in the simulation box at a minimum distance of 
1 nm from the box edge. The entire system contained 56,242 atoms, 
and the simulation was executed in 0.15 M KCL by adding the 
necessary potassium and chloride ions. Energy minimization is a 
critical step to avoid static clashes. Therefore, energy minimization 
was performed using the steepest descent method for 5,000 steps. The 
process was terminated when the total maximum force of the system 
reached <1,000 (KJ mol − 1 nm − 1), followed by a brief 100 ps (50,000 
steps) equilibration in the NVT ensemble and then 1,000 ps (1,000,000 
steps) in the NPT ensemble.
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Furthermore, a stable temperature and pressure of 300 K and 1 atm 
were maintained using the Parrinello-Rahman algorithm for weak 
coupling velocity rescaling (modified Berendsen thermostat). The 

relaxation intervals were set to τ T = 0.2 ps and τ p = 1.0 ps. A Verlet 
scheme was applied to calculate non-bonded interactions. All x, y, and z 
directions used Periodic Boundary Conditions (PBC). Interactions 

FIGURE 1

Optimized molecular structures of natural compounds.
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within a short-range threshold of 1.2 nm were calculated at each time 
step. The electrostatic interactions and forces for a homogeneous medium 
outside the long-range limit were calculated using Particle Mesh Ewald 
(PME). The trajectories generated during the 100 ns production run were 
utilized to calculate the radius of gyration (Rg), Root-Mean Square 
Deviation (RMSD), and Root-Mean Square Fluctuation (RMSF). All 
graphs were generated and visualized in Xmgrace.

2.6. Free energy calculations

The free binding was calculated using the traditional MM/PBSA 
method. The trajectories generated during the MD simulations were 
used for the free binding energy calculations. The ionic strength of the 
system was 0.150 M concentration with default grid dimensions. The 
non-polar solvation energy was calculated using the solvent-accessible 
surface area (SASA) model. The default values of solvent surface 
tension and SASA energy constant from previous MM/PBSA 
calculations of 0.0226778 kJ/mol Å2 and 3.84982 kJ/mol, respectively, 
were also used. The average free binding energy of dieckol, 
amentoflavone, and the co-crystallized ligand cidofovir with 
monkeypox virus profilin-like protein and monkeypox virus DNA 
polymerase was determined using the MM/PBSA method 
(El-Barghouthi et  al., 2009). The average free binding energy was 
calculated by the bootstrap method using MmPbSaStat.py. The 
decomposition energy of each amino acid contributing to the free 
energy binding was calculated using the MmPbSaDecomp.py module 
of g_mmpbsa. The ΔGbind was calculated according to the following 
equation (1).

	 ” Gbinding complex protein ligand= − ( ) + ( )∆ ∆ ∆G G G 	 (1)

The above-mentioned method has been implemented by several 
authors to calculate the free binding energy of molecular scaffolds 
with template targets (Mir and Nayak, 2021; Mir et al., 2022, 2023).

2.7. DFT calculation

Optimizations of the selected phytochemicals were performed by 
use of functional B3LYP and basis set 6-311G++ of Gaussian 09v 
program (Kashyap et al., 2021; Kumer et al., 2022). The electronegative 
atom, oxygen, was assumed to be common to produce accurate results. 
Once the geometric optimization was done, molecular frontier orbital 
diagrams were identified: HOMO and LUMO. The HOMO and LUMO 
orbitals and their corresponding magnitudes were created using 
vibrational frequencies from the visualization interface of the Gaussian 
09 program. The LUMO and HOMO were calculated from these 
frontier orbital energies, and the energy gap (E gap) was determined. 
Finally, the hardness (η ), and softness (S) were observed through the 
DFT approach, which refers to the behavior of the molecule.

3. Analysis of the results

3.1. Lipinski’s rule and pharmacokinetics

The drug-like assessment is a qualitative approach used to develop 
drugs or drug-like substances with respect to various parameters, such 
as bioavailability. In addition, the field of pharmacokinetics describes 
what happens to a chemical after it is absorbed by a living organism. 
Drug-likeness methods and Lipinski’s rule of five help predict 
pharmacokinetic parameters based on the structure of the compound 
(Lipinski, 2004). The majority of the selected compounds in the 
current study, excluding dieckol, pectolinarin, and rhoifolin adheres 
to Lipinski’s rule of five. These three molecules obeyed Lipinski’s rule 
of five due to their higher molecular weights. Therefore, by ignoring 
the molecular weight, we  continued with further computational 
studies. All the drug compounds in Table 1 have good bioavailability 
scores (most of them 0.55, or 55%), which indicate how much of the 
medication is absorbed into the bloodstream—lipophilicity, expressed 
by the logarithm of the octanol–water partition coefficient log P. In the 
development of new drugs, the assessment of lipophilicity values 

FIGURE 2

Three-dimensional protein structure of the monkeypox virus (Minasov et al., 2014; Yu et al., 2019; Peng et al., 2022).
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should be significant to understand the affinity of any drug to a lipid 
environment (Pallicer et al., 2014).

3.2. Molecular docking analysis against the 
targeted receptor of the monkeypox virus

The molecular docking technique predicts the binding orientation 
of a ligand molecule to a specific biological macromolecule. This 
approach is also constructive for assessing how drug molecules can 
bind to biological target (Singh et  al., 2022). Monkeypox virus 
profilin-like protein and monkeypox virus DNA polymerase were 
selected as receptor molecules to perform molecular docking. Blind 
docking was included for both receptors (Table  2). Dieckol and 
amentoflavone exhibited the most promising docking outcomes, with 
dieckol having a binding affinity of −10.1 Kcal/mol for profilin-like 
protein and − 10.5 Kcal/mol for monkeypox virus DNA polymerase. 
This suggests that dieckol forms a stronger bond with the receptor 
macromolecules than cidofovir (the standard drug) and that this 
compound may play a critical role in the long-term stabilization of 
this protein. On the other hand, amentoflavone also showed strong 
binding affinity where the compound binds with profilin-like proteins 
with −9.5 Kcal/mol and amentoflavone-monkeypox DNA 
polymerase-bound complex exhibited binding affinity of −10.3 Kcal/
mol. The docking profile for the rest of the compounds (except 
alloaromadendrene) was also promising, as these compounds also 
exhibited better binding affinity than cidofovir, but dieckol and 
amentoflavone were selected for further investigation with the most 
convincing binding affinity.

3.3. Molecular docking analysis against 
targeted human Babesia microti

Babesia microti lactate dehydrogenase and Babesia microti lactate 
dehydrogenase apo-form were docked against ligands selected to 
determine which ligands should be  considered for molecular 
dynamics simulations. For Babesia microti lactate dehydrogenase, the 
standard drug diminazene expressed a binding affinity of −6.4 Kcal/
mol. All the selected ligands showed better binding affinity than the 
standard drug, with amentoflavone (−10.2 Kcal/mol) and dieckol 
(−11.1 Kcal/mol) exhibiting the strongest binding affinity for the 
receptor. On the other hand, diminazene had a binding affinity of −6.2 
Kcal/mol for the apo-form of Babesia microti lactate dehydrogenase. 
Amentoflavone (−10.0 Kcal/mol) and dieckol (−10.4 Kcal/mol) again 
expressed robust binding affinity toward receptors. Isofucosterol, 
psoralidin, tomentin A, chlorogenic acid, pectolinarin, rhoifolin, 
oxymatrine, and sanguinarine also exhibited promising docking 
scores (Table  3) against both receptors, with outstanding binding 
affinity but lower than amentoflavone and dieckol.

3.4. Molecular docking pose and 
interaction analysis

Molecular docking allows the prediction or investigation of the 
interactions that are the key components that substantially influence 
the affinity of a ligand for a receptor. According to molecular docking 

studies, the receptor-ligand complex with the lowest amount of energy 
excreted is considered to have the highest binding affinity. From the 
previous step, we selected amentoflavone and dieckol as the most 
suitable ligands with the lowest binding energy and the highest 
binding affinity score for selected proteins. The receptor protein-
ligand docked complexes are shown in Figure 3.

For the monkeypox virus profilin-like protein, amentoflavone 
formed a pi-sigma bond with ILE A:32 and ILE A:59; a pi-alkyl bond 
with PRO A:60; a conventional hydrogen bond with PHE A:41. On 
the other hand, dieckol formed a conventional hydrogen bond with 
ARG A:138 and GLU A:107; a pi-alkyl bond with VAL A:93 and ARG 
A:139; a pi-pi stacking with TYR A:142. There was no pi-sigma bond 
observed for dieckol.

Additionally, for Babesia microti lactate dehydrogenase, dieckol 
formed a conventional hydrogen bond with GLY A:32, GLY A:97, ASP 
A:195, and GLY A:246; a pi-alkyl bond with VAL A:31, ALA A:99, and 
ALA A:238; a Van der Waals bond with ALA A:30; a pi-sigma bond 
with GLY A:194; a pi-pi stacking with GLY A:29; a pi-pi T-shaped with 
TYR A:239. On top of that, dieckol with Babesia microti lactate 
dehydrogenase apo-form formed a conventional hydrogen bond with 
GLY A:29, GLY A:97, THR A:95, and GLN A:100; a pi-alkyl bond with 
VAL A:31, ALA A:96, and ALA A:238; a pi-sigma bond with GLY 
A:194; a pi-pi stacking with HIS A:193 and TYR A:239, and a pi-donor 
hydrogen bond was observed at residue ARG A:99.

3.5. ADMET data analysis

The pharmacokinetic properties of the studied compounds are 
shown in Table  4. We  evaluated the absorption features of the 
compounds based on water solubility, Caco-2 permeability, and 
human intestinal absorption. Drug absorption depends on water 
solubility; a higher water-soluble compound implies higher absorption 
properties and ample bioavailability (Xu et al., 2013). Compound 02 
is more water-soluble than compound 07, which is marginally more 
water-soluble. Caco-2 is a human colorectal adenocarcinoma cell line 
that has been immortalized and is primarily utilized as a reference 
model of the intestinal barrier (Lea, 2015). Compounds 11 and 05 
show maximum (2.107) and minimum Caco-2 permeability (−0.967). 
The human intestinal absorption (HIA) rate is essential in predicting 
how well a medicine will be  absorbed when administered orally 
(Arora and Khurana, 2022). Compound 09 has the lowest percentage 
(24.308%) of HIA, while compound 11 has the maximum percentage 
(100%) of Hof IA. Table 4 displays drug distribution characteristics 
such as the blood–brain barrier and volume of distribution (VD). A 
lower VD score (<−0.15) indicates that the therapeutic agent is more 
uniformly distributed in plasma as opposed to tissue, whereas a higher 
VD score (>0.45) reflects that the pharmaceutical molecule is more 
uniformly transported in tissues. Compound 03 has the lowest VD 
value, but compound 09 has a higher VD value. Additionally, the 
blood–brain barrier (BBB) prevents the substance from entering the 
brain and central nervous system. Only two of our reported 
biomolecules, alloaromadendrene, and isofucosterol, can cross 
the BBB.

Following drug distribution, the liver breaks down the compound 
through various enzymatic processes. The isoenzyme cytochrome P450 
is in charge of the biotransformation and metabolism of drugs (Cresteil 
et al., 1994). The importance of drug metabolism by cytochrome P450 
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can be  attributed to concerns about medication toxicity and 
pharmacological effects (Ogu and Maxa, 2000). There are several 
routes for a drug molecule to be  excreted from the body, namely 
through the liver, bile, and kidneys. A valuable piece of information for 
estimating drug excretion is the total clearance rate of the drug 
molecule. It indicates the amount of drug excreted per unit by the 
combination of the liver and kidney (Dowd et al., 2010). Organic cation 
transporter two, or OCT2 substrate, is a crucial excretion factor 
because it improves renal clearance. None of the compounds were 
predicted to act as OCT2 substrates. One of the leading causes of 
unsuccessful medication development is toxicity. None of our 
compounds showed any toxicity, such as skin sensitivity or liver 
damage, except compounds 04 and 11, which showed AMES toxicity.

3.6. Quantitative structure–activity 
relationship and pIC50

The Quantitative Structure–Activity Relationship (QSAR) is a 
computer modeling approach that has been applied and used in the 
area of drug discovery and design to predict the biological activity of 
chemical compounds based on their molecular structures. This is 
accomplished and used mainly in the development of new drugs, 
especially in computer-aided drug design. It involves the development 
of mathematical models that connect the physicochemical descriptions 
or structural aspects of molecules to their biological action (Patel 
et al., 2014; Wang et al., 2015).

The standard ranges of QSAR are considered below 10. Any 
molecule below 10 is potential, according to the theory (Ahamed 
et al., 2023). In our current investigation, the overall values of QSAR 
and pIC50 are positive (Table 5) and they are satisfied with standard 
ranges. The highest and lowest values of pIC50 are 6.26 and 4.45, 
respectively. The outcome of PIC50 suggests that the compound may 
have therapeutic efficacy against the targeted disease.

3.7. Molecular dynamics simulations for 
monkeypox complexes

Molecular dynamics simulations are essential to determining the 
structural conformations of protein-ligand complexes. Promising 
interactions of dieckol with PDB 4QWO further encourage us to 
perform MD simulations. Figure  4 shows the RMSD of dieckol, 
amentoflavone, and cidofovir with monkeypox virus profilin-like 
protein. It was observed that the RMSD of Dieckol remains between 
0.1–0.2 nm throughout the simulations, but some jumps of dieckol 
have also been observed at the time scales of 40, 80, 83, and 85 ns of the 
simulations; this does not show any effect on the ligand binding with 
the binding site. Dieckol remained stable in the binding site throughout 
the simulation period. The RMSD of amentoflavone with monkeypox 
virus profilin-like protein remained intact throughout the simulation 
period. Also, the reference ligand, cidofovir, is a common drug used to 
treat the monkeypox virus. The MD simulations revealed that Cidofovir 
showed robust binding with the monkeypox protein for 45 ns of the 
time scale, then the cidofovir showed a higher change in conformations 
after 98 ns of the period, then unbinding of the cidofovir was observed 
after 98 ns of the period. This study demonstrated that dieckol is more 
stable than cidofovir and amentoflavone, as observed from the T
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conformations of the molecules during simulations. Therefore, dieckol 
will exert more significant inhibition of the monkeypox virus than 
cidofovir. Next, each ligand was superposed with the respective ligand, 
and the conformations were calculated and represented in the form of 
root mean square deviations (RMSD) in Figures 4, 5.

The stability of the complexes was determined from the Cα 
backbone of the monkeypox virus protein complexed with cidofovir, 
amentoflavone, and dieckol. The Cα backbone is a crucial parameter 
in the MD simulation to determine the stability of the complexes. The 
monkeypox virus complexed with cidofovir, amentoflavone, and 
dieckol was compared with the apo complex. This analysis logically 
gives an in-depth idea of the effects on the structures due to the 
ligand binding. The RMSD of the apo complex (without ligand) 
ranged between 0.1–0.15 nm and reflects the stable trajectory 

throughout the simulation period parallel to the amentoflavone-
bound monkeypox virus. The complex reference cidofovir bound to 
monkeypox showed minor fluctuations for 10–20 ns, then became 
stable. Again, minor fluctuations were observed in the RMSD on a 
time scale of 60–70 ns. Finally, dieckol complexed with the 
monkeypox virus showed stability throughout the simulation period, 
and the RMSD was found to be 0.9–1.1 nm. This study shows that 
dieckol is the most stable and has no effect on the Cα backbone of the 
monkeypox virus.

The root mean square fluctuations were found to be within an 
acceptable range; no higher fluctuations were observed; only the 
reference complex Cidofovir bound to monkeypox showed higher 
fluctuations at the terminal end. The limited fluctuations reveal the 
stability of the complexes in Figures 6, 7.

TABLE 2  Binding affinity against the monkeypox virus.

Name of compound Monkeypox virus profilin-like protein 
(PDB ID: 4QWO)

Monkeypox virus DNA polymerase 
(PDB: 8HG1)

Binding affinity (Kcal/mol) Binding affinity (Kcal/mol)

Alloaromadendrene −6.3 −6.9

Isofucosterol −8.3 −8.7

Amentoflavone −9.5 −10.3

Psoralidin −8.6 −8.5

Dieckol −10.1 −10.5

Tomentin A −9.1 −9.1

Chlorogenic acid −8.0 −6.9

Pectolinarin −8.4 −9.2

Rhoifolin −8.5 −9.6

Oxymatrine −7.0 −7.3

Sanguinarine −8.3 −9.0

Standard Cidofovir −6.5 −6.8

TABLE 3  Binding affinity against human Babesia microti.

Name Babesia microti lactate 
dehydrogenase (PDB ID: 6J9D)

Babesia microti lactate 
dehydrogenase apo form (PDB ID: 

6 K12)

Binding affinity (Kcal/mol) Binding affinity (Kcal/mol)

Alloaromadendrene −6.5 −6.2

Isofucosterol −7.9 −9.1

Amentoflavone −10.2 −10.0

Psoralidin −8.2 −7.9

Dieckol −11.1 −10.4

Tomentin A −8.1 −8.2

Chlorogenic acid −7.3 −7.5

Pectolinarin −8.2 −8.9

Rhoifolin −8.7 −8.7

Oxymatrine −7.5 −6.8

Sanguinarine −9.2 −8.4

Standard Diminaze −6.4 −6.2
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The compactness of the complexes was monitored, which 
primarily determines their rigidity. The higher the value of the 
radius of gyration (ROG), the more unstable the complex 
(Ghahremanian et al., 2022). Lower values result in greater stability 
in the complex. The apo complex, amentoflavone, and dieckol 
bound to the monkeypox virus showed ROG values of 1.3–1.33 nm 
throughout the simulation period, and similar compactness results 
in the stability of the complex. However, the reference complex 
Cidofovir bound with monkeypox showed higher ROG until 58 ns 
of the simulation period and then achieved ROG values that were 
comparatively similar to those of other complexes in the present 
study (Figure 8). Protein folding was calculated from the solvent-
accessible surface area (SASA). In the reference complex, the SASA 
value is comparatively higher than in the other complexes in the 
present study. Similarly, the lower SASA value demonstrates a 
higher protein folding and is referred to as a stable complex, 

whereas the higher protein folding results from the instability of the 
complexes. These results demonstrated that dieckol bound to the 
monkeypox virus showed linear trajectories and was correlated with 
the ROG (Figure 9).

3.7.1. Secondary structure analysis of proteins
The Definition Secondary Structure of Proteins (dssp) module in 

GROMACS was chosen to determine the structural changes of the 
monkeypox virus upon binding to amentoflavone and dieckol. The 
structural changes were correlated with the apo complex and the 
reference complex of cidofovir-bound monkeypox. Moreover, the 
changes in the apo complex and the reference complex (cidofovir-
bound monkeypox protein) were observed from the dssp plot. The 
amino acids located between 44–56 ns showed transitions between 
α-helix and loop turns at position 55 ns of the time scale until the end 
of the simulations (Figure 10A).

FIGURE 3

Docking interactions between the proposed compounds.
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TABLE 4  Thermotical ADME properties.

No Water 
solubility 

Log S

Caco-2 
permeability 

x 10−6

Human 
intestinal 

absorption 
(%)

VDss 
(human)

BBB 
permeability

CYP450 
1A2 

inhibitor

CYP450 
2D6 

substrate

Renal 
OCT2 

substrate

AMES 
toxicity

Skin 
sensitization

Hepatotoxicity

01 −5.764 1.395 95.302 0.753 Yes No No No No No No

02 −6.715 1.212 94.642 0.179 Yes No No No No No No

03 −2.892 0.145 84.356 −1.066 No No No No No No No

04 −3.979 1.048 93.488 0.052 No Yes No No Yes No No

05 −2.892 −0.967 68.892 −0.218 No No No No No No No

06 −3.502 −0.366 86.57 0.615 No No No No No No No

07 −2.449 −0.84 36.377 0.518 No No No No No No No

08 −2.986 0.309 41.847 0.684 No No No No No No No

09 −2.862 −0.942 24.308 1.14 No No No No No No No

10 −3.58 1.269 96.121 0.404 No No No No No No No

11 −5.56 2.107 100. 0.298 No Yes No No Yes No No

TABLE 5  Data of QSAR calculation.

Ligand Chiv5 bcutm1 (MRVSA9) (MRVSA6) (PEOEVSA5) GATSv4 J Diameter PIC50

01 3.846 3.972 0.0 12.52 32.923 0.0 1.898 6.0 5.18

02 6.776 3.972 0.0 23.298 57.917 0.566 1.447 15 6.26

03 3.214 4.156 21.938 93.243 0.0 0.878 1.195 17 5.04

04 2.199 4.247 32.908 57.965 11.649 0.951 1.493 12 4.62

05 3.68 4.04 0.0 66.73 0.0 0.809 0.873 25 6.11

06 3.192 4.001 5.783 40.956 6.066 0.834 1.395 16 5.32

07 1.708 3.866 18.015 29.839 6.066 1.172 1.829 13 4.45

08 3.365 4.116 10.969 46.622 0.0 0.957 1.236 21 5.71

09 3.236 4.106 10.969 52.688 0.0 0.961 1.286 18 5.43

10 4.694 3.931 5.907 5.207 0.0 1.002 1.676 7 4.76

11 2.846 4.215 32.448 42.595 6.066 0.761 1.27 11 4.57

163

https://doi.org/10.3389/fmicb.2023.1206816
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org


Akash et al.� 10.3389/fmicb.2023.1206816

Frontiers in Microbiology 12 frontiersin.org

Similarly, the reference complex showed bend changes into the 
loop turns, and the transitions occur among amino acids residing 
44–56, and transitions occur between α-helix, and loop turns at 20, 
41, 45, 70–80, and 90–100 ns of time scale during simulations 
(Figure 10D).

In the complex amentoflavone and dieckol bound to the 
monkeypox virus, the minor transitions occurred at amino acids 
residing at 44–56 ns, and transitions occurred between α-helix and 

loop turns at varied simulation periods (Figures 10B,C). The overall 
understanding of the simulations is that amentoflavone and dieckol 
bound to the monkeypox virus are stable complexes and need 
further investigation.

3.7.2. Free binding energy calculations
The free binding energy was calculated using the MM\PBSA method. 

The 60–100 ns generated trajectory was used for the free binding energy 

FIGURE 4

The conformations of dieckol, cidofovir, and amentoflavone with monkeypox virus during simulations in an aqueous medium. The trajectories are 
plotted, and the color represented is given in the legend box.

FIGURE 5

The RMSD of cidofovir, amentoflavone, and dieckol was calculated after superposing on the same molecular scaffold in the aqueous medium for 
100 ns of the simulation period.
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calculations (Table 6). All the molecules included in the present study 
showed lower contributions to hydrogen bonding. At the same time, a 
hydrophobic interaction was dominant in each complex. The binding 
energy exhibited by amentoflavone was found to be −115.610 ± 1.531  

kJ/mol, and for the dieckol complex, the binding energy was 
−207.080 ± 1.797 kJ/mol. The reference complex cidofovir exhibited 
ΔGbind 212.357 ± 2.766 kJ/mol, and the positive ΔGbind obtained by 
cidofovir was due to the unbinding that occurred during the simulations.

FIGURE 6

The stability of the complexes was monitored from the Cα backbone during the simulations; all complexes were found to have a stable Cα backbone; 
the most stable complex is dieckol.

FIGURE 7

The RMSF was calculated by using the RMSF module of GROMACS; parallel fluctuations were observed between the Apo complex and the other 
complexes complexed with the ligands. This demonstrates no significant fluctuations between Apo and other complexes, except that the reference 
cidofovir bound to monkeypox shows higher fluctuations at the terminal end.
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3.8. Babesia microti complexes MD 
simulations

We also conducted molecular dynamics simulations of 
amentoflavone, dieckol, and diminazene complexed with Babesia 
microti lactate dehydrogenase (PDB ID 6J9D). The RMSD of each 

ligand was monitored. It was found that each ligand was stabilized in 
the binding site, and the orientations were represented in the form of 
RMSD. It was observed that the RMSD of amentoflavone ranged 
between 0.2–0.38 nm throughout the simulations. The RMSD of 
dieckol with protein (PDB 6J9D) remained intact with the protein 
throughout the simulation period. Moreover, the standard ligand 

FIGURE 8

The radius of gyration refers to the compactness and rigidity of the complexes. The ROG trajectories are represented in the legend box for each 
complex.

FIGURE 9

The SASA values of the complexes as calculated by gmx_sasa. The reflected SASA trajectories were plotted for each complex, and the complex 
representations are given in the legend box.
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diminazene MD simulations revealed binding with the Babesia 
microti lactate dehydrogenase protein for 100 ns of the time scale, and 
the conformations showed stability from the start to the end of the 
simulations. This study demonstrated that amentoflavone, dieckol, 
and diminazene were found to be  stable, as observed from the 
conformations of the molecules during simulations. Therefore, 
amentoflavone, dieckol, and diminazene will significantly inhibit 
Babesia microti lactate dehydrogenase. Next, each ligand was 
superposed with the respective ligand, and the conformations were 
calculated in the form of RMSDs (Figures 11, 12). The stability of the 
whole protein was determined by calculating the RMSD Cα.  
The backbone Cα revealed that each complex remained stable 
throughout the simulation period. The conformations of backbone 
Cα were calculated in the form of RMSD Cα and the data points were 
found to be parallel to each other. No major changes in RMSD were 
observed, with the RMSD Cα ranging between 0.2–0.4 nm 
throughout the simulation period (Figure 13). The root mean square 
fluctuations of each amino acid present in the Babesia microti lactate 
dehydrogenase (PDB ID 6J9D) complexed with amentoflavone, 

dieckol, and diminazene were investigated during the simulation 
period. Fewer fluctuations indicated protein stability. The binding site 
amino acids showed fewer fluctuations, confirming that the binding 
of amentoflavone, dieckol, and diminazene does not affect the protein 
stability (Figure 14). Moreover, the compactness of each protein was 
investigated by calculating the radius of gyration; higher values result 
in protein instability, whereas lower values of the radius of gyration 
result in a more compact protein structure. The protein complexed 
with amentoflavone exhibited a lower radius of gyration value than 
the other two complexes, i.e., 6J9D complexed with dieckol and 
diminazene (Figure 15). Next, the protein folding was determined by 
calculating the solvent-accessible surface area. The higher the protein 
folding, the higher the SASA values. From the SASA plots, it was 
found that amentoflavone, dieckol, and diminazene complexed with 
6J9D were parallel, and the same protein folding was observed 
(Figure  16). Overall, these findings show that each complex of 
amentoflavone, dieckol, and diminazene complexed with Babesia 
microti lactate dehydrogenase was found to be stable. Further, in vitro 
experiments are required to validate this computational study.

FIGURE 10

Definition Secondary Structure of Protein (DSSP) analysis of Amentoflavone, Dieckol, Cidofovir bound monkeypox, and Apo complex.

TABLE 6  Free binding energy data.

Ligand ΔEvdw kJ/mol ΔEElec kJ/mol ΔEPolar solvation kJ/
mol

SASA kJ/mol ΔEbinding Energy kJ/
mol

Amentoflavone −168.239 ± 0.535 −20.276 ± 1.077 80.607 ± 1.282 −14.709 ± 0.038 −115.610 ± 1.531

Dieckol −197.578 ± 1.083 −215.037 ± 2.576 226.411 ± 1.348 −20.845 ± 0.075 −207.080 ± 1.797

Cidofovir −66.350 ± 0.922 250.383 ± 4.145 37.585 ± 2.008 −9.241 ± 0.094 212.357 ± 2.766
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3.8.1. Free binding energy calculations of the 
Babesia microti lactate dehydrogenase complex

The free binding energy was calculated using the MM\PBSA 
method. The 60–100 ns generated trajectory was used for the free binding 
energy calculations (Table 7). All the molecules included in the present 
study showed lower contributions to hydrogen bonding. At the same 

time, the hydrophobic interaction was dominant in each complex. The 
binding energy exhibited by amentoflavone was found to 
be −220.278 ± 2.302 kJ/mol, and for the dieckol complex, the binding 
energy was −252.554 ± 3.043 kJ/mol. The reference complex cidofovir 
had a ΔGbind of −38.166 ± 6.111 kJ/mol; the positive ΔGbind obtained by 
cidofovir was due to the unbinding that occurred during the simulations.

FIGURE 11

The ligand conformations were monitored in the aqueous medium for 100 ns of simulations. The RMSD of each ligand was monitored by superposition 
on the protein 6J9D, and the plotted trajectories are represented in the legend box.

FIGURE 12

The conformations of only ligands were monitored by superposition on the respective ligand, and the conformations were plotted in the form of 
RMSD.
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3.9. Frontier molecular orbitals and 
chemical reactivity descriptors

The following descriptors were used to determine the behavior of 
the phytochemicals selected in this study. The energy band gap 
between HOMO and LUMO was calculated, from which the Chemical 

Reactivity Descriptors were determined. This parameter is essential to 
determining the stability of the molecule. A higher band gap between 
HOMO and LUMO results in a more stable molecule, whereas a lower 
energy gap exhibits higher reactivity and is a useful parameter in 
determining kinetic stability. The energy gap was found to range 
between 3 and 6 eV, which indicates that the chosen molecules are 

FIGURE 13

The protein stability of each complex simulated for 100 ns was determined from the conformations of the Cα, and the RMSD Cα indicates that each 
complex was found stable.

FIGURE 14

The RMSF was calculated by using the RMSF module of the GROMACS; the parallel fluctuations complexed with the ligands were found in parallel.
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FIGURE 15

The radius of gyration is related to the compactness and rigidity of the complexes. The ROG trajectories are shown in the legend box for each 
complex.

FIGURE 16

The SASA of the complexes was calculated by gmx_sasa. The reflected SASA trajectories were plotted for each complex, and the complex 
representations are shown in the legend box.

TABLE 7  Free binding energy data.

Ligand ΔEvdw kJ/mol ΔEElec kJ/mol ΔEPolar solvation kJ/
mol

SASA kJ/mol ΔEbinding Energy kJ/
mol

Amentoflavone −245.713 ± 1.353 −94.143 ± 2.019 141.932 ± 1.144 −22.344 ± 0.122 −220.278 ± 2.302

Dieckol −269.596 ± 1.589 −162.381 ± 3.689 210.245 ± 1.678 −30.788 ± 0.118 −252.554 ± 3.043

Diminazene −126.488 ± 1.637 −247.210 ± 10.249 352.501 ± 4.680 −17.069 ± 0.128 −38.166 ± 6.111
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stable and reactive (Table 8). The HOMO and LUMO data calculations 
and frontier molecular orbital images are represented in Table  7; 
Supplementary Figure S1. The stability order of the molecules is as 
follows: alloaromadendrene, isofucosterol, dieckol, tomentin a, 
rhoifolin, amentoflavone, psoralidin, and pectolinarin. Their reactivity 
is in the reverse order of the above-represented molecules. Hardness 
determines how hard a compound is, and softness determines how 
quickly a compound dissolves or breaks down when in contact with 
the liquid phase. Hardness and softness are opposites of each other, 
and it is seen that the softness value for all compounds is much lower 
in comparison to hardness. Thus, it is estimated that these compounds 
will dissolve quickly (Rahman et al., 2022).

4. Discussion

The monkeypox virus and the Babesia microti parasite are highly 
pathogenic infectious diseases that have emerged as a growing public 
health concern in recent years. There is currently no specific treatment 
or vaccine available for these diseases, and they can cause severe illness 
and even death in some cases. There are significant differences between 
these two pathogens in their biology, physiological characteristics, and 
pathogenesis. The primary objective of this investigation is to inhibit 
the monkeypox virus profilin-like protein and Babesia microti lactate 
dehydrogenase. If this is possible, it would likely prevent and limit their 
ability to cause disease. In the case of monkeypox, inhibiting this target 
protein would likely prevent the virus from replicating in infected cells, 
reducing the severity of the infection and potentially preventing the 
spread of the virus to other individuals. On the other hand, inhibiting 
the target protein of Babesia microti would prevent the parasite from 
multiplying inside red blood cells, which is essential for its survival and 
ability to cause disease. This would likely limit the severity of the 
infection and reduce the risk of complications such as anemia that can 
result from the destruction of infected red blood cells.

Second, nature is an excellent source for novel drug development. 
So, the mentioned phytochemicals have been selected for having 
many pharmacological activities against different infectious diseases, 
and based on the literature, this study has been designed to investigate 
the dual function of some of these compounds against the mentioned 
virus and parasite using advanced computational and drug design 
approaches such as molecular docking, molecular dynamics 
simulation, DFT, ADMET, drug-likeness, etc. The molecular docking 
score was reported as outstanding against both pathogens. Then, free 
binding energy, molecular dynamics simulation, DFT, and other 
related studies are performed step by step, and all the levels of 
computational experiments are satisfied by the mentioned 
phytochemicals. Finally, this section should conclude that these 
phytocompounds could be further studied in a wet lab to investigate 
their actual performance and validate the computational result.

5. Conclusion

The application of advanced computational strategies and 
combined drug design approaches, such as ADMET evaluation, ligand 
drug-likeness quantification, and molecular docking analysis, has led 
to the identification and characterization of potential inhibitors of the 
viral pathogens Babesia microti and monkeypox. Through these T
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methods, a total of 11 promising lead compounds, including 
Alloaromadendrene, Isofucosterol, Amentoflavone, Psoralidin, 
Dieckol, Tomentin A, Chlorogenic acid, Pectolinarin, Rhoifolin, 
Oxymatrine, and Sanguinarine, have been demonstrated to have high 
potency against the active catalytic sites of the target enzymes, 
outstanding drug-like properties, and no toxic effects. Moreover, the 
binding affinities of the selected natural biomolecules were measured 
using the AutoDock Vina tool, resulting in ranges of −6.5 kcal/mol to 
−11.1 kcal/mol against Babesia microti lactate dehydrogenase (PDB 
ID 6J9D), −6.2 kcal/mol to −10.4 kcal/mol against Babesia microti 
lactate dehydrogenase apo form (PDB ID 6 K12), −6.3 kcal/mol to 
−10.1 kcal/mol for monkeypox virus profilin-like protein (PDB ID 
4QWO), and − 6.9 kcal/mol to −10.5 kcal/mol for monkeypox virus 
DNA polymerase (PDB ID 8HG1). Notably, Dieckol and 
Amentoflavone exhibited higher reactivity and better affinity for both 
the Babesia microti and monkeypox-targeted proteins, with high 
predicted affinities. Dieckol, in particular, demonstrated effective and 
potent binding ability against monkeypox and remained stable within 
the binding site during MD simulations. The MM/PBSA method 
calculated the highest negative free energy, with Amentoflavone and 
Dieckol showing free binding energies of −115.610 ± 1.531 kJ/mol 
and − 207.080 ± 1.797 kJ/mol, respectively, while Cidofovir showed a 
free binding energy of 212.357 ± 2.766 kJ/mol. This research focuses 
on the inhibition of monkeypox and Babesia microti using 
phytocompounds, and among them, the multifaceted role of Dieckol 
and Amentoflavone has been discovered, as they surprisingly bind and 
suppress both monkeypox and Babesia microti pathogens effectively.

6. Prospects of the study

In conclusion, the prospects of this study include conducting in 
vitro and in vivo validation of the lead compounds, particularly 
Dieckol and Amentoflavone, to assess their efficacy against 
monkeypox and Babesia microti. Structural optimization and 
combination therapy approaches hold promise for enhancing their 
potency and broadening their spectrum of activity. Additionally, 
clinical trials may be conducted to evaluate the safety and effectiveness 
of these compounds in humans. These future directions will contribute 
to advancing our understanding and potential treatments for 
inhibiting monkeypox and Babesia microti infections.

7. Limitations of the study

Despite the significant findings and promising results 
obtained in this study, several limitations should be acknowledged. 
First, it is important to note that this investigation is purely 
theoretical in nature, relying on computational methods and 
simulations. While these approaches provide valuable insights and 
predictions, further validation through extensive in vitro and in 
vivo experiments is required. The practical value of these 
phytochemicals can only be  determined through extensive 
preclinical and clinical studies. Additionally, this work focused on 
a specific set of target proteins associated with Babesia microti and 
monkeypox, and further investigation should expand the scope to 
include a broader range of potential targets. Furthermore, the 

study primarily explored the binding affinities and drug-like 
properties of the identified lead compounds, but factors such as 
pharmacokinetics, bioavailability, and potential side effects should 
be thoroughly investigated to ensure the development of newer 
and safer drugs from natural sources. Therefore, to fully validate 
the findings of this investigation and unlock the potential 
therapeutic applications of these compounds, it is imperative to 
conduct comprehensive experimental studies that include 
computational, preclinical, and clinical trials.
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Design, evaluation, and immune
simulation of potentially universal
multi-epitope mpox vaccine
candidate: focus on DNA vaccine

Nino Rcheulishvili†, Jiawei Mao†, Dimitri Papukashvili,

Shunping Feng, Cong Liu, Xingyun Wang, Yunjiao He* and

Peng George Wang*

Department of Pharmacology, School of Medicine, Southern University of Science and Technology,

Shenzhen, China

Monkeypox (mpox) is a zoonotic infectious disease caused by the mpox virus.

Mpox symptoms are similar to smallpox with less severity and lower mortality.

As yet mpox virus is not characterized by as high transmissibility as some severe

acute respiratory syndrome 2 (SARS-CoV-2) variants, still, it is spreading, especially

among men who have sex with men (MSM). Thus, taking preventive measures,

such as vaccination, is highly recommended. While the smallpox vaccine has

demonstrated considerable e�cacy against the mpox virus due to the antigenic

similarities, the development of a universal anti-mpox vaccine remains a necessary

pursuit. Recently, nucleic acid vaccines have garnered special attention owing to

their numerous advantages compared to traditional vaccines. Importantly, DNA

vaccines have certain advantages over mRNA vaccines. In this study, a potentially

universal DNA vaccine candidate against mpox based on conserved epitopes was

designed and its e�cacy was evaluated via an immunoinformatics approach. The

vaccine candidate demonstrated potent humoral and cellular immune responses

in silico, indicating the potential e�cacy in vivo and the need for further research.

KEYWORDS

monkeypox, mpox virus, universal vaccine, DNA vaccine, immunoinformatics, in silico,

epidemics, pandemics

1. Introduction

The history of pandemics has shown us that not a single virus outbreak should be

neglected as sooner or later the re-emergence of the same or even more virulent strain may

occur with severe outcomes. The spread of the monkeypox (mpox) virus was considered

limited to Central andWest African countries until May 2022 when it crossed the continental

borders and gained global health emergency status by World Health Organization (WHO)

on 23 July 2022 (Papukashvili et al., 2022b; World Health Organization, 2022b). Mpox

is a zoonotic disease with similar clinical manifestation as the smallpox virus which also

belongs to the genusOrthopoxviruswith an additional symptom of lymph node enlargement.

Mpox disease is characterized by a rash appearing 1–3 days following the onset of fever

and lymphadenopathy. The rash is usually distributed on the whole body, especially on

extremities (Sklenovská and Van Ranst, 2018), genitals, and anus (Kmiec and Kirchhoff,

2022; Mileto et al., 2022; Moschese et al., 2022; Sah et al., 2022; World Health Organization,

2022a). The mpox virus is a large, ∼280 nm X ∼220, brick/oval-shaped virus with a large

linear double-stranded ∼197 kb long DNA genome (Papukashvili et al., 2022b) with more
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than 190 open reading frames (ORFs) (Shchelkunov et al., 2002;

Kugelman et al., 2014; Kmiec and Kirchhoff, 2022; Vandenbogaert

et al., 2022; Zhu et al., 2022). The mpox virus produces two

infectious forms of virions from the infected cells—an intracellular

mature virion (IMV) and an extracellular enveloped virion (EEV)

with an extra envelope. The structure of the mpox virus is complex,

and many of the viral antigens are not well-studied. Infection by

EEV is more efficient than by IMV (Locker et al., 2000).

One of the main reasons for the recent mpox multi-country

outbreaks is the cessation of smallpox vaccination in 1980 which

seems reasonable as most of the current mpox cases are detected

in smallpox-unvaccinated people (Papukashvili et al., 2022b).

Although the smallpox vaccine which is based on the vaccinia

virus, another representative of Orthopoxvirus, is effective against

the mpox virus (Zandi et al., 2023), there is no specific mpox

vaccine available till now. The modified vaccinia virus Ankara-

Bavarian Nordic (MVA-BN), also known as Imvamune, Jynneos, or

Imvanex, is a third-generation authorized smallpox vaccine and is

also used as the mpox vaccine (Zaeck et al., 2022). Although the

currently available vaccine is effective for the mpox virus (CDC,

2022; Kandeel et al., 2023), Zaeck et al. have demonstrated that

immunization series with the two-shot MVA-BN vaccine, in non-

primed individuals, yields relatively low levels of mpox virus-

neutralizing antibodies (Zaeck et al., 2022). The line of preclinical

studies has made efforts in the development of the mpox vaccine.

Hooper et al. have shown that the DNA vaccine encoding the

antigens L1, A27, A33, and B5R protected rhesus macaques from

the lethal challenge of the mpox virus (Hooper et al., 2004). Other

studies have provided evidence of protection from the mpox virus

challenge in non-human primates after immunization with A27,

A33, B5, and L1 proteins (Buchman et al., 2010; Heraud et al.,

2022). However, these vaccines were strain-specific. Importantly,

recently worldwide spread mpox virus is of the West African

clade with a mortality rate of approximately 1–3.6% (Kmiec and

Kirchhoff, 2022; Kozlov, 2022; Yang, 2022), while the mpox of

Central African clade is deadlier with a mortality rate of up to

11% (Jezek et al., 1987; Shafaati and Zandi, 2022; Yang, 2022).

Considering the possible severe outcomes of whether the mpox

virus of the Central African clade is spread, developing a new

universal vaccine against mpox is urgently needed. Nucleic acid

vaccines have gained enormous attention in recent years due to

their efficacy, safety, cost-effectiveness, and time-saving features

compared with conventional approaches. Apparently, the available

mRNA vaccines for the current coronavirus disease 2019 (COVID-

19) have high efficacy and safety profiles (Pardi et al., 2018; Corbett

et al., 2020; Walsh et al., 2020; Haas et al., 2021; Kowalzik et al.,

2021; Liu et al., 2022b). On the other hand, studies onDNA vaccines

demonstrated no less advantageous features than mRNA vaccines

including the requirement of even less production time and high

stability (Flingai et al., 2013; Williams, 2013; Chavda et al., 2021b;

Xia et al., 2021; Wang et al., 2022). More importantly, there is

already an available DNA vaccine for COVID-19 approved in India

(Sheridan, 2021). According to the current situation of available

vaccines and the general epidemiological picture, developing a

universal next-generation effective anti-mpox vaccine is necessary.

To design a potentially universal DNA vaccine contender against

mpox virus, in the present research, according to their functions

and immunogenicity (Shchelkunov et al., 2002; Hooper et al.,

2004; Buchman et al., 2010; Hirao et al., 2011; Meng et al.,

2018; Zhang et al., 2023), sequences of four antigen proteins

(A5L, A15L, A35R, and B6R) were retrieved and aligned, and the

conserved sequences were selected to predict B-cell, MHC-I, and

MHC-II binding epitopes. Except for the importance of immune

response and protection against viral challenges, another rationale

behind choosing these representative antigens was to assess the

effectiveness of the novel antigen combination, aiming to propose

another candidate for an anti-mpox vaccine. After the design of

the vaccine, the final construct was optimized, and the structure

and various characteristics of the vaccine were predicted. Immune

simulation analyses demonstrated the strong humoral and cellular

responses that warrant the contribution of the vaccine candidate in

potentially universal multi-epitope DNA vaccine development.

2. Materials and methods

2.1. Selection of antigens, collection of
data, and selection of conserved sequences

Four antigen proteins, namely, A5L, A15L, A35R, and B6R,

were chosen according to their function in the life cycle and

immunogenicity of the mpox virus. This selection also aimed to

assess the immune responses generated by the vaccine against

this combination of antigens. They are the orthologs of vaccinia

virus glycoproteins—A4L, A14L, A33R, and B5R, respectively

(Shchelkunov et al., 2002). These antigens are highly conserved

among the mpox, vaccinia, and variola viruses. The protein

sequences of mpox virus antigens reported on the National Center

for Biotechnology Information (NCBI) database were retrieved.

The number of downloaded sequences for A5L, A15L, A35R, and

B6R was 1819, 355, 349, and 376, respectively. All the sequences

of A5L were used for further analyses as they met the selection

criteria such as the known length of the protein sequence. For the

rest of the three proteins, the redundant sequences were removed

according to their length and quality−179 sequences of A15L, 178

sequences of A35R, and 178 sequences of B6R were used for further

analyses. The software Jalview 2.11.1.4 was used for the alignment

and conservancy analysis (Waterhouse et al., 2009). The threshold

filter of conservation was adjusted to 10 below the threshold, and

the consensus sequence was used for B-cell and T-cell (MHC-I and

MHC-II binding) epitope prediction.

2.2. Epitope prediction and selection

NetMHCpan EL 4.1 server was applied for the prediction

of cytotoxic T lymphocyte (CTL) epitopes (https://services.

healthtech.dtu.dk/service.php?NetMHCpan-4.1) (Reynisson et al.,

2020). This server predicts the binding of peptides to any

MHC-I molecule of the known sequence using artificial neural

networks (ANNs) that are a collection of simple interconnected

algorithms processing information according to the external input.

The globally most prevalent alleles HLA-A∗01:01, HLA-B∗07:02,

and HLA-B∗08:01 were selected from the “Allele Frequency Net

Database” and used for the prediction of the MHC-I binding

epitope. The default parameters of the server were used: the
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threshold for strong binders was set to 0.5 (% rank), while for weak

binders it was 2%. The predicted peptides were identified as strong

binders when the % rank was below the set threshold (0.5%), while

the weak binders were considered when the peptide rank was above

0.5% and below 2%. For the prediction of helper T lymphocyte

(HTL) epitopes, the NetMHCIIpan-4.0 server which performs

the prediction of peptide binding to any MHC-II molecule of

the known sequence using ANNs was used. The worldwide

most prevalent MHC-II alleles DRB1∗07:01 and DRB1∗15:01 were

selected for the prediction of MHC-II binding peptides of the mpox

virus conserved sequences. According to the default parameters, the

predicted peptides were identified as strong binders when the %

rank was below the set threshold (1%), while the weak binders were

considered when the peptide rank was above 1% and below 2%. The

epitopes with the strongest binding capacity toMHC-I andMHC-II

alleles were selected. Both NetMHCpan-4.1 and NetMHCIIpan-

4.0 use the NNAlign_MA machine learning framework, which

has ANNs at its core. NetMHCpan-4.1, a computational tool,

has been trained using a comprehensive dataset comprising over

850,000 peptides with quantitative binding affinity (BA) and mass

spectrometry-eluted ligand (EL) information. The BA data utilized

in the training of NetMHCpan-4.1 encompass 170 MHCmolecules

from various species—humans (HLA-A, HLA-B, HLA-C, and

HLA-E), mice (H-2), cattle (BoLA), primates (Patr, Mamu, and

Gogo), equine (Eqca), and swine (SLA). The EL data used in the

analysis include 177 MHC molecules from a range of species, such

as humans (HLA-A, B, C, E), mice (H-2), cattle (BoLA), primates

(Patr, Mamu, and Gogo), swine (SLA), equine (Eqca), and dogs

(DLA). NetMHCIIpan-4.0 has been trained using a comprehensive

dataset comprisingmore than 500,000measurements of BA and EL.

This dataset covers the three human MHC class II isotypes, namely

HLA-DR, HLA-DQ, and HLA-DP, along with the mouse molecules

(H-2). The inclusion of EL data expands the coverage of MHC-II

molecules, as the BA data cover 59 molecules, while the EL data

cover 74 molecules. Both NetMHCpan-4.1 and NetMHCIIpan-4.0

are the currently recommended algorithms in Immune Epitope

Database (IEDB). They demonstrate cutting-edge performance and

surpass other algorithms in benchmark experiments (Reynisson

et al., 2020).

For predicting the linear B-cell epitopes, the IEDB with the

method of Bepipred linear epitope prediction tool (v2.0) was

utilized (Jespersen et al., 2017). The BepiPred-2.0 server performs

the prediction of B-cell epitopes from a protein sequence via a

random forest algorithm trained on epitopes and non-epitope

amino acids determined from crystal structures. The threshold was

set at 0.6 meaning that the residues scoring above the threshold

were predicted to be part of the epitopes. The B-cell epitopes were

then selected.

2.3. Multi-epitope DNA vaccine design

After the prediction of B-cell, MHC-I, and MHC-II epitopes,

the epitopes with the most optimal features were selected. Multi-

peptide vaccine construct was designed and epitopes of A5L,

A15L, A35R, and B6R were fused via the appropriate linkers. The

linkers play a crucial role in multi-epitope vaccine development

as their reasonable selection allows to enhance structural stability,

flexibility, and proper folding, as well as to increase the immune

response by allowing to include multiple epitopes in a single

vaccine construct. Thus, the well-described linkers KK, GPGPG,

and EAAAK were used to connect different peptide components.

EAAAK is a rigid linker that provides an alpha helix-forming

structure between the domains that enhances the stability and

maintains the constant spacing between the domains of the fusion

protein as well as preserves their functions (Chen et al., 2013).

B-cell epitopes were linked with a flexible KK linker (Rahmani

et al., 2021; Tarrahimofrad et al., 2021). The KK linker allows the

presentation of each linked epitope to antibodies while avoiding

antibody induction against the whole joined sequences resulting in

the antibody reactivity to each of the B-cell epitopes (Yano et al.,

2005). MHC-I andMHC-II epitopes were conjugated together with

another flexible linker GPGPG which is a glycine-rich linker, in

addition enhancing the solubility of vaccine construct, and also

provides high accessibility and flexibility for the adjacent epitopes

(Dong et al., 2020; Khan et al., 2021; Martinelli, 2022). Except

for the epitopes, to rationally optimize the fused multi-peptide

construct for the optimal immunogenic outcome, adjuvants were

also fused. Particularly, 45 amino acid long human β-defensin 3

(hBD3) with immunomodulatory effect (Hoover et al., 2003; Ali

et al., 2017; Qamar et al., 2020) was adjoined to the N-terminal

of the vaccine after the leading sequence of tissue plasminogen

activator which also facilitates the antigen presentation (Ahammad

and Lira, 2020). hBD3 is one of the top five adjuvants utilized for

COVID-19 subunit vaccines (Mekonnen et al., 2022). Furthermore,

defensins play a crucial role in defending against pathogen

infections as they effectively bridge the innate and adaptive immune

responses through leukocytes such as dendritic cells (DCs) and T

cells (Bellamkonda et al., 2022). The rigid linker EAAAK (Nezafat

et al., 2014; Tarrahimofrad et al., 2021) was used to conjugate

the hBD3 with the pan-HLA-DR-binding epitope (PADRE) which

triggers antigen-specific CD4+ T cells (Alexander et al., 2000).

EAAAK was used to connect the PADRE sequence to the rest of the

construct as well. For future in vitro validation of the expression

of the multi-epitope construct, the C-terminal polyhistidine tag-

−6xHis—was also adjoined (Boyoglu-Barnum et al., 2021). The

untranslated regions (UTRs) were included for ensuring the proper

stability and translation of the multi-epitope construct when it is

transcribed into mRNA and for allowing the translation efficiency

and stability of mRNA while validating the protein expression in

vitro and in vivo. The following UTRs were used: cytomegalovirus

(HCMV) immediate early (IE) partial sequence as 5′UTR, and

human growth hormone partial sequence as a 3′UTR as they have

demonstrated the effective stimulation of the protein production in

vivo (Rybakova et al., 2019).

2.4. Vaccine properties—In silico

assessment

The vaccine should have wide human population coverage.

Thus, the IEDB population coverage analysis tool was employed

to evaluate the worldwide human population coverage of the

designed DNA vaccine (Bui et al., 2006). The allergenicity of
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the designed vaccine was predicted via the AllerCatPro server

which predicts the allergenic proteins based on the similarity of

both their amino acid sequences and 3D structures compared

with the comprehensive dataset of already known allergens

from the WHO/International Union of Immunological Societies,

Comprehensive Protein Allergen Resource, Food Allergy Research

and Resource Program, UniProtKB, and Allergome (Maurer-Stroh

et al., 2019; Nguyen et al., 2022). VaxiJen v2.0 was applied to

predict the antigenicity of the multi-epitope protein construct

(Doytchinova and Flower, 2007a,b). The threshold was set as 0.4,

and default parameters were employed (Ghafouri et al., 2022).

The multi-epitope vaccine physico-chemical properties were

assessed by ProtParam (Gasteiger et al., 2005). Molecular weight

(MW), the composition of atoms and amino acids, instability,

estimated half-life, theoretical isoelectric point (pI), aliphatic

indexes, and grand average of hydropathicity (GRAVY) of the

vaccine construct were evaluated. The MW was determined by

summing amino acids’ average isotopic masses and the average

isotopic mass of a single water molecule. pI was calculated by amino

acids’ pKa value. Half-life estimation describes the necessary time

from protein synthesis until the disappearance of its half-amount

from the cell. The instability index was used to determine how

stable is the protein in a test tube. The value <40 estimates the

protein as stable. GRAVY calculates the hydropathicity index of

all amino acids divided by the length of the sequence. The larger

number denotes more hydrophobicity of amino acids (Gasteiger

et al., 2005). An aliphatic index is used to characterize the relative

volume of protein which is occupied by aliphatic side chains and

is considered a positive factor in increasing thermostability. The

solubility of the vaccine protein was predicted via DeepSoluE. This

server is a deep-learning predictor, and its prediction algorithm

outperforms the other servers for the prediction of protein

solubility (Wang and Zou, 2023).

2.5. Prediction and quality assessment of
the vaccine’s 3D structure

The 3D structure of the designed vaccine was constructed

via RoseTTAFold (Baek et al., 2021). This tool uses a three-

track network: integrating protein sequence patterns, amino acid

interactions, and 3D structure to accurately predict protein

structure and interaction (Baek et al., 2021). After the 3D structure

of the vaccine protein was predicted, it was optimized with

GalaxyRefine and FG-MD which is a molecular dynamics (MD)-

based algorithm for protein structure refinement at the atomic level

(Zhang et al., 2011; Heo et al., 2013). This immunoinformatics

approach uses molecular dynamics simulation and relaxes and

refines the protein structure (Heo et al., 2013). Predicting and

knowing the potential structure is important as it determines the

function of the protein that allows its application. As the predicted

3D structure provides the understanding of its interactions with

the immune system, it is then used for further analyses, e.g.,

prediction of B-cell discontinuous epitopes and molecular docking.

The tertiary structure quality of the 3D protein was then verified

with the Ramachandran plot and ERRAT. The Ramachandran

plot illustrates energetically permissible regions for the backbone

dihedral angles ψ and φ of amino acid residues within a protein

structure allowing the assessment of 3D protein structure quality

(Nelson et al., 2021). ERRAT also represents the quality but for

non-bonded interactions, and a higher score of ERRAT indicates

a higher quality of the tertiary structure of the protein.

2.6. Presence of conformational B-cell
epitopes in the vaccine

To predict the discontinuous B-cell epitopes, ElliPro was

employed. This tool is the recourse of the immune epitope database

(IEDB). It allows for predicting the conformational B-cell epitopes

according to the antigen’s tertiary structure. ElliPro associates

predicted discontinuous epitopes with protrusion index (PI) which

is averaged over epitopes’ residues. The approximation of the

antigen’s tertiary structure is achieved via the number of ellipsoids.

The PI score is defined based on the residue’s mass center which is

lying outside the largest ellipsoid. A higher value suggests higher

solvent accessibility which, on the other hand, is crucial in protein

stability and folding (Ponomarenko et al., 2008).

2.7. In silico immunization

The C-ImmSim server was utilized to analyze the simulated

humoral and cellular immune responses elicited against the multi-

epitope vaccine protein. After submitting the sequence of vaccines

in the FASTA format, the server predicts the immune responses via

a position-specific scoring matrix and machine learning algorithms

(Rapin et al., 2011). Two HLA-A (01:01 and 02:01), two HLA-B

(07:02 and 08:01), and two DRB (07:01 and 15:01) were selected

through Allele Frequency Net Database (AFND). The prime,

second, and booster doses of the vaccine were injected with 4 weeks

gap. The volume and steps of the simulation were 10 and 270,

respectively. The vaccine did not contain LPS. The random seed

was 12,345, and the injection time periods were 1, 85, and 169

(Rapin et al., 2010).

2.8. Docking of vaccine antigen with host
receptors

To evaluate the binding capacity of the vaccine antigen

to its recognition receptors of the host, molecular docking

analysis was conducted by the server of ClusPro. ClusPro

determines the molecular docking of two proteins providing

an outcome via presenting putative protein complexes in a

ranked list. Ligand conformation, orientation, and position

along with the assessment of binding affinity are the major

properties that determine molecular docking. Ultimately, the

electrostatic-favored protein–protein docked complexes with

favorable desolvation-free energies are picked (Kozakov et al.,

2017). Analysis of vaccine antigen’s docking with MHC-I (HLA-

A∗02:01) (6TDS) and MHC-II (HLA-DRB1∗01:01) (1AQD)

host receptors was performed. The MHC molecules were

used to dock the following epitopes in the vaccine construct:
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MHC-I ligands—ETNDLVTNVY (A5L), SPTRTWKVL (A15L),

DSDVSQEVRKY (A35R), and VSDYVSELY (B6R); MHC-II

ligands—APILLPSSTAPVLKP (A5L) and HSDYKSFEDAKANCA

(A35R). The tertiary structure of these epitopes was predicted with

AlphaFold2 (Jumper et al., 2021; Mirdita et al., 2022). The protein

databank (PDB) files 6TDS (MHC-I) and 1AQD (MHC-II) were

edited and cleaned to remove heteroatoms, bound peptides, and

water molecules. The server of ClusPro performs the docking of

rigid body via sampling billions of conformations, clusters 1000

lowest energy structures to find the most favorable models, and

refines selected structures via minimization of energy (Kozakov

et al., 2017).

3. Results

3.1. Design of the final construct

All the predicted B-cell, MHC-I, and MHC-II epitopes are

given in Supplementary materials 1–12. In total, 30 epitopes

were used for the final vaccine construct design. The open

reading frame (ORF) of the vaccine construct is shown in

Supplementary material. The selected four antigens of the mpox

virus are shown in Figure 1. The location, functions, and immune

properties of the selected antigens are listed in Table 1. The strategy

of in silico design and evaluation of a potentially universal DNA

vaccine formpox are shown in Figure 2. All the epitopes included in

the proposed multi-epitope vaccine construct along with the DNA

vaccine are given in Figure 3.

The population coverage analyses demonstrated that the

5 MHC-I alleles (HLA-A∗01:01, HLA-A∗02:01, HLA-B∗07:02,

HLA-B∗08:01, and HLA-A∗02:12) with IC50 binding affinity

<500 nM with the MHC-I epitopes and the 13 MHC-II alleles

(HLA-DRB1∗07:01, HLA-DRB1∗01:01, HLA-DRB1∗09:01,

HLA-DRB1∗10:01, HLA-DRB1∗04:01, HLA-DRB1∗15:01,

HLA-DRB1∗14:01, HLA-DRB1∗13:01, HLA-DRB1∗08:01,

HLA-DRB1∗03:01, HLA-DRB1∗11:01, HLA-DRB1∗12:01, and

HLA-DRB1∗16:01) with IC50 binding affinity <500 nM with

MHC-II epitopes cover 95.21% of the human population,

which means that these epitopes could cover approximately

95% of the population from different regions of the world

(Supplementary Figure 1 and Supplementary Table 1).

3.2. Analyses of protein structure and
assessment of physico-chemical
characteristics

The predicted 3D structure of the vaccine construct along with

the quality evaluation is given in Figure 4. The distribution of

amino acid residues in the Ramachandran plot was as follows:

refined structure had 279 residues in the most favored region, 93

residues in the additionally allowed region, 13 in the generously

allowed region, and only 7 residues in the disallowed region. The

Ramachandran plot allows us to visualize the energetically allowed

and disallowed regions for the dihedral angles. For example, in

poor quality homology models, many dihedral angles can be found

in the forbidden regions of the plot which indicates the problems

with the structure. The favored regions in the Ramachandran

plot correspond to the regular secondary structures. The ERRAT

score was 88.7218 meaning that all these parameters indicate the

favorable overall quality of the vaccine antigen protein.

The instability index of the proposed vaccine construct was

29.12, which classifies the vaccine as stable. The aliphatic index

was 60.22 which indicates the high thermostability of the vaccine

protein. GRAVY was −0.678, stipulating hydrophilicity. The

half-life in vitro was estimated to be 30 h, while the in vivo

in the yeast and E. coli were estimated to be over 20 h and

over 10 h, respectively. The number of amino acids was 542,

MW was 56.55076 kDa, and the theoretical pI was 9.28. The

vaccine construct contains 46 negatively charged amino acid

residues (Asp+Glu) and 64 positively charged amino acid residues

(Arg+Lys). The probability of the vaccine solubility was 0.7963,

indicating the solubility of the vaccine protein (Wang and Zou,

2023).

3.3. Presence of discontinuous B-cell
epitopes

All three conformational epitopes along with the scores are

listed in Table 2. The locations of each discontinuous epitope in the

tertiary structure of the antigen protein are illustrated in Figure 5.

3.4. Assessment of allergenicity,
antigenicity, and molecular docking

A vaccine protein construct did not show evidence of

allergenicity allowing us to presume that the multi-epitope

construct can be considered with low allergenic potential. On the

other hand, the multi-peptide was demonstrated to be a probable

antigen with a score of 0.4248.

The molecular docking with MHC molecules demonstrated

stable binding. ClusPro identifies the most probable complex

models by determining the largest clusters available. The

interaction positions of the docked complex of vaccine epitopes

and MHC molecules are shown in Figure 6. The interaction energy

is given in Table 3 where the cluster size is the size of the largest

cluster found, while the lowest energy is the Gibbs free energy of

the best complex conformation (Kozakov et al., 2017).

3.5. Evaluation of immune response
induced by immune simulation

In silico analyses demonstrated that the immune response

triggered by the proposed vaccine was compatible with the

responses generally induced via in vivo immunization. The

immune responses after the additional two booster doses of

vaccine were stronger compared to the prime immunization.

The immunization lowered the antigen level, while high levels

of antibodies (IgG and IgM) were produced. Immunoglobulin

and antigen levels varied over time. The antigen abundance

peaked at each injection time point (Figure 7A). The humoral
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FIGURE 1

The general structure of two infectious forms of the mpox virus and selected viral antigens for vaccine design. Mpox, monkeypox.

TABLE 1 Selected antigens of the mpox virus and their functions.

Antigen name Location Function/properties Ref.

A5L IMV Immunodominant virion core protein (281 aa) needed for the assembly and

disassembly of virion;

A highly antigenic protein of the viral core;

Enhances the effect of cytotoxic T lymphocytes in the mpox challenge

model;

Similar to VACV A4L protein.

(Maa and Esteban, 1987;

Shchelkunov et al., 2002; Hirao

et al., 2011)

A15L IMV Essential inner membrane protein (90 aa) of IMV;

Immunodominant antigen in smallpox vaccine;

Similar to VACV A14L protein.

(Shchelkunov et al., 2002; Meng

et al., 2018)

A35R EEV Envelope glycoprotein (181 aa);

Cell-to-cell spread of virion;

Neutralizing antibody target;

Similar to VACV A33R protein

(Shchelkunov et al., 2002; Hirao

et al., 2011)

B6R EEV Palmitoylated glycoprotein (317 aa);

Required for efficient cell spread;

Complement control;

Similar to VACV B5R protein

(Shchelkunov et al., 2002; Hirao

et al., 2011)

Mpox, monkeypox; IMV, intracellular mature virus; EEV, extracellular enveloped virus.

response was induced after each shot, and the antibody levels

remained elevated during the weeks after the last vaccine injection.

The immunization stimulated the B cells (Figures 7B, C). The

ignorable number of anergic cells and activation of CTLs was

observed (Figure 7D). The counts of HTLs demonstrate that

the duplication phase starts immediately after each injection

(Figure 7E). Days after each injection and upon successful

interaction with antigen-presenting cells, HTLs start to duplicate

and differentiate into memory cells. HTLs also foster the secretion

of cytokines and humoral response. High levels of IFN-γ, TGF-

β, and IL-10 were induced upon each injection (Figure 7F).

The other parameters of immune responses are shown in

Supplementary Figure 2.

4. Discussion

Since the mpox virus crossed African borders and caused a

multi-country outbreak (Supplementary Figure 3) with increased

cases of human-to-human transmission, the global concern has

increased; thus, there is a strong need for the development

of specific drugs and vaccines. Although the available smallpox

vaccine is effective for mpox prevention (Shafaati and Zandi, 2023),

except for the painful immunization procedure, adverse effects

were also reported (Maurer et al., 2003). Certain groups of the

population are vulnerable to vaccination as serious side effects

including pericarditis and myocarditis have been noted. A risk of

recombination of genes between the mpox virus and attenuated or
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FIGURE 2

Flow diagram of DNA vaccine design strategy.

FIGURE 3

Illustration of multi-epitope DNA vaccine construct. (A) List of conserved epitopes of four selected antigens that were used for the vaccine design

with appropriate MHC molecule alleles. (B) A scheme of plasmid DNA containing multi-epitope antigen of the mpox virus.

live poxvirus-based vaccines exists (Lum et al., 2022). In addition,

after immunization with the smallpox vaccine, a manifestation

of mpox disease still has been observed (Meyer et al., 2002).

All the abovementioned disadvantages of the smallpox vaccine

can be potentially overcome by the new DNA-based universal

mpox vaccine candidate as, on the one hand, DNA vaccines are

safe and simple to manufacture compared to their conventional

counterparts. On the other hand, the mpox vaccine designed in

this study has the potential to be effective against various strains

of mpox viruses and smallpox virus since these two species share

a high level of similarity. Noteworthily, the majority of the cases

occur in men who have sex with men (MSM). Close physical

contact is indeed crucial in transmission (Heskin et al., 2022;

Martínez et al., 2022; Orviz et al., 2022). The sex-related infection
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FIGURE 4

Vaccine protein structure and Ramachandran plot. (A) Vaccine protein tertiary structure. hBD3, human β-defensin 3; PADRE, pan-HLA-DR-binding

epitope. (B) Ramachandran plot for the vaccine structure quality evaluation. The dots indicate amino acids. Dots’ locations denote amino acids’

backbone dihedral angles ψ against φ.

TABLE 2 Predicted discontinuous B-cell epitopes.

# Epitopes Residue number Score

1 A:G1, A:I2, A:I3, A:N4, A:T5, A:L6, A:Q7, A:K8, A:Y9, A:Y10, A:C11, A:V13, A:R14, A:G16, A:R17, A:C18, A:A19, A:V20,

A:L21, A:S22, A:C23, A:L24, A:E28, A:Q29, A:I30, A:G31, A:K32, A:C33, A:S34, A:T35, A:R36, A:G37, A:R38, A:K39,

A:C40, A:C41, A:R42, A:K109, A:V110, A:V111, A:S112, A:S113, A:T114, A:T115, A:Q116, A:Y117, A:D118, A:H119,

A:K120, A:K121, A:K122, A:G123, A:S124, A:D125, A:G126, A:N127, A:P128, A:I129, A:T130, A:K131, A:T132, A:T133,

A:S134, A:D135, A:Y136, A:Q137, A:D138, A:S139, A:D140, A:V141, A:S142, A:Q143, A:E144, A:V145, A:R146, A:K147,

A:K148, A:S149, A:E150, A:L151, A:Y152, A:D153, A:K154, A:P155, A:L156, A:K157, A:K158, A:P159, A:D160, A:D161,

A:E162, A:T163, A:D164, A:L165, A:K167, A:L168, A:K170, A:G171, A:P172, A:G173, A:P174, A:G175, A:D179, A:P203,

A:G204, A:Y472, A:H474, A:K475, A:E476, A:G477, A:Y485, A:S487, A:F488, A:G499, A:P500, A:G501, A:D502, A:S503,

A:G504, A:Y505, A:H506, A:S507, A:L508, A:D509, A:P510, A:N511, A:A512, A:V513, A:C514, A:E515, A:T516, A:G517,

A:P518, A:G519, A:P520, A:G521, A:M522, A:C523, A:T524, A:V525, A:S526, A:D527, A:Y528, A:V529, A:S530, A:E531,

A:L532, A:Y533, A:D534, A:K535, A:P536, A:H537, A:H538, A:H539, A:H540, A:H541, A:H542

157 0.746

2 A:A67, A:K68, A:Q69, A:S70, A:D71, A:G72, A:S73, A:I74, A:S75, A:C76, A:K78, A:T79, A:T80, A:A81, A:Q82, A:Q83,

A:N84, A:P85, A:N86, A:P87, A:G88, A:A89, A:Q92, A:G272, A:P273, A:G274, A:S275, A:P276, A:T277, A:R278, A:T279,

A:W280, A:K281, A:V282, A:G283, A:P284, A:G285, A:P286, A:G287, A:D288, A:S289, A:D290, A:V291, A:S292, A:Q293,

A:E294, A:V295, A:R296, A:K297, A:Y298, A:G299, A:P300, A:G301, A:P302, A:G303, A:Y304, A:Q305, A:D306, A:S307,

A:D308, A:V309, A:S310, A:Q311, A:E312, A:V313, A:G314, A:P315, A:G316, A:P317, A:G318, A:L319, A:P320, A:N321,

A:K322, A:S323, A:D324, A:V325, A:L326, A:G327, A:P328, A:G329, A:P330, A:G331, A:N332, A:K333, A:R334, A:K335,

A:R336, A:I338, A:G339, A:L340, A:G341, A:Y354, A:G355, A:P356, A:G357, A:V368, A:G369, A:P370, A:G371, A:P372,

A:G373, A:K374, A:P375, A:G384, A:P385, A:G386, A:P387, A:G388, A:H394, A:K395, A:L396, A:G397, A:P398, A:G399,

A:P400, A:G401, A:P403, A:D422, A:K429, A:E432, A:R433, A:Q435, A:K436, A:G437, A:P438, A:G439, A:P440, A:G446,

A:G456, A:G457, A:P458, A:G459, A:P460

134 0.663

3 A:P416, A:G417, A:P418 3 0.504

tendency was always reported before the current multi-country

outbreak (Sklenovská and Van Ranst, 2018).

The report of human-to-dog transmission of the mpox virus

also complicates combating the outbreak (Seang et al., 2022).

Additionally, the re-emergence risk of smallpox (mortality rate 10–

75%) (Javier et al., 2022) or risk of spreading to the Central African

clade of the mpox virus, which is much deadlier compared with

the currently spreadWest African clade (Bunge et al., 2022), is very

real and has a huge potential to cause severe outcomes. The recent

multi-country outbreak also demonstrated that the mpox virus

which belongs to the West African clade can be life-threatening

(Meyer et al., 2002). All the abovementioned conditions indicate the

urgency of designing a new, specific next-generation mpox vaccine

that will be effective, safe, and easy to develop.
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FIGURE 5

Predicted conformational B-cell epitopes localized in the structure of vaccine protein. Deep purple shows conformational epitopes, and violet

denotes the tertiary structure of the vaccine protein.

In general, nucleic acid-based approaches find ways through

various applications such as vaccines against bacterial (Wang

et al., 2023) and viral (Hobernik and Bros, 2018) infections,

protein replacement (Papukashvili et al., 2022a; Vavilis et al.,

2023), and cancer treatment (Hobernik and Bros, 2018; Liu et al.,

2022a). In silico-designed and evaluated multi-peptide vaccines

are thermodynamically stable, effective, specific, and easily and

inexpensively developed compared with conventional vaccines.

In this study, four antigens of the mpox virus that are the target

of immunity were selected according to their functions and role

in immune response (Table 1). A5L is an immunodominant core

protein that is necessary for the assembly and disassembly of the

virion (Maa and Esteban, 1987; Shchelkunov et al., 2002). A4L,

which is the ortholog of the A5L protein in the vaccinia virus, has

been used as a part of the DNA vaccine along with the orthologs

of A35R and B6R, among the other antigens and induced strong

immune response in non-human primates, providing protection

from the mpox virus (Hirao et al., 2011). A15L (similar to A14L

in the vaccinia virus) is an inner membrane immunodominant

protein which is a target of antibodies (Shchelkunov et al., 2002;

Meng et al., 2018). In addition to the aforementioned rationale

for selecting these antigens, another reason was to make a vaccine

by combining these four antigens to assess the immune response.

This approach aimed to generate an additional vaccine candidate

as having multiple vaccine candidates would greatly enhance the

effectiveness of pandemic prevention efforts. After the conservancy

analyses of each protein sequence downloaded from the NCBI

database, B- and T-cell conserved epitopes were predicted to design

a DNA vaccine. DNA vaccines are a type of nucleic acid vaccine

with a number of advantages over conventional immunization

strategies (Supplementary Figure 4).

DNA vaccines instruct the host cells to produce antigens similar

to the virus and the body becomes ready for the future possible

infection, which is capable to stop the spreading of the virus

and, thus, a manifestation of clinical symptoms (Chavda et al.,

2021a; Qin et al., 2021). After the delivery into the host cell, the
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FIGURE 6

Molecular docking between representative epitopes (cyan) of vaccine construct and MHC molecules (magenta). (A) Docked complex of epitope

ETNDLVTNVY (A5L) and MHC-I molecule. (B) Docked complex of epitope SPTRTWKVL (A15L) and MHC-I molecule. (C) Docked complex of epitope

DSDVSQEVRKY (A35R) and MHC-I molecule. (D) Docked complex of epitope VSDYVSELY (B6R) and MHC-I molecule. (E) Docked complex of epitope

APILLPSSTAPVLKP (A5L) and MHC-II molecule. (F) Docked complex of epitope HSDYKSFEDAKANCA (A35R) and MHC-II molecule.

TABLE 3 Molecular docking of selected vaccine epitopes and MHC

molecules.

Peptide Cluster
size

Center
weighted
score

Lowest
energy

Molecular docking of epitopes with 6TDS (MHC-I)

ETNDLVTNVY 252 −909.7 −1,089.0

SPTRTWKVL 396 −1,083.7 −1,239.3

DSDVSQEVRKY 217 −647.4 −794.9

VSDYVSELY 344 −1,194.4 −1,194.4

Molecular docking of epitopes with 1AQD (MHC-II)

APILLPSSTAPVLKP 190 −1,296.4 −1,296.4

HSDYKSFEDAKANCA 244 −845.1 −1,023.0

DNA is transported to the nucleus where transcription takes place.

Subsequently, the mRNA is conveyed to the cytoplasm where it

undergoes translation to produce the antigens for the vaccine.

Figure 8 depicts the schematic representation of the mechanism of

action for DNA vaccines upon delivery into the host cell.

Remarkably, although DNA vaccine enters the host nucleus,

which is the main concern related to DNA vaccines, the

likelihood of its integration into the host genome is extremely

low (Williams, 2013). Indeed, there is a number of clinical trials

on the application of DNA vaccines for the prevention of various

infectious diseases: NCT04591184, NCT01498718, NCT01487876,

and NCT04445389. Furthermore, India has designated the

emergency use of the first DNA vaccine against COVID-19

in 2021 (Sheridan, 2021) and there are a number of other

COVID-19 DNA vaccine candidates in clinical (Sheridan, 2021;

Silveira et al., 2021) and preclinical development (Shafaati et al.,
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FIGURE 7

In silico immunization results. (A) Augmented antibody production. Immunoglobulin subclasses are indicated in di�erent colors. (B) The population

of B cells after three doses of vaccinations. (C) B-cell population per entity state. (D) Cytotoxic T (CT)-cell production in di�erent states. The resting

state shows CT cells not exposed to the antigen. Anergic CT cells’ tolerance to the antigen because of repeated exposure. (E) TH cell production due

to exposure to antigen. (F) Levels of cytokines upon three injections of the vaccine. The additional graph indicates the level of IL-2 and general

danger signal—D, which represents an activator signal for macrophages.

2022; Wang et al., 2022). More importantly, DNA vaccines have

shown protective efficacy against the mpox virus in non-human

primates (Hooper et al., 2004; Hirao et al., 2011). The steps

of developing a DNA-based vaccine from the antigen selection

to the commercial availability are vaccine design, optimization

with proper linkers and addition of immunomodulator sequences,
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FIGURE 8

Diagrammatic representation of the mechanism of action of DNA vaccines. After the DNA vaccine is intramuscularly injected, it is delivered into the

nucleus of the cells where its transcription takes place. After the mRNA transcribed from the vaccine DNA is transported into the cytoplasm,

translation occurs and vaccine antigen is produced and released. Antigen then is recognized and phagocytosed by the APCs from where they can be

processed into small peptides and presented on the cell surface via MHC-I or MHC-II, induce CTLs and HTLs, and activate cellular and humoral

immune responses, respectively. APCs, antigen-presenting cells; MHC, major histocompatibility complex; CTL, cytotoxic T lymphocyte; HTL, helper

T lymphocytes.

FIGURE 9

Steps needed for potentially universal DNA vaccine development using immunoinformatics approaches from vaccine antigen selection to the public

availability of the vaccine.

synthesis, transformation into competent bacterial cells for

its amplification, extraction, purification, animal immunization,

assessment of immune responses, clinical trials, approval, and

manufacturing (Papukashvili et al., 2022b; Rcheulishvili et al.,

2022). Steps that are needed for developing a potentially

universal DNA-based anti-mpox multi-epitope vaccine are given

in Figure 9.

Designing a vaccine employing immunoinformatics

approaches significantly shortens the time of vaccine development

and lays the groundwork for the rational design of the effective
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vaccine, while in the case of conventional techniques, the

development of a vaccine may take decades of laboratory work

(Rappuoli and Aderem, 2011). Leveraging immunoinformatics

enables us to predict the potential outcome of the vaccine. Upon

achieving favorable results with the designed vaccine, it becomes

more rational to proceed with in vitro and in vivo screening of the

multi-epitope construct.

Leveraging immunoinformatics tools enables us to forecast

the potential efficacy of the vaccine. Upon achieving favorable

outcomes with the designed vaccine, it becomes more logical

to proceed with in vitro and in vivo screening of the multi-

epitope construct.

The links of the employed servers and tools are given in

Supplementary Table 2. Apparently, there are a number of in silico

studies which designed the vaccine and computationally evaluated

its efficacy, stability, etc., e.g., vaccines for COVID-19 (Dong et al.,

2020; Oliveira et al., 2020), influenza (Behbahani et al., 2021;

Sharma et al., 2021; Rcheulishvili et al., 2023), mpox (Hirao et al.,

2011; Akhtar et al., 2022), and other viruses (Ali et al., 2019;

Mahmudul et al., 2020; Ros-Lucas et al., 2020).

In this study, the vaccine construct designed here was found

to have favorable physico-chemical properties and induce strong

cellular and humoral immune responses. The immune simulation

analysis shows that immunization with the multi-epitope vaccine

candidate induces the production of HTLs and CTLs and

stimulates the B-cell population, antibodies, and cytokines. The

computationally designed vaccine in this study requires to be

validated with in vitro and in vivo studies to confirm the outcomes

obtained in this study.

5. Conclusion

In summary, the development of new, next-generation, specific

vaccine candidates against the mpox virus is undoubtedly essential.

The available immunoinformatics approaches allow for the rational

design of the potentially protective vaccine and facilitate the

process of vaccine development. The results obtained in this

study demonstrate that the multi-epitope vaccine designed here

may be suggested as an auspicious vaccine candidate which has

the prospect of eliciting strong immune responses and providing

protection against the mpox virus. In addition, the strategy

of developing a universal multi-epitope DNA vaccine used in

this study may have a positive impact on the development

of a potentially universal vaccine against the mpox virus and

other viruses and, thus, will aid in averting future outbreaks

or pandemics.
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The use of Xuanbai Chengqi 
decoction on monkeypox disease 
through the estrone-target AR 
interaction
Yanqi Jiao 1†, Chengcheng Shi 2† and Yao Sun 1*
1 School of Science, Harbin Institute of Technology (Shenzhen), Shenzhen, China, 2 School of Science/
State Key Laboratory of Urban Water Resource and Environment, Harbin Institute of Technology 
(Shenzhen), Shenzhen, China

Introduction: After COVID-19, there was an outbreak of a new infectious disease 
caused by monkeypox virus. So far, no specific drug has been found to treat 
it. Xuanbai Chengqi decoction (XBCQD) has shown effects against a variety of 
viruses in China.

Methods: We searched for the active compounds and potential targets for XBCQD 
from multiple open databases and literature. Monkeypox related targets were 
searched out from the OMIM and GeneCards databases. After determining the 
assumed targets of XBCQD for monkeypox treatment, we built the PPI network 
and used R for GO enrichment and KEGG pathway analysis. The interactions 
between the active compounds and the hub targets were investigated by 
molecular docking and molecular dynamics (MD) simulations.

Results: In total, 5 active compounds and 10 hub targets of XBCQD were screened 
out. GO enrichment and KEGG analysis demonstrated that XBCQD plays a therapeutic 
role in monkeypox mainly by regulating signaling pathways related to viral infection 
and inflammatory response. The main active compound estrone binding to target AR 
was confirmed to be the best therapy choice for monkeypox.

Discussion: This study systematically explored the interactions between the 
bioactive compounds of XBCQD and the monkeypox-specific XBCQD targets 
using network pharmacological methods, bioinformatics analyses and molecular 
simulations, suggesting that XBCQD could have a beneficial therapeutic effect on 
monkeypox by reducing the inflammatory damage and viral replication via multiple 
pathways. The use of XBCQD on monkeypox disease was confirmed to be best 
worked through the estrone-target AR interaction. Our work could provide evidence 
and guidance for further research on the treatment of monkeypox disease.

KEYWORDS

Xuanbai Chengqi decoction, monkeypox, network pharmacology, molecular docking, 
molecular dynamics simulation

1. Background

Monkeypox, a virus that used to be common around rainforests in Central and West Africa, 
has spread out globally (Zardi and Chello, 2022). In June 2022, the World Health Organization 
(WHO) reported that more than 550 confirmed cases of monkeypox were identified in 30 
countries and territories worldwide (Hasan and Saeed, 2022). In July 2022, WHO sounded the 
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alarm again, declaring the monkeypox outbreak to be a Public Health 
Emergency of International Concern (PHEIC) (Shafaati and Zandi, 
2023). It was the seventh PHEIC the WHO had declared by far, and 
was the highest alert level the agency could give (Wilder-Smith and 
Osman, 2020; Shafaati et al., 2022).

Monkeypox disease is a rare zoonotic disease caused by the 
monkeypox virus (Dou et al., 2023). It is endemic in central and west 
Africa, with the greatest concentration in the Democratic Republic of 
the Congo. Although it was firstly found in captive monkeys, available 
data suggested that the African rodents were natural hosts. For 
instance, squirrels, rats, mice, monkeys, marmots and humans were 
all infected (Chen et al., 2022). There were two genetically distinct 
branches identified (Hutson et al., 2010), and the Congo Basin (central 
Africa) branch was reported more frequently than the west African 
branch. The current outbreak of Monkeypox in 2022 involved multiple 
countries on different continents, mainly in men who had sex with 
men (MSM), and its manifestations were related to genital lesions 
(Abu-Hammad et  al., 2023). Up to 22 June 2022, 99% of the 508 
confirmed cases of monkeypox in Madrid region of Spain belonged to 
the MSM population, and the lesions affected the genital, perineum, 
or perianal area (Iñigo Martínez et al., 2022). It was also identified 
swollen inguinal lymph nodes as the main features, indicating that 
sexual transmission was the primary mode of transmission (Letafati 
and Sakhavarz, 2023). On 6 July 2022, Germany reported 1,304 
confirmed cases, which were also concentrated in the MSM population 
(Patel and Patel, 2023). Sequencing data from countries indicated that 
the 2022 outbreak was caused by the west African branch of the 
monkeypox virus. However, the up-to-date research suggested that 
there were two distinct lineages of the monkeypox virus with separate 
sources found in the US.

The monkeypox virus is a double-stranded DNA virus that is 
related to the variola virus (Kaler et al., 2022; Shafaati and Zandi, 
2022). The clinical manifestations of human monkeypox are similar 
to those of smallpox, which often cause rash, fever, chills, and muscle 
soreness (Reynolds et al., 2019). The fatality rate of monkeypox is 
about 3% ~ 6%, but relatively higher in children, young adults, and 
immunodeficient individuals (Ligon, 2004). When monkeypox is 
complicated with septicemia, meningitis, osteomyelitis, and other 
diseases, the death rate could be as high as 10% (Patel et al., 2022; Rizk 
et al., 2022). Up to now, some antiviral drugs and vaccines initially 
developed in smallpox have been approved for the treatment and 
prevention of monkeypox (Hung et al., 2022). But the effects of the 
treatment and prevention are still being investigated (Shamim et al., 
2023). In fact, no specific drugs against monkeypox virus have been 
developed by far (Zovi et al., 2022). In view of the immunomodulatory 
and antiviral effects of traditional Chinese medicine (TCM) and its 
long history of clinical applications, this study aims to explore the 
potential treatment of monkeypox with TCM.

Xuanbai Chengqi decoction (XBCQD) is a TCM consisting of 
four Chinese herbs, including mineral-based gypsum, herbal rhubarb, 
bitter almond, and trichosanthes (Hanzlicek et  al., 2014). It was 
reported to improve the disease symptoms effectively and prognosis 
of acute lung injury (ALI) patients with fewer adverse reactions by 
protecting lung function, alleviating excessive inflammatory reactions 
and tissue damage (Zhu et al., 2021). In addition, XBCQD was found 
to be  an alternative treatment for severe infectious lung diseases 
caused by influenza and severe acute respiratory syndrome 
coronavirus 2 (SARS-CoV-2) (Huang et al., 2021; Zhu et al., 2021).

In fact, XBCQD is a representative Chinese medicine prescription 
in the Differentiation of Febrile Disease written by Wu Jutong in Qing 
dynasty. It has been widely used in China for the treatment of lung 
injury, pulmonary fibrosis, chronic obstructive pulmonary and other 
common respiratory diseases. It can effectively reduce phlegm, heat, 
cough, wheezing, chest tightness, and has less adverse reactions (Wang 
et  al., 2021; Huo et  al., 2022). With the spread of monkeypox 
worldwide, the China National Health Commission and the National 
Administration of TCM issued the guidelines for the diagnosis and 
treatment of monkeypox in June 2022, in which XBCQD and other 
TCM were recommended to treat monkeypox patients with different 
symptoms (Desai et al., 2022; Warner et al., 2022).

Network pharmacology is a powerful tool to uncover the effective 
compounds in TCM from a systematical molecular way, integrating 
multiple open databases and bioinformatics techniques to construct a 
comprehensive drug-target-disease network (Zhang et al., 2013). Such 
a multi-component, multi-target network could reveal the mechanism 
behind the action of the drug (Noor et al., 2022). Molecular docking 
offers a possible way to reveal the in vivo binding patterns of ligand-
receptor (Salmaso and Moro, 2018), which could be used to further 
explore the ligand-receptor relationship (Meng et al., 2011). Molecular 
dynamics (MD) simulation allows for the study of various ligand-
receptor motions based on Newtonian mechanics to assess their long-
time stabilities and flexibilities (Hollingsworth and Dror, 2018).

In this work, we first utilized network pharmacology to screen 
active drug compounds for the monkeypox virus and explored the 
potential biological mechanism behind the treatment of monkeypox 
by XBCQD from a systematic and molecular perspective. In total, 5 
active compounds and 10 hub targets of XBCQD were screened out. 
Subsequently, the biological functional network of XBCQD was 
constructed to elucidate the regulatory way of XBCQD. The results 
demonstrated that XBCQD played a therapeutic role in monkeypox 
mainly by regulating signaling pathways related to viral infection and 
inflammatory response. Molecular docking was used to predict the 
binding energy scores and patterns between the hub targets and the 
potential therapeutic compounds. Finally, MD simulation was 
adopted to simulate the interaction dynamics and calculate the change 
of binding free energy of the target-compound complex, so as to 
provide theoretical foundation for the future clinical applications. The 
main active compound estrone binding to target AR was finally 
confirmed to be the best therapy choice for monkeypox.

2. Materials and methods

2.1. Active compounds in XBCQD and the 
corresponding targets

The TCMSP platform1 was adopted to screen out the active 
compounds in XBCQD under the following standard criteria: the oral 
availability (OB) ≥ 30% and drug-like likeness (DL) ≥ 0.18, followed 
by a target search for active compounds by their MOL.IDs. The 
standard criteria is the general standard for screening Chinese 
medicine according to the relevant literature (Ru et al., 2014). The 

1  https://tcmsp-e.com/

192

https://doi.org/10.3389/fmicb.2023.1234817
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org
https://tcmsp-e.com/


Jiao et al.� 10.3389/fmicb.2023.1234817

Frontiers in Microbiology 03 frontiersin.org

active compounds of Trichosanthes pericarpium were collected from 
the SYMmap database.2 The PubChem database3 was used to derive 
the Simplified Molecular Input Line Entry System (SMILES) of the 
active compounds. The SMILES were then input into the 
SwissTargetPrediction structural similarity forecast target database4 to 
predict the valid targets. Unmatched names of targets were 
supplemented by literature review (Richards et al., 2015; Wang et al., 
2021). Finally, the Uniprot database5 was used to annotate the 
relevant targets.

2.2. The compound-target network

The Cytoscape 3.9.2 software was adopted to prepare the 
compound-target network file and type file, as well as to conduct the 
network topology analysis. To construct the compound-target 
network map, the target map, color, transparency, and size were 
adjusted according to the connectivity (degree) of the targets.

2.3. The targets of monkeypox disease

The targets of monkeypox disease were searched by using OMIM6 
and GeneCards7 databases. Through the search in GeneCards 
database, “monkeypox” and “monkeypox virus” were set as keywords 
to get monkeypox related targets. Monkeypox related targets were also 
obtained by searching “monkeypox” as a keyword in the OMIM 
database (see footnote 6). The targets symbols information 
corresponding to monkeypox disease was downloaded. Targets and 
functions were set to “human” and “VLOOKUP” to match target 
gene names.

2.4. The cross targets

Using the Venny online database,8 a reflection of intersections of 
drug target genes and disease genes, that is, the crossover between 
potential targets for XBCQD and monkeypox related targets could 
be identified. These identified crossover targets were considered as 
potential anti-monkeypox hub targets.

2.5. PPI network and cluster analysis

The String9 platform was used to construct the PPI network. 
Potential anti-monkeypox key targets (identified in the “The cross 
targets” section) were evaluated using the String platform with PPI 
highest confidence and species limited to 0.900 and homo sapiens. 

2  http://www.symmap.org/

3  https://pubchem.ncbi.nlm.nih.gov

4  http://www.swisstargetprediction.ch

5  https://www.uniprot.org

6  https://www.omim.org/

7  https://www.genecards.org/

8  https://bioinfogp.cnb.csic.es/tools/venny/

9  https://string-db.org/

The string PPI analysis results were then uploaded to Cytoscape 3.9.2 
software to identify potential hub anti-monkeypox targets. In 
addition, the Simple Text Data Format (.tsv) files of PPI results were 
imported into Cytoscape 3.9.2 software to visualize the PPI network. 
As the number of nodes in the PPI network decreases, its color 
changes from red to yellow. Nodes that met the requirement of degree 
centrality were retrieved and identified as the hub targets of 
monkeypox. In the PPI network, the degree of the node represents 
the number of edges between it and other nodes. And the number of 
connections with other nodes indicates the significance of the node 
(Yu et al., 2022).

2.6. Go and KEGG analyses

GO function and KEGG path enrichment were analyzed using 
Bioconductor10 platform in R language. GO analysis of drug therapy 
gene functions was annotated in terms of biological process (BP), 
cellular component (CC), and molecular function (MF). KEGG is 
mainly a pathway analysis, aiming to elucidate the major signaling 
pathways for drug therapy. After installation of the R package, 
we introduced the disease target genes with specific parameters. The 
“Selection identifier” and “List type” were set to “official gene symbol” 
and “gene list.” The species were defined as “Homo,” “background” and 
“Homo sapiens” in “List.” The target, the minimum overlap, the p-value 
and the minimum concentration were set to “human,” 3, 0.05 and 1.5, 
respectively. Then we  ran the gene ontology function and KEGG 
pathway on the target genes. We screened and preserved the results of 
the most important BP, CC, MF, and KEGG pathways. Finally, the 
corresponding bubble diagram was derived.

2.7. Molecular docking

To reveal the binding patterns between the active compounds and 
the targets, AutoDock Vina software, Discovery Studio 4.5 Client and 
PyMOL software were used. The 3D structures of the central targets 
(receptors) were obtained from the RCSB PDB11 database and saved 
into PDB format. The obtained 3D structures (in PDB format) were 
further processed using PyMOL software (version 2.2.0) to remove 
water molecules (“solvent removal” command) and small ligands 
(“organics removal” command). The active compounds in 2D 
structures in SDF format were downloaded from PubChem website 
(see footnote 3). The files were then converted into PDB format using 
the Open Babel software (version 2.4.1). Hydrogen and Gasteiger 
charges were added to the above receptors and ligands using 
AutoDock Vina software, and then saved into PDBQT format. The 
AutoGrid tool of AutoDock Vina software was used to set the 
interfacing frame parameters, including the grid box that contained 
the entire system. The parameter was set to Lamarck Genetic 
Algorithm (LGA), which generated 10 docking results for each ligand 
and corresponding receptor. All the docking results were visualized by 
PyMOL software. Finally, the optimal docked structure could 

10  http://www.bioconductor.org/

11  https://www.rcsb.org/
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be  obtained based on the docking scores of all the possible 
docked structures.

2.8. MD simulation

The long-range electrostatic interactions were calculated using the 
particle mesh Ewald (PME) method. The target was placed in the 
center of simulation box filled with water TIP3P molecules with 
distance of 1.2 nm from the box boundary. There were 33 Na+ ions 
introduced in the water box to neutralize the charge of the whole 
system. The system was firstly balanced with energy minimization 
process which ran up to 100,000 steps using the steepest descent 
algorithm. Then the system was equilibrated to 310 K with v-rescale 
(velocity rescaling) method and backbone restrained. Subsequently, 
the system was further equilibrated at constant pressure (1 bar) and 
constant temperature (310 K). Finally, 200 ns MD test was conducted 
after all the restraints released. The simulation results were analyzed 
by Gromacs 5.1.2 built-in tools and our in-house scripts.

3. Results

3.1. Active compounds in XBCQD and the 
corresponding targets

In total, 285 compounds were screened out by the TCMSP 
database, among which 16, 19 and 11 compounds were from herbal 
rhubarb, bitter almond, and trichosanthes, respectively. And 43 active 
compounds met the OB ≥ 30% and DL ≥ 0.18 standards, which were 
selected for further analysis after removal of the duplicates. The 
TCMSP database was used to obtain the corresponding targets. All 
targets were then entered into the Uniprot database and normalized 
by removing the repeated ones. Finally, 116 potential targets 
were obtained.

3.2. Targets of monkeypox virus

The GeneCards database (Supplementary Table S1) and the 
OMIM database (Supplementary Table S2) yielded a total of 36 and 
95 targets, respectively. After removal of duplicates, the number of 
related targets was 95. The 116 XBCQD-related targets and the 95 
monkeypox virus gene targets were mapped to each other using the 
online tool Venny 2.1.0 software.12 36 XBCQD-monkeypox virus 
intersection targets were obtained (Figure 1A). All of the intersection 
targets were located between the differentially expressed genes in the 
monkeypox virus dataset.

3.3. PPI network analysis

According to the PPI network analysis (Figure  1C), the 36 
predicted destinations were imported into String. If a node’s degree, 

12  http://bioinfo.genotoul.fr/jvenn

betweenness, and proximity meet certain criteria, it can be designated 
as a hub node (Wan et al., 2019). The network centrality was used, 
individually or collectively, to define the network properties of the 
compounds (degree centrality, betweenness centrality, and closeness 
centrality) and to judge the importance of the nodes (Valente et al., 
2008; Oldham et al., 2019). Nodes with higher levels (larger sizes) were 
considered to play a more critical role in the network (Chen 
et al., 2013).

The ranking of the nodes of the most important active compounds 
in XBCQD was summarized in Table  1, including beta-sitosterol, 
Stigmasterol, Gamma-Aminobutyric Acid, Phytol, estrone, Machiline, 
l-SPD, aloe-emodin, Glabridin, and Licochalcone B, etc. The top 10 
targets were ESR1 (Estrogen Receptor 1, degree = 19), TP53 (tumor 
protein p53, degree = 19), CASP3 (cysteine-aspartic acid protease 3, 
degree = 17), JUN (transcription factor Jun, degree = 17), TNF (Tumor 
Necrosis Factor, degree = 17), MYC (Cellular myelocytomatosis 
oncogene, degree = 17), CDKN1A (Cyclin-dependent kinase inhibitor 
1A, degree = 13), 1L1B (Interleukin 1 Beta, degree = 13), CCNB1 (G2/
mitotic-specific cyclin-B1, degree = 12), and AR (androgen receptor, 
degree = 11) (Figure 1B). Based on the above compound and target 
information, a compound-target pathway network was constructed to 
explain the mechanism of XBCQD against monkeypox virus, as 
shown in Figure 1D. The yellow V-shaped, light purple hexagon, light 
pink hexagon, light green hexagon and blue diamond shape represent 
herb names, KXR targets, DH targets, GLP targets and intersection 
core targets, respectively.

3.4. Go and KEGG pathway enrichment 
analyses

The 36 XBCQD-monkey pox virus intersection targets were 
imported into the Metascape platform. GO functional enrichment 
analysis was performed on the targets of the active ingredients in the 
treatment of monkey pox virus from the levels of BP, CC, and MF 
(Figure  2A). The top  10 items were selected for visual analysis 
(Figure  2B). In total, there were 2,455 BP items 
(Supplementary Table S3). The size of the circles indicates the number 
of targets, and the darker of the circle indicates the larger log p value 
of the BP item.

It can be found that BP was related to rhythmic process, positive 
regulation of cell cycle, response to drug, epithelial cell proliferation, 
DNA-templated transcription, initiation, response to steroid 
hormone, regulation of epithelial cell proliferation, negative 
regulation of protein phosphorylation, regulation of epithelial cell 
proliferation, and transcription initiation from RNA polymerase II 
promoter. There were 155 items in the CC analysis 
(Supplementary Table S4), and the top 10 items were selected for 
visual analysis (Supplementary Figure S1), including postsynaptic 
membrane, membrane raft, membrane microdomain, presynaptic 
membrane components, presynaptic membrane components, nuclear 
periphery, integral component of postsynaptic membrane, integral 
component of synaptic membrane and intrinsic component of 
synaptic membrane. In addition, there were a total of 260 items in MF 
molecular function analysis (Supplementary Table S5), with top 10 
entries also visualized (Supplementary Figure S2), which were related 
to drug binding, nuclear receptor activity, ligand-activated 
transcription factor activity, protein kinase C activity, 

194

https://doi.org/10.3389/fmicb.2023.1234817
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org
http://bioinfo.genotoul.fr/jvenn


Jiao et al.� 10.3389/fmicb.2023.1234817

Frontiers in Microbiology 05 frontiersin.org

calcium-dependent protein kinase C activity, histone kinase activity, 
RNA polymerase II general transcription initiation factor binding, 
postsynaptic neurotransmitter receptor activity, acetylcholine 
receptor activity, and calcium-dependent protein serine/threonine 
kinase activity. According to the log p value in Figure 2D, 10 signaling 
pathways with high probability were screened according to the 
enrichment factor value and the number of genes involved in each 
pathway, which were closely related to the therapeutic mechanism of 
monkeypox virus. The size of the circle indicates the number of 
targets, and the darker of the circle indicates the larger log p value of 
the path.

To analyze the significance of hub targets in pathways involved 
in monkeypox virus treatment, the top 10 pathways determined 
according to gene counts and adjusted p values from the KEGG 
enrichment analysis and related targets were used to construct the 
KEGG key pathway network (Figure 2C). According to Figure 2C 
and Supplementary Table S6, XBCQD in the treatment of 
monkeypox virus could be  mainly related to Hepatitis B 
(Supplementary Figure S3), AGE-RAGE signal pathway of diabetes 
complications, Breast cancer, Proteoglycans in cancer, Human 
cytomegalovirus infection, MAPK signaling pathway, Estrogen 
signaling pathway, Epstein–Barr virus infection, Human 
immunodeficiency virus 1 infection and Chemical carcinogenesis-
receptor activation. Therefore, XBCQD could target multiple 
functional and biological factors in the treatment of monkeypox 
virus, and its effect was mainly reflected in affecting the process of 
cell proliferation and apoptosis. The components in XBCQD had 
direct or indirect regulatory effects on the inflammatory response 

with regard to pruritic inflammation. However, the effects and 
far-reaching impact are still needed to be further verified.

3.5. Molecular docking of 
compound-target

Based on the monkeypox-related targets and selected compounds 
from the PPI network, molecular docking was performed. The 
interactions between the potential active compounds and the hub targets 
were analyzed using the AutoDock Vina, Discovery Studio 4.5 Client and 
PyMOL software applications. The selected top 5 active compounds 
included beta-sitosterol (MOL000087), Stigmasterol (MOL003035), 
Gamma-Aminobutyric Acid (MOL000388), Phytol (MOL001442) and 
estrone (MOL008204). The protein structures of hub targets were 
acquired online from RCSB PDB, including AR (PDB ID: 2QPY), 
CASP3 (PDB ID: 6BDV), CCNB1 (PDB ID: 2B9R), CDKN1A (PDB ID: 
3TS8), ESR1 (PDB ID: 1A52), IL1B (PDB ID: 4DEP), JUN (PDB ID: 
1FOS), MYC (PDB ID: 7C36), TP53 (PDB ID: 4MZI) and TNF (PDB 
ID: 1TNF). The values of affinity energy were obtained by docking 
analyses (Table 2). Notably, the lower of the affinity energy indicates the 
stronger of the binding capacity and more stable of the binding 
conformation. In general, the energy less than −5 kcal/mol indicates that 
the receptor has some binding ability to the ligand. Our results showed 
that estrone-AR (−12 kcal/mol), estrone-ESR1 (−11.1 kcal/mol), 
Stignasterol-CASP3 (−10.4 kcal/mol), and beta-sitosterol-CASP3 
(−9.9 kcal/mol) exhibited stronger binding affinities than the other 
moieties. The docking patterns of all molecules were shown in Figure 3.

FIGURE 1

Potential targets of XBCQD and monkeypox, and PPI network. (A) Venn diagram of potential gene targets. (B) The top 10 monkeypox targets by 
degree. (C) The PPI network of XBCQD for the treatment of monkeypox. (D) The compounds-targets network showing potential mechanism of 
XBCQD for the treatment of monkeypox.
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3.6. Structural stability and interaction 
energy by MD simulation

The two best dockings between the compounds and the targets 
(estrone-AR and estrone-ESR1) were selected to perform the MD 

simulations. After 200 ns of MD simulations, the dynamic 
evolutions of estrone-AR and estrone-ESR1 complexes were 
studied. The conformations of estrone-AR and estrone-ESR1 
complexes as well as their contact residues were shown in 
Figures  4A,B. The interaction energy, radius of gyration (Rg), 
distance distribution, number of hydrogen bonds, root-mean-
square fluctuation (RMSF) and root-mean-square deviation 
(RMSD) were analyzed accordingly.

As shown in Figure  4A, the RMSD of the last 50 ns for 
estrone-ESR1 was 0.37 ± 0.06 nm, which was higher than the value 
of 0.20 ± 0.03 nm for estrone-AR, demonstrating a higher 
structural flexibility of estrone-ESR1 complex. Subsequently, 
we analyzed the change of protein cyclotron radius during the 
200 ns simulation, which could characterize the compactness of 
the protein structure. From Figure 4B, it can be observed that the 
radius of gyration (Rg) of AR basically remained at 1.85 ± 0.02 nm 
during the whole simulation process, whereas the Rg of ESR1 
decreased from 1.97 ± 0.04 nm in the initial 50 ns to 1.89 ± 0.03 nm 
in the last 50 ns. The evolutions of Rg values were consistent with 
those of RMSD, indicating that the presence of estrone leaded to 
a tighter structure of ESR1. According to the changes of 
interaction energy during the 200 ns simulations shown in 
Figure  4C, the estrone-AR complex showed lower interaction 

FIGURE 2

GO function and KEGG pathway enrichment analysis of XBCQD in the treatment of monkeypox. (A) GO functional analysis, including BP, CC, and MF. 
(B) Bubble diagram of BP enrichment. (C) Gene ontology of the top 10 pathways in XBCQD against monkeypox and (D) bubble diagram of KEGG 
pathway enrichment.

TABLE 1  Node ranking of the main active compounds.

ID Name Degree

MOL000087 beta-sitosterol 28

MOL003035 Stigmasterol 26

MOL000388 Gamma-Aminobutyric 

Acid

24

MOL001442 Phytol 23

MOL008204 estrone 20

MOL007207 Machiline 20

MOL012922 l-SPD 20

MOL000471 aloe-emodin 19

MOL004908 Glabridin 19

MOL004841 Licochalcone B 13
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energy of −186 ± 27 kJ/mol than that of estrone-ESR1 complex 
(−157 ± 25 kJ/mol) during the last 50 ns. The radial distribution 
functions from estrone to ESR1 and AR were plotted in 
Figure 4D. It can be observed that estrone had a slightly closer 
contact with AR than ESR1.

From Figures 5A,B, it can be observed that amino acid Glu 353 
of AR and Asn 705 of ESR1 could form hydrogen bonds with 
phenol hydroxyl of estrone. Comparing Figures  5C,D, it can 
be  clearly seen that AR-estrone were more likely to generate 
hydrogen bonds and more stable than the ESR1-estrone. It can 
be seen from Figures 5E,F that the RMSF values of amino acids in 
AR (residues 676–913: 0.11 ± 0.04 nm) were generally lower than 
those in ESR1 (residues 312–521: 0.15 ± 0.05 nm). Based on the 
results of MD simulations, the estrone-AR complex was proposed 
to possess better interaction stability and binding ability than the 
estrone-ESR1 complex.

4. Discussion

TCM has accumulated a long history of clinical experience and 
efficacious prescriptions in preventing and treating diseases (Xing 
and Liu, 2021). It has been demonstrated to inhibit viral replications 
(Magden et al., 2005), however, the molecular mechanisms behind 
its effects have not been fully elucidated (Estep et al., 2011). To 
explore the potential pharmacological and molecular mechanism 
of XBCQD against monkeypox, we  first employed network 
pharmacology in this study. A total of 36 potential targets associated 
with monkeypox were identified. Many of the targets were found to 
be hit by more than one compound. The results indicated that the 
active compounds of XBCQD could regulate more than one target 
and could have a synergistic effect on these targets.

The PPI analysis of the 36 targets showed that the top 10 hub targets, 
including ESR1, TP53, CASP3, JUN, TNF, MYC, CDKN1A, 1L1B, 

FIGURE 3

Molecular docking diagrams with 2D and 3D plots. The complexes of (A) estrone-AR (−12  kcal/mol), (B) estrone-ESR1 (−11.1  kcal/mol), (C) Stignasterol-
CASP3 (−10.4  kcal/mol), and (D) beta-sitosterol-CASP3 (−9.9  kcal/mol).

TABLE 2  The docking energy scores of the potential active compounds and hub targets.

ID MOL000087 MOL008204 MOL000388 MOL001442 MOL003035

Name Beta-sitosterol Estrone
Gamma-

Aminobutyric Acid
Phytol Stignasterol

AR −8 −12 −4.3 −6.7 −8.4

CASP3 −9.9 −8.3 −4 −6.1 −10.4

CCNB1 −7.1 −7.3 −4.2 −4.8 −7.3

CDKN1A −7.3 −7.2 −3.8 −5 −7.5

ESR1 −7 −11.1 −4.3 −5.8 −7.3

IL1B −6.8 −7 −4.3 −4.4 −7.3

JUN −8.1 −8.2 −4.7 −5.7 −8.2

MYC −6.8 −7.6 −4.4 −5.1 −7.1

TNF −6.6 −6.8 −4.2 −4.3 −6.8

TP53 −7.8 −7.9 −3.8 −5.3 −8.1
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CCNB1, and AR may be the key targets of the treatment of monkeypox 
virus. The top 5 beta-sitosterol, Stigmasterol, Gamma-Aminobutyric 
Acid, Phytol, estrone and the top 10 targets were selected in this study. 
These bioactive compounds were found to effectively bind to the 10 
targets according to the results of molecular docking. We  further 
performed GO enrichment analysis on the 36 selected targets to better 
understand the multiple effects of XBCQD against monkeypox virus 
from a systematic perspective. The top 10 GO functional categories 
indicated that XBCQD may exert its effects through the involvement in 
the BP, MF, and CC. Among these targets, TP53 and ESR1 ranked 
highest. It was reported that TP53 could be one of the key enzymes in 
prostaglandin biosynthesis, which had an association with inflammation 
and mitosis (Costa et al., 2002). In addition, the inhibition of HIV-1, 
HCV and HSV by the serine protease inhibitor antithrombin III (ATIII) 
might be  the result of TP53-mediated downstream synthesis of 
arachidonic acids, including prostaglandins (Smee et al., 2014; He et al., 
2015; Mussbacher et al., 2019). There was another study suggesting that 
the inhibition of ESR1 might be a potential therapeutic strategy for 
SARS-CoV-2 infection (Stilhano et al., 2020; Zhou et al., 2020; Li et al., 
2022). Other identified hub targets were reported to be  related to 
immune response and cytokine secretion (Lei et al., 2021). For example, 
JUN was found to be a stress response gene that altered cell structure 
during human development (Provençal et al., 2020). IL-6 was one of the 
classical pro-inflammatory cytokines that directly or indirectly activated 
a range of different cell types, further causing the secretion of cytokines 
(Turner et al., 2014; Hirano, 2021).

The concentration of GO terms in hub targets showed that 
XBCQD treatment of monkeypox was mainly involved the rhythmic 

process, positive regulation of cell cycle, response to drug, epithelial cell 
proliferation and DNA-templated transcription, etc. KEGG pathway 
enrichment analysis of these targets indicated that they were involved 
in Hepatitis B, AGE-RAGE signal pathway of diabetes complications, 
Breast cancer, Proteoglycans in cancer, Human cytomegalovirus 
infection, etc. The AGE-RAGE signaling pathway was reported to have 
a regulatory role in diabetes (Ramasamy et al., 2011; Kay et al., 2016). 
Some studies reported that IL-17 regulated viral infections (Ma et al., 
2019; Ge et al., 2020; Mills, 2023). As a key cytokine in the pathogenesis 
of inflammation, TNF was involved in viral infection (Seo and Webster, 
2002; Tuazon Kels et  al., 2020; Darif et  al., 2021). The Hepatitis B 
pathway was reported as major cellular signaling pathway activated by 
a variety of viruses (Branda and Wands, 2006; Nguyen et al., 2008; 
Herrscher et  al., 2020). Moreover, estrogen signaling pathway was 
found to be  enriched in both monkeypox infected monkeys and 
human models (Chadwick et al., 2005; Falcinelli et al., 2016; Xuan et al., 
2022). GO and KEGG enrichment analysis suggested that XCBQD 
may have a positive effect on monkeypox by inhibiting inflammation 
and viral replication via these pathways.

The results of network pharmacology were validated by molecular 
docking of the top  10 targets and 5 active compounds. The two 
complexes with lowest binding energy scores were found to 
be  estrone-AR and estrone-ESR1. Furthermore, MD simulations 
showed that the average value of interaction energy of estrone-AR was 
−186 kcal/mol (energy drift: 27 kcal/mol), while was lower than the 
value of −157 kcal/mol (energy drift: 25 kcal/mol) of the estrone-ESR1 
complex. Therefore, the interaction of estrone-AR complex was more 
stable comparing to estrone-ESR1 complex.

FIGURE 4

The results of MD simulations. (A) Evolutions of the RMSD, (B) Rg, (C) interaction energy values over 200  ns for the estrone-AR and estrone-ESR1, and 
(D) radial distribution function from estrone to AR and ESR1.
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In summary, this study systematically explored the interactions 
between the bioactive compounds of XBCQD and the monkeypox-
specific XBCQD targets using network pharmacological methods, 
bioinformatics analyses and molecular simulations, suggesting that 
XBCQD could have a beneficial therapeutic effect on monkeypox by 
reducing the inflammatory damage and viral replication via multiple 
pathways. In addition, the use of XBCQD on monkeypox disease was 
confirmed to be  best worked through the estrone-target AR 
interaction. By using a series of computational approaches, our study 
established the drug screening of XBCQD on monkeypox disease for 
the first time, hopefully could provide some guidance for future 
drug development.

5. Conclusion

By combining network pharmacology, molecular docking 
and MD simulation, the molecular mechanism of XBCQD in the 

treatment of monkeypox virus was systematically investigated. 
According to our results, the top 5 compounds (beta-sitosterol, 
Stigmasterol, Gamma-Aminobutyric Acid, Phytol, estrone) and 
the top  10 targets (ESR1, TP53, CASP3, JUN, TNF, MYC, 
CDKN1A, 1L1B, CCNB1, and AR) were identified. We  also 
found that XBCQD in the treatment of monkeypox virus could 
be mainly related to Hepatitis B, AGE-RAGE signal pathway of 
diabetes complications, Breast cancer, Proteoglycans in cancer, 
Human cytomegalovirus infection, MAPK signaling pathway, 
Estrogen signaling pathway, Epstein–Barr virus infection, 
Human immunodeficiency virus 1 infection and Chemical 
carcinogenesis-receptor activation. Moelcular docking showed 
that estrone-AR and estrone-ESR1 exhibited stronger binding 
affinities than the other moieties. And the estrone-AR possessed 
higher structural and interaction stabilities than the 
estrone-ESR1 with the extension of molecular simulation time. 
Our study provides a comprehensive explanation of the multi-
component, multi-target and multi-pathway intervention 

FIGURE 5

The conformations of contact residues for (A) estrone-AR and (B) estrone-ESR1 complexes, number of hydrogen bonds between the (C) estrone-AR 
and (D) estrone-ESR1 complexes, and (E) RMSF curves for AR and (F) ESR1 during the 200  ns simulations.
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mechanism of XBCQD in the treatment of monkeypox, which is 
expected to provide a basis and new insights for further 
pharmacological research.
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