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A B S T R A C T

Background: The impact of Ebola virus disease (EVD) is devastating with concomitant high fatalities. Currently,
various drugs and vaccines are at different stages of development, corroborating the need to identify new
therapeutic molecules. The VP24 protein of the Ebola virus (EBOV) plays a key role in the pathology and
replication of the EVD. The VP24 protein interferes with the host immune response to viral infections and
promotes nucleocapsid formation, thus making it a viable drug target. This study sought to identify putative lead
compounds from the African flora with potential to inhibit the activity of the EBOV VP24 protein using phar-
macoinformatics and molecular docking.
Methods: An integrated library of 7675 natural products originating from Africa obtained from the AfroDB and
NANPDB databases, as well as known inhibitors were screened against VP24 (PDB ID: 4M0Q) utilising AutoDock
Vina after energy minimization using GROMACS. The top 19 compounds were physicochemically and phar-
macologically profiled using ADMET Predictor™, SwissADME and DataWarrior. The mechanisms of binding
between the molecules and EBOV VP24 were characterised using LigPlot+. The performance of the molecular
docking was evaluated by generating a receiver operating characteristic (ROC) by screening known inhibitors
and decoys against EBOV VP24. The prediction of activity spectra for substances (PASS) and machine learning-
based Open Bayesian models were used to predict the anti-viral and anti-Ebola activity of the molecules, re-
spectively.
Results: Four natural products, namely, ZINC000095486070, ZINC000003594643, ZINC000095486008 and
sarcophine were found to be potential EBOV VP24-inhibitiory molecules. The molecular docking results showed
that ZINC000095486070 had high binding affinity of −9.7 kcal/mol with EBOV VP24, which was greater than
those of the known VP24-inhibitors used as standards in the study including Ouabain, Nilotinib, Clomiphene,
Torimefene, Miglustat and BCX4430. The area under the curve of the generated ROC for evaluating the per-
formance of the molecular docking was 0.77, which was considered acceptable. The predicted promising mo-
lecules were also validated using induced-fit docking with the receptor using Schrödinger and molecular me-
chanics Poisson-Boltzmann surface area (MM-PBSA) calculations. The molecules had better binding mechanisms
and were pharmacologically profiled to have plausible efficacies, negligible toxicity as well as suitable for de-
signing anti-Ebola scaffolds. ZINC000095486008 and sarcophine (NANPDB135) were predicted to possess anti-
viral activity, while ZINC000095486070 and ZINC000003594643 to be anti-Ebola compounds.
Conclusion: The identified compounds are potential inhibitors worthy of further development as EBOV bio-
therapeutic agents. The scaffolds of the compounds could also serve as building blocks for designing novel Ebola
inhibitors.
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Fig. 1. Graphical representation of the schematic workflow adopted in this study. The methods included pre-filtering of ligands using toxicity, Lipinski's and Veber's
rules. Molecular docking and dynamics simulations, as well as antiviral activity predictions were used to support potential lead identification. LigPlot+ was used to
determine the protein ligand interaction profiles (PLIP) whiles pharmacokinetics profiling was undertaken by determining absorption, distribution, metabolism,
excretion and toxicity (ADMET).
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1. Introduction

Ebola virus disease (EVD) is a viral haemorrhagic fever caused by
Ebola viruses which affects humans and other primates [1,2]. Like other
filoviruses, Ebola virus (EBOV) replicates very efficiently in many cells,
giving rise to an appreciable number of the virus in cells of the
mononuclear phagocyte system (MPS) and others including liver cells,
fibroblasts and adrenal gland cells [3]. EBOV is reported to be trans-
mitted to humans through direct contact with blood, mucous mem-
branes or through skin contact. The disease is associated with a high
risk of death, killing an average of about 50% of those infected with the
highest death rate being up to 90% [4].

The World Health Organization (WHO) reported a total of 24 Ebola
outbreaks involving 1716 cases from 1976 to 2013. Also, the largest
outbreak ever recorded was the epidemic in West Africa, mostly in
Liberia, Sierra Leone and Guinea from December 2013 to January 2016,
claiming a little over 11,000 lives out of about 28,000 reported cases
[5,6]. Even though, the end of the EVD outbreak in West Africa was
declared in August 2018, it has re-emerged in the Democratic Republic
of Congo. As at 1st May 2019, the total cases had reached 1510 (1444
confirmed) in the DRC with 994 deaths of which 928 were confirmed
[7]. Recent studies have shown EVD reservoir in bats to be widespread
with the identification of Bombali virus in the free-tailed bats (Family:
Molossidae) in Sierra Leone and the discovery of a new genus of the
filovirus the Mengla virus in Rousettus bats (Family: Megabats) [8,9].

The EBOV is a single-stranded RNA virus which encodes seven
proteins; nucleoproteins (NP), glycoprotein (GP), polymerase (L), VP24,
VP30, VP35 and VP40. The VP24 and VP35 structural proteins of EBOV
are believed to play a very important role of interfering with the human
immune system's response to viral infections [10]. The VP24 protein is
integral in the formation of nucleocapsid (NC) and also a secondary
matrix protein that plays a key role in the pathology of the EVD [11].

The VP24 disrupts signalling pathway of signal transducer and ac-
tivator of transcription 1 (STAT1). It also inhibits the function of
Karyopherin alpha (KPNA) by binding in a region which overlaps with
the region where STAT1 binds to the KPNA due to the higher binding
affinity between the VP24 - KPNA complex [12–14]. As a result, STAT1
is not able to elicit an immune response and VP24 is able to transport
viral components into the nucleus of the target cell [15]. Furthermore,
VP24 is responsible for forming fully functional and infectious virus-
like particles (VLPs), the promotion of viral nucleocapsid formation and
the regulation of replication [16,17]. Therefore, VP24 protein is pivotal
in the replication and spread of the virus and enhances immune-sup-
pression of the host, making it a viable target to combat EVD.

The search for potent EVD treatments is currently underway, but to
the best of our knowledge no Food and Drug Authority (FDA) approved
specific treatments exist. Currently, few drugs including Miglustat [18],
Ouabain [19], Nilotinib [18], Clomiphene and Toremifene [20] among
others have been documented to be VP24 inhibitors. Ouabain, Nilotinib
and Miglustat are responsible for blocking viral replication, whilst
Miglustat is shown to effectively inhibit EBOV particle assembly and
secretion [21]. Clomiphene and Toremifene are oestrogen receptor
modulators which prevent membrane fusion of EBOV [21]. Clomiphene
and Toremifene were administered in mice for the treatment of EBOV,
resulting in a survival rate of 50–90% [20,22]. BCX4430 (Immucillin-
A), an antiviral drug, has also been developed for the treatment of
deadly filovirus infections including EVD and Marburg virus disease
[23,24].

The 2013–16 West African EVD outbreak accelerated the clinical
development of vaccines including the recombinant VSV-ZEBOV,
ChAd3-EBO-Z with or without MVA-BN-Filo, Ad26.ZEBOV with MVA-
BN-Filo, Ad5-ZEBOV, and GamEvac-Combi [21,25,26]. Recent Ebola

drug repurposing approach involved the screening of approved drugs to
aid in the identification of novel inhibitors of EBOV [21,27]. Ad-
ditionally, antiviral screening of multiple compounds using live EBOV
has been reported [28].

Natural product-derived compounds are drug-like molecules which
serve as rich sources of scaffolds for the discovery of novel drug leads
[29]. Also, natural products have been reported to be rich in structural
and chemical diversity [30]. In silico screening of natural products with
therapeutic effects against EBOV have been reported [31]. Curcumin,
curcuminoids and tetrahydrocurcumin are bioactive compounds of
natural product origin which have shown potential anti-viral activity
against EBOV proteins [32,33]. Previously, A total of 2020 Indonesian
natural products were screened against Ebola VP24 receptor and Cy-
cloartocarpin was suggested as an anti-Ebola lead with the least Gibbs
free binding energy of −7.4847 kcal/mol [34].

Pharmacoinformatics has evolved as one of the most cost-effective
and reliable techniques to discover novel leads [35–37]. In silico iden-
tification of potential EBOV inhibitors targeting the different viral
proteins using molecular docking and quantitative structure–activity
relationships (QSAR) studies have been reported [23,32,38–41].
Therefore, the identification of new bioactive compounds via in silico
drug design is vital in unravelling of novel leads which have the po-
tential to inhibit the activity of VP24. The African flora remains an
untapped reservoir of new drug candidates for combating various kinds
of diseases [42,43] and has been reported to have a diverse set of
natural products with viable anti-viral activities [44]. The African
continent is rich in biodiversity [45] and this can be exploited to pro-
duce novel drug candidates from its natural sources. .

The study sought to identify potential natural product-derived
EBOV VP24 protein inhibitory compounds by virtual screening of an
integrated African natural product library [46,47]. The predicted po-
tential leads were evaluated using a receiver operating characteristic
(ROC) curve and molecular dynamics (MD) simulations including mo-
lecular mechanics Poisson-Boltzmann surface area (MM-PBSA) calcu-
lations and induced-fit docking (IFD). We further predicted anti-viral
and anti-Ebola activity using machine learning based Open Bayesian
techniques. Additionally, the study compared the binding energies of
known inhibitors of EBOV VP24 protein to those in the libraries to aid
in identifying compounds with potent binding affinities. Then phar-
macokinetic and physicochemical profiling of compounds to identify
potential novel drug-like leads were carried out. The study identified
potential inhibiting compounds which warrant further development as
EBOV biotherapeutic agents.

2. Methods

A graphical representation of the schematic workflow detailing the
step-by-step methods implemented in this study is shown in Fig. 1. The
methods involved pre-filtering of ligand libraries for downstream ana-
lysis, molecular docking, atomistic level molecular dynamics simula-
tions and prediction of anti-viral activity.

2.1. Data sources for VP24 protein, African natural compounds and VP24-
Inhibitor drugs

The 3D structure of the VP24 protein with reasonably good re-
solution was retrieved from the Research Collaboratory for Structural
Bioinformatics Protein Data Bank (RCSB PDB) [ [48]] with corre-
sponding PDB ID: 4M0Q. An integrated library consisting of 7675
compounds was obtained from the Natural Product Library from
African Medicinal Plants (AfroDB) and Northern African Natural Pro-
ducts Database (NANPDB). A total of 833 compounds were obtained
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from AfroDB, which is a catalogue of ZINC database containing natural
products originating from different geographic regions in Africa [47].
Also, 6842 compounds were obtained from NANPDB, a library of
compounds isolated mainly from plants, with contributions from some
endophyte, animal, fungal and bacterial sources [46]. The unique
identifiers (IDs) of the NANPDB compounds used in this study were
concatenated with the prefix “NANPDB”. Known inhibitors of EBOV
VP24 protein comprising Miglustat, Ouabain, Nilotinib, Clomiphene,
Toremifene and BCX4430 were retrieved from PubChem [49].

2.2. Pre-filtering of screening library

ADMET Predictor™ (V8.0, Simulations Plus, Inc., Lancaster, CA) was
used to screen the 7675 compounds to eliminate ligands with high
toxicity levels and molecular weights greater than 350 g/mol and less
than 250 g/mol, since the standard lead-like database of ZINC has
compounds with molecular weights between 250 and 350 g/mol [50].
Also, the ADMET_Risk model embedded in ADMET Predictor™ was used
to summarize the range of potential liabilities that can derail a drug
candidate's development, from low solubility to unacceptably fast Cy-
tochrome P450 (CYP) metabolism to causing phospholipidosis. A re-
ference set of 2270 commercial drugs from the World Drug Index (WDI)
were used in ADMET Predictor™ to build models. The ADMET_Risk for
90% of the reference set had scores of less than 7.5. ADMET Predictor™
has a risk value range of 0–24. The risk parameters have quantitative
features where lower scores indicate the suitability of a compound to be
more drug-like [51].

2.3. Preparation of protein and screening library

The NANPDB compounds obtained in 2D spatial data file (.sdf) were
converted to 3D using Open Babel's “gen3d” option after removal of
duplicates. The 3D structures from AfroDB were merged with NANPDB
and imported into PyRx. The structures underwent energy minimiza-
tion using the MMFF94 force field and Conjugate Gradient algorithm in
200 steps, and were converted to Protein Data Bank partial charge and
atom type (.pdbqt) file format using Open Babel [52]. GROMACS v5.1.1
was used to perform the energy minimization of the protein using the
Optimized Potentials for Liquid Simulations (OPLS)/All Atom (AA)
force field [53]. The energy minimized VP24 protein which was in the
GROMACS format (.gro) was then visualized in PyMOL (PyMOL Mo-
lecular Graphics System, Version 1.5.0.4, Schrödinger, LLC). The water
molecules were then removed from the protein and the structure was
saved in the Protein Data Bank format (.pdb). PyRx was then used to
convert the protein into AutoDock Vina's compatible pdbqt format
using the “make macromolecule” option.

2.4. Binding site characterisation and molecular docking

Computed Atlas of Structure Surface Topography of proteins
(CASTp) was used to determine the binding sites of the protein [54,55].
Previously, the binding sites of the VP24 protein were determined using
Site Finder [34]. Chimera 1.12 [56] was used to analyse the binding
sites predicted by CASTp [54]. The sites with no openings were elimi-
nated including those with relatively small volumes and areas. Auto-
Dock Vina interfaced with PyRx [57] was used to run the molecular
docking and the poses were visually assessed in PyMOL (PyMOL Mo-
lecular Graphics System, Version 1.5.0.4, Schrödinger, LLC) [58,59].
The AutoDock Vina search space was maximized to cover all the four
predicted binding sites using the following dimensions: cen-
ter_x= 60.8092 Å, center_y= 60.8995 Å, and center_z= 60.9494 Å;
and size_x= 64.5187991524 Å, size_y= 56.7348013687 Å, and
size_z= 95.2103975201 Å.

2.5. Docking protocol validation

Decoys were obtained via the Directory of useful decoys and en-
hanced (DUD-E) [60] to generate the ROC curve using nine known
VP24 specific inhibitors comprising Benzylpiperazine, Adamantane-
1,3-diame, Adamantane-1,2-diamine, Ouabain, Nilotinib, Clomiphene,
Torimefene, BCX4430 and Miglustat. The ROC curve evaluates the
performance of the docking [61]. Forty-seven decoys were generated
for each inhibitor, with the decoys possessing similar physiochemical
properties but different 2-D topologies to the known inhibitors. The
area under the curve (AUC) for the ROC curve generated using easyROC
(Ver. 1.3) was obtained by screening a total of 423 decoys and 9 in-
hibitors against the VP24 receptor [62].The default parameters com-
prise parametrically fitted ROC curve, Standard error estimation and
confidence interval of DeLong [63], and type I error of 0.05.

2.6. Characterisation of mechanism of binding and induced-fit docking
(IFD)

LigPlot + v1.4.5 was used to characterise the interactions between
the protein and the selected hits [64,65]. The hydrogen bonds were
depicted with green dashed lines and the arcs with spokes radiating
towards the ligands represented the hydrophobic interactions. Default
parameters were used to generating the interaction profiles. Ad-
ditionally, induced-fit docking (IFD) was used to investigate the flex-
ibility of the ligand-receptor complexes via the Schrödinger software
suite [66]. Proteins undergo conformational changes upon binding to
other molecules [67–69]. The study of protein flexibility and interac-
tions is important in drug discovery [67].

2.7. ADME screening of sub-library

Compounds with high binding affinity after molecular docking and
better pose with the energy minimized VP24 protein were subjected to
pharmacokinetics profiling including absorption, distribution, meta-
bolism and excretion (ADME) testing using SwissADME [70]. An ef-
fective drug needs to reach its intended target and elicit the desired
therapeutic effect with good pharmacokinetics [71].

2.8. Toxicity prediction with OSIRIS Property Explorer in DataWarrior

The toxicity profiles of the top 19 hits and 6 known inhibitors were
evaluated using OSIRIS Property Explorer in DataWarrior 4.7.2 [72].
DataWarrior uses features of chemical structures to predict physio-
chemical properties. The compounds were processed in Simplified
Molecular-Input Line-Entry System (SMILES) formats. The algorithm in
the OSIRIS Property Explorer predicts relevant drug properties such as
mutagenicity, tumorigenicity, irritancy and reproductive effect [72].

2.9. Prediction of anti-viral activity of compounds

The biological activity of the shortlisted compounds were predicted
using the prediction of activity spectra for substances (PASS) [ [73]].
PASS predicts the biological activity spectra of compounds using the
SMILES files of the structures [74] based on Bayesian approach. Also,
the Mobile Molecular Data Sheet (MMDS) (http://molmatinf.com/) was
used as platform to calculate the Bayesian scores of the promising
molecules in order to evaluate their anti-Ebola and anti-pseudo-viral
activities. Open Bayesian models generated from viral Ebola replication
and pseudo-type training datasets were used to identify potential anti-
EBOV molecules [75]. Bayesian models embedded in MMDS compute
scores which are calibrated to a probability-like scale [76]. The two
models which are openly accessible (http://molsync.com/ebola/) were
uploaded into MMDS to score the molecules.
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2.10. Quality evaluation of shortlisted molecules

The inhibitory constant (Ki) was calculated using the binding en-
ergies of the top six selected compounds along with other metrics
consisting of ligand efficiency (LE), LE scale (LE_scale), fit quality (FQ)
and LE-dependent lipophilicity (LELP). The aforementioned metrics
were calculated using the approach described previously [77].

2.11. Molecular dynamics simulation of protein-ligand complexes

The selected compounds and the known inhibitors were prepared
with PRODRG (http://davapc1.bioch.dundee.ac.uk/prodrg/) prior to
molecular dynamics (MD) simulation to generate a starting topology for
the ligands with Chirality set to “yes” in order to maintain the chiral
centers in the ligands. The charges were set to “full” and energy
minimization set to “no”. GROMOS96.1 was used to generate 43A1
parameters for the ligands. MD simulation was conducted with
GROMACS 2018 under the GROMOS96 43A1 force field. The chain A of
the VP24 was used for the molecular dynamics simulations. To solvate
the protein-ligand complexes, the distance of complexes to box
boundaries were set to 1.0 nm. Also, complex charges were neutralized
with sodium and chloride ions. Each complex was minimized with 1000
steps of Steepest Descent and the final minimized structure was used as
the initial structure for MD simulation. Also, equilibration protocol was
used to restrain and relax protein-ligand positions. MD simulation was
conducted for 100 ns with time steps of 2 fs under PME. Xmgrace [78]
was used to plot the graphs generated from the MD simulations.

2.12. MM-PBSA calculations of ligand-receptor complexes

The binding free energies of the complexes were calculated using
the Molecular Mechanics Poisson-Boltzmann Surface Area (MM-PBSA)
method. MM-PBSA provides the combination of molecular mechanics
and continuum solvent models. MM-PBSA calculations of the complexes
were carried out using g_mmpbsa, which calculates binding energy
components and the individual energy contributions of the residues
[79,80]. R programming package [81] was then used to plot the graphs
from the MM-PBSA computations.

3. Results and discussion

3.1. Binding site analysis

A search via RCSB database retrieved two EBOV VP24 protein X-ray
structures with PDB IDs 4U2X and 4M0Q of resolutions 3.15 Å and
1.92 Å, respectively. 4M0Q was then selected for this study due to its
higher resolution [34,82]. 4M0Q is a dimer [83] of which each chain is
37% helical comprising 10 helices and 87 residues, and 20% beta sheet
composed of 10 strands and 46 residues (Fig. 3A).VP24 is a single do-
main, alpha/beta (α/β) structure with a shape that resembles a trian-
gular pyramid [84], but when expressed in mammalian cells, has the
tendency to oligomerize into tetramers [11].

Q-SiteFinder was used to characterise the binding site of the EBOV
VP24 [34] and the residues identified were Ala99, Gln103, Leu106,
Gly117, Gly120, Leu121, Ser123, Asp124, Leu127, Thr128, Thr183,
Gln184, Asn185 and His186. Herein, CASTp was used to predict four
major binding pockets (Table 1). Pocket 2 predicted via CASTp over-
lapped with the binding site predicted previously [34]. Predicted sites
with very small volumes and areas such that no ligands could fit were
not considered for downstream virtual screening. An in silico study to
identify new anti-EBOV VP24 compounds screened ligands from
ZINC15 as well as oleuropein and ouabain against EBOV VP24 (ID:
4U2X). The three putative leads identified had interactions with Leu127
and Thr128 [41], which were similarly predicted using CASTp in
pockets 2 and 4 (Table 1). Pockets 1 and 3 predicted using CASTp are
potential targets for inhibition of VP24 protein. Ser151, Ser155, Arg154
and Lys39 found in pocket 1 were also identified as the interacting
residues in VP24 receptor docking studies performed with 56 com-
pounds and their analogues [85].

3.2. Pre-filtering of library and molecular docking studies

Out of a total of 7675 natural products, 1470 ligands passed the
ADMET test which was performed with ADMET Predictor™. Most of the
compounds failed due to their heavy molecular weights and relatively
high ADMET_Risk scores above 7.5. A sub-library composed of 1470
ligands that passed the ADMET test and six known VP24 inhibitors

Fig. 2. Receiver Operator Characteristic (ROC) curve for evaluating the performance of the virtual screening. The curve was generated by screening active com-
pounds and their corresponding decoys against the EBOV VP24 receptor. An AUC of 0.77 was obtained from the ROC curve.
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Fig. 3. The structure of EBOV VP24 protein. (A) Hydrophobicity representation of the 3D structure of VP24 (ID: 4M0Q). (B) Cartoon representation of VP24 in
complex with ZINC000095486008. The binding site depicted as surface representation with ZINC000095486008 shown in sticks. (C) LigPlot + diagram of
ZINC000095486008 coloured in purple showing hydrogen bonding with residues Glu46 and Arg154. Green dash lines represent the hydrogen bond interactions. (For
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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comprising Ouabain [18], Nilotinib [86], Clomiphene [87], Tor-
imefene, Miglustat [18] and BCX4430 [24] were used for the molecular
docking. Supplementary Files 1 to 8 are the PDB files generated from
the molecular docking simulations.

A single grid box used for the docking was set to cover all the four
predicted binding sites (Table 1). Ligands which possessed binding
energies lower than −8.0 kcal/mol with the VP24 protein were se-
lected for downstream analysis. A previous study used a threshold of
−7.0 kcal/mol to pre-filter a library [88]. This threshold discriminates
well between putative specific and non-specific protein-ligand bonds
[88] and may be effective in filtering out weakly binding ligands. Since
this threshold was defined for AutoDock users, this current study used a
more stringent threshold of less than −8.0 kcal/mol with 149 ligands
meeting the criteria.

3.3. Identification of hits using physicochemical profiling

The 149 pre-filtered compounds were physicochemically profiled
using SwissADME and OSIRIS Property Explorer. Out of the 149 com-
pounds, 100 complied with the Lipinski's rule of 5 [89] and Veber's rule
[90] (Supplementary Table 1). Lipinski's rule evaluates drug-likeness
for oral bioavailability and entails an n-octanol–water partition coeffi-
cient logP not more than 5, hydrogen bond donors not more than 5,
hydrogen bond acceptors not more than 10, and molecular weight not
more than 500 Da [91]. Veber's rule entails having a Total Polar Surface
Area (TPSA) less than or equal to 140 Å2 [90]. Compounds with a TPSA
equal to or less than 140 Å2 are likely to have a good oral bioavailability

[90]. The TPSA values are considered as surrogate indicators of ex-
cellent human intestinal absorption (HIA) and Caco-2 permeability
[39]. All the potential leads had TPSA values less than 140 Å2.

3.4. Comparison of the binding energies of the hits with known inhibitors

The binding affinity of VP24-ligand complex is an important para-
meter which indicates the strength at which a ligand binds to the VP24
receptor. Specific recognition of ligands by proteins is at the core of
pharmacoinformatics, providing insight into the ability of a possible
drug candidate to inhibit the activity of a protein [92]. The results of
the molecular docking showed that ZINC000095486070 possessed the
least binding energy with VP24 compared to all the known VP24-in-
hibitors with a binding energy of −9.7 kcal/mol, implying
ZINC000095486070 had the strongest binding affinity with VP24.
Clomiphene, Torimefene, BCX4430 and Miglustat possessed binding
energies of −7.5, −7.4, −6.5 and −5.2 kcal/mol with the VP24 pro-
tein, respectively (Table 2).

Ouabain was identified as an inhibitor of the EBOV VP24 protein by
inhibiting viral replication in human lung cells [19]. Ouabain was used
in experiments to inhibit the function of ATP1A1 in cells infected with
the EBOV. The results showed a decrease in the progeny virus in treated
infected cells as compared to untreated infected cells [19]. Even
though, the results from the experimental data appeared encouraging,
Ouabain is not yet approved by FDA for the treatment of EBOV infec-
tions and may likely exhibit toxicity in high concentrations. Further-
more, there is no available experimental record for Ouabain in living

Table 1
Selected VP24 binding sites predicted via CASTp with amino acid residues linning respective binding pockets [54,55].

Binding site Residues lining the binding site

Pocket 1 Lys39, Gly44, Ile45, Glu46, Phel47, Asp48, Ser151, Arg154, Ser155, Ile157, Leu158, Ile161, Ser225, Thr226, Ala229, Phe230, Thr231.
Pocket 2 Val96, Ala99, Ala100, Gln103, Leu106, Glu113, Ala116, Gly117, Gly120, Ser123, Asp124, Leu127, Thr128, Ile181, Thr183, Gln184, Asn185, His186, Ile188.
Pocket 3 Gly101, Ile102, Gln105, Gln109, Ser110, Ile112, Leu115, Leu119, Gln144, Ser146, Lys148, Met149, Leu152, Ile153, Asn156, Ile157.
Pocket 4 Ile102, Gln103, Ile107, Gly120, Ser123, Asp124, Leu127, Thr128, Thr183, Gln184, Asn185, His186.

Table 2
The binding energies and intermolecular bonds between hits and known inhibitors with EBOV VP24.

ZINC ID/Drug name Binding energy (kcal/
mol).

Number of hydrogen
bonds

Hydrogen bond
residues

Hydrogen bond length
(Å)

Hydrophobic contacts

ZINC000095486070 −9.7 0 – – Gly44, Ile45, Arg154, Phe230, Leu158
Ouabain −9.3 3 Lys39, Arg154 2.82, 3.03, 3.03 Glu46, Phe230, Leu158, Ile45, Gly44, Ser155,

Arg154
NANPDB6380 −9.2 1 Arg154 3.25 Ile45, Glu46, Ala229, Phe230.
ZINC000003594643 −9.1 0 – – Arg154, Phe230, Asp48, Ala229, Glu46
ZINC000095486008 −9.1 2 Glu46, Arg154 2.94, 3.08 Ala229, Phe230
NANPDB102 −9.1 1 Gly44 3.08 Ile45, Glu46, Arg154, Phe230.
Nilotinib −9.1 2 Glu46, Ser155 3.16, 2.98 Ala229, Glu46, Arg154, Leu158, Glu46, Arg154,

Glu46
NANPDB135 −9.0 1 Arg154 2.98 Glu46, Leu158, Ala229, Phe230.
NANPDB2581 −9.0 0 – – Glu46, Arg154.
NANPDB3497 −9.0 2 Glu46, Ala229 2.70, 2.70 Ile45, Glu46, Ala229, Phe230.
NANPDB6355 −9.0 0 – – Ile45, Arg154, Leu158. Phe230.
ZINC000095485910 −8.8 2 Lys39, Asp48 2.91, 2.89 Glu46
NANPDB1950 −8.8 2 Arg154 2.80, 2.98 Arg154, Ser155, Leu158, Phe230.
ZINC000040393112 −8.7 0 – – Arg154, Glu46
NANPDB94 −8.7 0 – – Ile45, Glu46, Arg154, Leu158, Phe230.
NANPDB129 −8.7 0 – – Gly44, Glu46, Arg154, Leu158, Ala229, Phe230.
NANPDB2246 −8.7 1 Arg154 3.05 Ile45, Glu46, Arg154, Leu158, Ala229, Phe230.
NANPDB2434 −8.7 1 Arg154 3.24 Ile45, Glu46, Leu158, Phe230.
NANPDB4089 −8.7 1 Glu46 2.91 Ile45, Glu46, Arg154, Leu158, Phe230.
NANPDB4631 −8.7 1 Arg154 2.95 Ile45, Glu46, Arg154, Leu158, Ala229, Phe230.
NANPDB6786 −8.7 2 Gly44, Arg154 2.92, 3.09 Gly44, Ile45, Glu46, Arg154, Phe230.
Clomiphene −7.5 0 – – Glu46, Leu158, Phe230, Glu46, Lys39, Asp48,

Arg154, Glu46, Ile45
Torimefene −7.4 0 – – Glu46, Arg154, Phe230, Ala229, Leu158, Ile45
BCX4430 −6.5 2 Gly44, Asp48 3.21, 3.07 Lys39, Glu46, Arg154, Phe230, Ile45, Asp48
Miglustat −5.2 3 Arg154, Gly44 2.90, 3.13, 3.27 Arg154, Leu158, Ile45, Gly44
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animals infected with EBOV [18]. Ouabain had the least binding energy
of −9.3 kcal/mol among the known inhibitors considered, which im-
plied that it had the highest binding affinity to the EBOV VP24 protein.
Clomiphene and Toremifene possessed the fourth and third highest
binding energies of −7.5 and −7.4 kcal/mol among the known in-
hibitors, respectively. Miglustat exhibited the highest binding energy of
−5.2 kcal/mol among the known inhibitors, inferring least binding
affinity. Miglustat is believed to block viral replication when bound to
the VP24 protein [18]. Clomiphene, Toremifene and Miglustat are FDA
approved drugs which have shown the potential to inhibit EBOV re-
plication even though they have associated side effects [18,20,93].
BCX4430 possessed a binding energy of −6.5 kcal/mol and has been
reported to inhibit EBOV replication but is yet to be approved by the
FDA [18].

The binding energy of ZINC000095486070 was compared to the
leads Bisdemethoxycurcumin [32] and Limonin [23]. Bisdemethox-
ycurcumin exhibited binding energy of −7.7 kcal/mol [32], whilst
both ZINC000095486070 and Limonin had −9.7 kcal/mol each. Also,
BCX4430 had a binding energy of −7.7 kcal/mol [23] compared to
−6.5 kcal/mol (Table 2). The difference in the binding energies of
BCX4430 was due to the different docking sites. However, in both
studies BCX4430 exhibited the least binding affinity against the VP24
protein when compared to other screened inhibitors.

3.5. Docking protocol validation using ROC curve analysis

The ROC curve provides a representation of the sensitivity and
specificity of a classifier at different thresholds. Its area under the curve
(AUC) corresponds to the general performance of the docking and
evaluates the ability of a docking model to distinguish docked decoys
from active ligands [ [62,94]]. AUC values of a ROC curve ranges be-
tween 0 and 1. AUC values closer to 1 are indicative of successful dis-
crimination of active compounds from decoys whilst values closer to 0
indicate poor discrimination [61]. AUC value of 1 represent perfect
classification of active compounds from decoys. Values less than 0.70
are indicative of moderate discrimination, whilst values≤ 0.5 depict
poor discrimination [61,95]. The AUC computed from the generated
ROC curve was 0.77 (Fig. 2), which was considered as acceptable.

3.6. Molecular interactions with EBOV VP24

The molecular interactions between the ligands and the binding
sites of the VP24 protein are essential when considering a ligand to be a
plausible drug candidate. The VP24 protein-ligand interactions of the
top five ligands with low binding energies are shown in Fig. 3 and
Supplementary Figs. 1–4. ZINC000095486070 interacted with Gly44,
Ile45, Arg154, Leu158 and Phe230 via hydrophobic bonds
(Supplementary Fig. 1). NANPDB6380 formed a hydrogen bond with
Arg154 of length 3.25 Å and hydrophobic bonds with Ile45, Glu46,
Ala229 and Phe230.

ZINC000003594643 formed hydrophobic bonds with Ala229,
Asp48, Glu46, Arg154 and Phe230 (Supplementary Fig. 2).
ZINC000095486008 also formed hydrophobic bonds with Ala229,
Glu46, Arg154 and Phe230; and hydrogen bonds with Arg154 and
Glu46 of lengths 3.08 and 2.94 Å, respectively (Fig. 3). NANPDB6380
formed hydrophobic bonds with Ile45, Glu46, Ala229 and Phe230, and
a hydrogen bond of length 3.25 Å with Arg154 (Supplementary Fig. 3).
NANPDB102 also formed a hydrogen bond with Gly44 with bond
length of 3.08 Å and formed hydrophobic bonds with Ile45, Glu46,
Arg154 and Phe230 (Supplementary Fig. 4).

ZINC000095485910 also formed hydrophobic bonds with Lys39,
Asp48 and Glu46. Also, ZINC000095485910 formed very strong hy-
drogen bonds with Lys39 and Asp48 with bond lengths of 2.91 and
2.89 Å, respectively. ZINC000040393112 also formed hydrophobic
bonds with Glu46 and Arg154. Interestingly, the top 19 hits interacted
with residues Lys39, Gly44, Ile45, Glu46, Phel47, Asp48, Ser151,
Arg154, Ser155, Ile157, Leu158, Ile161, Ser225, Thr226, Ala229,
Phe230 and Thr231, which were present in pocket 1 (Table 1 and
Supplementary Table 2). Similarly, curcumin, demethoxycurcumin,
bisdemethoxycurcumin and tetrahydrocurcumin formed intermolecular
bonds with the active site residues Arg154, Gly44, Glu46, Gln232,
Ile45, Phe230 and Leu158, which were also present in pocket 1
(Table 1) except Gln232 [32].

Limonin was reported to interact with Ser178, Tyr172, Asn171,
Met209, Ile189, Leu75, Ser177 and Thr191; samarcandin interacted
with Arg154, Glu46, Phe230, Ser155, Arg154, Ile45 and Leu158; and
gummosin formed intermolecular bonds with Arg154, Glu46, Leu158,
Arg154, Phe230 and Leu158 [23]. Additionally, these aforementioned

Table 3
ADME Prediction of Top 19 hits and 6 Known Inhibitors for Gastrointestinal (GI); Blood Brain Barrier (BBB); Estimated Solubility (ESOL) and P-glycoprotein (Pgp).

COMPOUND ESOL Log S ESOL Class GI absorption BBB permeant Pgp substrate

ZINC000095486070 −3.24 Soluble High Yes No
Ouabain −2.13 Soluble Low No No
NANPDB6380 −2.34 Soluble High No No
ZINC000003594643 −3.2 Soluble High No No
ZINC000095486008 −4.37 Moderately soluble High Yes Yes
NANPDB102 −3.7 Soluble High Yes No
Nilotinib −6.23 Poorly soluble Low No No
NANPDB135 −3.8 Soluble High Yes No
NANPDB2581 −4.09 Moderately soluble High Yes No
NANPDB3497 −3.16 Soluble High Yes Yes
NANPDB6355 −2.66 Soluble High No No
ZINC000095485910 −4.16 Moderately soluble High No No
NANPDB1950 −1.79 Very soluble High No No
ZINC000040393112 −3.6 Soluble High Yes Yes
NANPDB94 −3.8 Soluble High Yes No
NANPDB129 −2.87 Soluble High Yes Yes
NANPDB2246 −3.32 Soluble High Yes Yes
NANPDB2434 −2.47 Soluble High No Yes
NANPDB4089 −3.53 Soluble High Yes Yes
NANPDB4631 −3.99 Soluble High Yes No
NANPDB6786 −1.62 Very soluble High Yes Yes
Clomiphene −6.78 Poorly soluble Low No Yes
Torimefene −6.76 Poorly soluble Low No Yes
BCX4430 −0.31 Very soluble Low No No
Miglustat −0.54 Very soluble High No Yes
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residues also interacted with the 19 hits. BCX4430 was also reported to
interact with Ser123, Gln184, Asp124, Gln103, Gly120 and Asn185
[23], which lined pocket 2 (Table 1). Arg154 has been shown to in-
teract with all ligands that bind in pocket 1 and could be an essential
residue critical for inhibition, thereby warranting further studies.

3.7. In silico pharmacokinetic properties and toxicity prediction

Most of the selected compounds were predicted to have relatively
low ESOL logS values (Table 3). The value of ESOL logS provides insight
into the aqueous solubility of a compound. ZINC000095486070 had a
high gastrointestinal (GI) absorption which suggests a high probability
of successful absorption into the intestinal tract. GI absorption is the
absorption of orally administered drugs into the bloodstream. Blood
Brain Barrier (BBB) permeation is the potential of a drug to cross the
blood brain barrier to the brain where it binds to specific receptors for
the activation of signalling pathways. Predicting the BBB permeability
is crucial in the drug development pipeline since a molecule cannot
demonstrate desired pharmacological activities with the brain par-
enchyma without permeation of the brain barrier [96]. Thirteen of the
hits were found to have permeation into the BBB, which was denoted by
the criterion “Yes” (Table 3).

Another parameter considered was the P-glycoprotein (P-gp), which
aids in the elimination of xenobiotics from the central nervous system
(CNS) by functioning as a biological barrier by removing toxins and
xenobiotics from cells. It also plays an important role in the absorption
and distribution of drugs [97]. Among the top 19 hits, 11 compounds
which were predicted to be non-substrate of P-gp (Table 3) are more
likely to possess desirable distribution in the circulatory system upon
administration.

CYP450 proteins are a group of isozymes in the hemoproteins su-
perfamily which regulate drug metabolism [98]. They are also vital in
the metabolism of steroids, fatty acids, carcinogens, drugs and other
xenobiotics. CYP450 inhibitors comprising 1A2, 2C19, 2C9, 2D6 and
3A4 were investigated using ADME screening. Sixteen of the hits were
non-substrate for at least 3 of the CYP450 inhibitors (Supplementary
Table 3). ZINC000095486070 which possessed the lowest binding en-
ergy of −9.7 kcal/mol was a substrate of CYP1A2 and CYP2D6, while
NANPDB6380 and ZINC000003594643 which had the second and third
lowest binding energies of −9.2 and −9.1 kcal/mol were non-sub-
strates for all the CYP450 inhibitors, respectively. The inhibition of
CYP450 proteins affects drug metabolism and leads to the rise in toxi-
city levels [99]. From the results obtained, 9 out of the top 19 hits were
not mutagenic, tumorigenic and irritant (Supplementary Table 4).
ZINC000095486070 had no mutagenicity, tumorigenicity, reproductive
effect and irritation. Therefore, ZINC000095486070 may elicit negli-
gible harmful effects when administered. Ouabain, Nilotinib, BCX4430
and Miglustat were predicted to be non-mutagenic, non-tumorigenic
and non-irritant. Clomiphene was predicted to possess high mutageni-
city, tumorigenicity and irritation. Also, Torimefene was predicted to
have low mutagenicity and non-irritant.

3.8. Anti-viral prediction

3.8.1. Prediction of activity spectra for substances (PASS)
PASS is used to predict molecular activity by comparing the struc-

tures of the queried compounds with the structures of known active
substrates present in its database [74]. A Bayesian algorithm is used to
predict the probable activity (Pa) or probable inactivity (Pi) of a com-
pound. Pa denotes the probability of a queried compound to belong to
the subclass of active compounds, while Pi is the probability to belong
to the subclass of inactive compounds present in the PASS database
[100]. ZINC000095486008 was predicted to possess anti-Rhinovirus
activity with Pa of 0.511 and Pi of 0.021; anti-Herpes activity with Pa of
0.422 and Pi of 0.026; and anti-Influenza activity with Pa of 0.431 and
Pi of 0.037. NANPDB6380 was also predicted to possess anti-Rhinovirus
activity with Pa of 0.305 and Pi of 0.243, whilst NANPDB135 possessed
anti-Rhinovirus activity with Pa of 0.501 and Pi of 0.024. NANPDB2246
was predicted to possess activity against Rhinovirus with Pa of 0.554
and Pi of 0.011; Influenza with Pa of 0.458 and Pi of 0.030; and Herpes
with Pa of 0.401 and Pi of 0.035.

When the Pa is greater than Pi for a particular compound activity, it
is worth exploring the pharmacological activity [101,102]. Since the Pa
obtained for each activity was greater than the corresponding Pi,
ZINC000095486008, NANPDB6380, NANPDB135 and NANPDB2246
are attractive anti-viral candidates for in vitro experimentation [103].

3.8.2. Bayesian models for predicting anti-Ebola activity
Bayesian models were used to ascertain if a compound was likely to

be active against VP24 receptor. The Bayesian models were built using
training datasets composed of viral pseudo type entry and Ebola virus
replication assay datasets [75]. The Bayesian models were uploaded
into the MMDS to evaluate the anti-Ebola activity of the molecules [75].
Also, the Bayesian model prediction scores for the anti-Ebola activity of
ZINC000095486070, NANPDB6380, ZINC000003594643,
ZINC000095486008, NANPDB135 and NANPDB2246 were 0.583,
0.429, 0.551, 0.088, 0.119 and 0.009, respectively. The Bayesian model
prediction scores for the pseudo viral activity of ZINC000095486070,
NANPDB6380, ZINC000003594643, ZINC000095486008, NANPDB135
and NANPDB2246 were 0.577, 0.410, 0.502, 0.434, 0.234 and 0.162,
respectively. Even though, ZINC000095486008 and NANPDB2246
were predicted to have the least anti-Ebola activity, they were sug-
gested as anti-viral using PASS [73,100]. The Bayesian models were
trained with total data size of 868 with 20 compounds active against
Ebola and 41 compounds active against pseudo virus [75]. Even
though, the Bayesian models were trained with relatively smaller da-
tasets, they provide insight into the anti-Ebola activity of the potential
leads.

3.9. Ligand efficiency-based metrics for evaluating the selected compounds

The quality of the predicted selected compounds were assessed
using metrics including inhibitory constant (Ki), ligand efficiency (LE),
LE scale (LE_scale), fit quality (FQ) and LE-dependent lipophilicity
(LELP) (Table 4).

The predicted Ki values ranged from 0.077 to 0.419 μM (Table 4),

Table 4
The quality assessment metrics for the selected compounds. The metrics included inhibitory constant based on binding affinity (Ki), ligand efficiency (LE), LE scale
(LE_scale), fit quality (FQ) and LE-dependent lipophilicity (LELP).

ID Binding Energy NHA LogP Ki LE LE_Scale FQ LELP

ZINC000095486070 −9.7 22 2.53 7.7E-08 0.441 0.429 1.028 5.738
NANPDB6380 −9.2 24 1.6 1.80E-07 0.383 0.404 0.949 4.174
ZINC000003594643 −9.1 25 2.18 2.13E-07 0.364 0.392 0.929 5.989
ZINC000095486008 −9.1 25 3.23 2.13E-07 0.364 0.392 0.929 8.874
NANPDB135 −9.0 23 3.8 2.52E-07 0.391 0.416 0.940 9.711
NANPDB2246 −8.7 24 2.72 4.19E-07 0.363 0.404 0.898 7.503
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with the low Ki values indicating the inhibitory potential of the com-
pounds [104]. LE evaluates the binding affinity in relation to the
number of heavy atoms (NHA) in a molecule and should be at least
0.29 kcal/mol/HA for lead-like molecules [105,106]. The six selected
compounds had very good LE values ranging from 0.36 to 0.441, si-
milar to the average LE value (0.38) of fragment-like molecules [106].
The LE_Scale was computed to address the size-dependent limitation of
LE. The LE_Scale values of the compounds ranged from 0.39 to 0.43,
which were close to other active compounds with similar number of
heavy atoms [107,108].

The fit quality (FQ) which is a ratio of the observed LE to the
LE_Scale of a molecule provides more accuracy in determining the ef-
ficiency of a ligand. A molecule is suggested to have an ideal ligand
binding if the FQ value is close to 1 [106]. The six compounds exhibited
FQ values close to 1 with the lowest and highest being 0.8 and 1.028,
respectively, suggesting ideal binding to the protein. The LELP ad-
dresses the issues of lipophilicity and specificity of the ligands to the

receptor. The LELP values of the compounds ranged from 4.1 to 9.72
(Table 4). The lower the absolute value of LELP, the more potent a lead
compound, thus a good lead will have LELP closer to 0. Compounds
within the Lipinski zone have LELP of less than 16.5, though the de-
sirable range for LELP is between 0 and 7.5 [109]. Overall, the com-
pounds are reasonable templates for optimisation in fragment-based
drug design.

3.10. Induced-fit docking

Protein flexibility is key to drug discovery since protein structures
vacillate between different conformations in their native states
[110–112]. For most docking tools, flexible ligand docks to rigid pro-
tein targets [113], limiting insight into the flexibility of the receptor.
The IFD module in Schrödinger software suite [66] was employed in
investigating the structural flexibility of ZINC000095486070,
ZINC000003594643, ZINC000095486008, NANPDB6380 and

Fig. 4. Molecular interactions of ZINC000095486008 ligand complex with hydrogen bond interactions indicated as purple arrows. (For interpretation of the re-
ferences to colour in this figure legend, the reader is referred to the Web version of this article.)
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NANPDB2246 ligand complexes. The GlideScores and IFD scores of the
most plausible poses were selected for downstream analysis. The Gli-
deScore is an empirical scoring function that estimates the binding af-
finity of the ligand complexes, whilst the IFD score estimates the most
likely conformations of the ligand complexes. Generally, lower Glide-
Scores and IFD scores (more negative) are indicative of plausible
binding between a ligand and a receptor [113–118]. The best con-
formers of the complexes of ZINC000095486070, NANPDB6380,
ZINC000003594643, ZINC000095486008 and NANPDB2246 had Gli-
deScores of −5.825 kcal/mol, −6.589 kcal/mol, −6.079 kcal/mol,
−6.532 kcal/mol and −5.791 kcal/mol, with corresponding IFD scores
of −893.707 kcal/mol, −868.98 kcal/mol, −891.056 kcal/mol,

−895.226 kcal/mol and −868.13 kcal/mol, respectively. The mole-
cular interactions of ZINC000095486008, ZINC000095486070,
ZINC000003594643, NANPDB6380 and NANPDB2246 are shown in
Fig. 4 and Supplementary Figs. 5, 6, 7 and 8, respectively. The IFD
studies showed that the five ligands formed interactions with residues
such as Glu46, Arg154, Ala229, Phe230, Leu158, Ile45, Ser155 and
Gly44, which were revealed as critical interacting residues after mole-
cular interaction analysis using LigPlot+ (Table 2 and Supplementary
Table 2).

Fig. 5. Graphs of Rg, RMSD and RMSF of the EBOV VP24-ligand complexes generated over 100 ns simulation using GROMACS: (A) Radius of Gyration versus time
graph of the VP24-ligand complexes. (B) RMSD versus time graph of the backbone atoms of VP24-ligand complexes over 100 ns; and (C) Analysis of RMSF trajectories
of residues of VP24-ligand complexes. ZINC000095486070, NANPDB6380, ZINC0000954860008, ZINC000003594643, NANPDB135, NANPDB2246, Ouabain,
Nilotinib and Clomiphene are shown in black, red, green, blue, yellow, brown, gray, purple and cyan, respectively. (For interpretation of the references to colour in
this figure legend, the reader is referred to the Web version of this article.)
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3.11. Molecular dynamics simulation of protein-ligand complexes

The stabilities of the protein-ligand complexes were analysed over
100 ns simulation period. MD was undertaken for the six selected
compounds and three known inhibitors with very low binding energy to
the VP24 protein (Supplementary Files 9 to 16). The compactness of the
protein was determined by its radius of gyration (Rg) and a stably
folded protein would likely maintain a relatively steady Rg. If a protein
unfolds, its Rg would change over time. The Rg values obtained showed
that the complexes remained very stable (Fig. 5A) in their compact
(folded) form over the course of 100 ns. The Rg values of all nine
complexes experienced a gradual fall from 0 to about 8 ns, and then
remained steady till the end of the 100 ns. ZINC000003594643 and
ZINC000095486008 complexes showed very little fluctuations with
average Rg of about 1.78 nm each. The ZINC000095486070 complex
also showed stability with an average radius of 1.82 nm with peaks
recorded around 40, 50 and 80 ns. NANPDB6380, NANPDB135 and
NANPDB2246 were observed to be stable over the 100 ns period with
average Rg values of 1.8 nm, 1.775 nm and 1.82 nm, respectively.
Ouabain had an average of 1.77 nm and was very stable throughout the
100 ns period, though slight fluctuations were observed around 19 and
74 ns. Nilotinib experienced a decrease in Rg from the beginning till
about 20 ns and then stabilized with an average Rg of 1.8 nm. Clomi-
phene recorded the highest Rg with average of 1.825 nm till about 40
ns. Thereafter, experienced a significant fall in Rg to an average of
1.8 nm, which was maintained till the end of the 100 ns period.

To further evaluate the stability of the docked complexes, root-
mean-square deviation (RMSD) plots were generated from the MD si-
mulation of the complexes. The backbones of the six complexes were
stable after a gradual rise around 10 ns (Fig. 5B). The VP24-
ZINC000003594643 complex rose from 0.2 to 0.25 nm around 10 ns,
and then remained stable till about 20 ns where a small rise to about
0.275 nm was observed. The VP24-ZINC000003594643 complex
maintained an average RMSD of 0.275 with a deviation of 0.075 nm.
The RMSD of VP24-ZINC000095486008 complex also rose from 0.2 nm
to an average of 0.25 nm around 10 ns, then remained stable till the end
of the 100 ns. ZINC00009548670 experienced fluctuations in RMSD till
about 50 ns where it stabilized with an average RMSD of about
0.35 nm. The VP24-NANPDB6380 complex experienced a gradual rise
until 20 ns where it achieved stability and rose steadily after 35 ns till
about 85 ns, where it began to fall, maintaining an average RMSD of
0.25 nm. The VP24-NANPDB135 complex rose from 0.2 nm to 0.325 nm
around 10 ns, then experienced fluctuations till the end of the 100 ns
period, maintaining an average RMSD of 0.3 nm with a deviation of
0.5 nm. The VP24-NANPDB2246 complex showed stability after rising
to 0.28 nm around 10 ns till about 40 ns, where it experienced a fall in
RMSD till about 70 ns, then maintained stability till the end of the
period. The VP24-NANPDB2246 complex maintained an average RMSD
of 0.25 nm. VP24-ZINC000095486008 complex showed more stability
as compared to the other five selected compounds (Fig. 5B). VP24-
clomiphene and VP24-nilotinib complexes demonstrated stability

throughout the 100 ns simulation period with an average of about
0.275 and 0.25 nm, respectively. The VP24-ouabain complex however
demonstrated the least stability among all the nine complexes. It ex-
perienced a gradual rise in RMSD from 0 to about 40 ns, stabilized with
an average of about 0.29 nm till about 80 ns, and then rose to about
0.4 nm.

To investigate the flexibility of key protein residues that contributed
to the structural fluctuations of the complex, the root-mean-square
fluctuations (RMSFs) of each residue were assessed. Nilotinib and
Clomiphene complexes showed similar trends and had the highest
RMSFs implying greater fluctuations (Fig. 5C). Also,
ZINC000003594643, ZINC000095486070 and Ouabain complexes had
similar trends. All nine compounds caused some degree of fluctuations
at the same regions of the VP24 protein. Among the selected com-
pounds, ZINC000003594643 caused the highest fluctuations to the
VP24 protein. From the RMSF graph (Fig. 5C), the large fluctuated
residues were shown in the regions from residue index 58 to 72, 170 to
175, 202 to 218 and 220 to 231; which were all very close to the
binding pocket 1. It is probable predicted key residues Lys39, Gly44,
Ile45, Glu46 and Asp48 contributed to the fluctuations observed from
residues 58 to 72; while Phe147, Ser151, Arg154, Ser155, Ile157,
Leu158 and Ile161 contributed to the fluctuations in the region with
residue index 170 to 175. Additionally, Ser225, Thr226, Ala229,
Phe230 and Thr231 could be responsible for the fluctuations from re-
sidues 202 to 218 and 220 to 231.

3.12. Evaluation of putative leads using MM-PBSA computations

The MM-PBSA approach was employed in determining the binding
free energies of the complexes. The MM-PBSA calculations showed that
Nilotinib demonstrated the minimum free binding energy of
−198.039 kJ/mol (Table 5). The other 2 standard leads, Ouabain and
Clomiphene had binding free energies of −74.885 and −25.428 kJ/
mol, respectively. The six selected compounds NANPDB135,
ZINC000003594643, ZINC000095486008, ZINC000095486070,
NANPDB2246 and NANPDB6380 (Table 6) also had binding free en-
ergies of −152.832, −120.673, −114.650, −17.901, 7.575 and
99.679 kJ/mol, respectively (Table 5). Even though,
ZINC000095486070 was predicted by AutoDock Vina to possess the
highest binding affinity to the VP24 protein (−9.7 kcal/mol), it had a
high binding free energy of −17.901 kJ/mol from the MM-PBSA
computations (Table 5), thereby limiting its lead-likeness. Since clo-
miphene, a known inhibitor of EBOV VP24, also had high binding free
energy of −25.428 kJ/mol (Table 5), it is premature to eliminate
ZINC000095486070 from future experimental characterization. In
some instances, compounds with high binding free energies have been
reported to be active against receptors due to their very low electro-
static energies and very high polar energies [119]. Though,
ZINC000095486070 showed high binding free energy, it demonstrated
high polar solvation and low electrostatic energies of 337.407 and
−220.892 kJ/mol, respectively. It was also observed that clomiphene

Table 5
Table showing binding energies and the contributing energy terms of the VP24-ligand complexes from MM-PBSA calculation. The values are presented in
average ± standard deviations in kJ/mol.

van der Waal energy (kJ/mol) Electrostatic energy (kJ/mol) Polar solvation energy (kJ/mol) SASA energy (kJ/mol) Binding energy (kJ/mol)

ZINC000095486070 −122.771 ± 35.866 −220.892 ± 75.060 337.407 ± 94.599 −11.645 ± 3.522 −17.901 ± 30.178
Ouabain −108.238 ± 83.704 −27.658 ± 29.012 70.566 ± 55.666 −9.555 ± 7.801 −74.885 ± 77.527
NANPDB6380 −89.973 ± 16.053 −354.022 ± 50.858 554.724 ± 50.466 −11.050 ± 1.186 99.679 ± 29.864
ZINC000003594643 −145.636 ± 54.233 −4.704 ± 5.018 40.081 ± 21.152 −10.413 ± 4.016 −120.673 ± 53.312
ZINC000095486008 −141.705 ± 48.586 −14.432 ± 12.249 52.986 ± 27.102 −11.500 ± 4.523 −114.650 ± 46.087
Nilotinib −226.512 ± 105.729 −4.327 ± 6.629 50.759 ± 31.034 −17.959 ± 7.615 −198.039 ± 96.467
NANPDB135 −172.127 ± 20.645 −25.583 ± 11.903 59.879 ± 14.508 −15.002 ± 1.543 −152.832 ± 21.711
NANPDB2246 −95.051 ± 19.910 −236.240 ± 53.664 348.057 ± 80.041 −9.191 ± 1.828 7.575 ± 28.358
Clomiphene −138.665 ± 75.476 −130.299 ± 92.886 256.393 ± 134.840 −12.857 ± 7.352 −25.428 ± 50.965
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had high binding free energy of −25.428 kJ/mol and low electrostatic
energy of −130.299 kJ/mol. However, NANPDB2246 and
NANPDB6380 were predicted to have unfavourable affinity to the
protein with positive binding free energies of 7.575 and 99.679 kJ/mol,
respectively. Therefore, NANPDB2246 and NANPDB6380 were not
considered for downstream analysis, leaving NANPDB135,
ZINC000003594643, ZINC000095486008 and ZINC000095486070 as
potential inhibitory molecules.

The energy contribution of each residue was investigated via MM-
PBSA decomposition to determine the key residues necessary for the
binding of VP24. Residues that contributed energies> 5.0 or < −5.0
are worth considering as critical residues for the binding of a ligand to a
protein [120]. Generally, few residues contributed energies> 5.0
or < −5.0 kJ/mol. Lys39 and Phe230 were observed to contribute
energies less than−5.0 kJ/mol in most of the complexes. For the VP24-
ouabain complex (Supplementary Fig. 9E), only Phe230 contributed
energy less than −5.0 kJ/mol. Ile45, Phe47 and Leu158 also con-
tributed energies beyond the ± 5.0 kJ/mol threshold. However, most

of the residues contributed energies beyond the ± 5.0 kJ/mol
threshold in clomiphene (Supplementary Fig. 9C), NANPDB6380
(Supplementary Fig. 9F), NANPDB135 (Supplementary Fig. 9G) and
ZINC000095486070 complexes (Supplementary Fig. 9A). All the re-
sidues that contributed significantly to the binding free energy were
found to be residues within pocket 1 (Table 1 and Supplementary
Table 2). The MM-PBSA plot for the binding energy contribution of
each residue in the VP24-ZINC000095486008 complex is shown in
Fig. 6. Lys39 and Arg154 contributed positive energies of 9.9374 and
2.3993 kJ/mol, respectively. Glu46, Ser151, Ser155 and Phe230 con-
tributed negative energies of −3.8916, −0.6065, −1.4244 and
−8.2213 kJ/mol, respectively. Ile45, Phe47 and Leu158 were observed
to contribute very low binding free energies of −7.9552, −6.4028 and
−6.9203 kJ/mol, respectively.

4. Implications and future outlook

Even though, natural products have been shown as potent

Table 6
List of selected compounds with their two–dimensional structures obtained from ZINC database and IUPAC names generated using Marvin suite (http://www.
chemaxon.com/).

Ligand ID Common/IUPAC Names Two-Dimensional Structure

ZINC000095486070 (1S,8R,16S,17R)-5,15-diazahexacyclo[13.4.2.01,16.05,16.08,17.09,14]henicosa-
2,9,11,13-tetraen-21-one

NANPDB6380 spartioidine

ZINC000003594643 (1S,14S,18R,19R)-8,10-dioxa-4,17-diazaheptacyclo[15.4.3.01,18.04,19.05,13.07,11.014,19]tetracosa-
5,7(11),12,22-tetraen-3-one

ZINC000095486008 (2R,10R,18S)-17,17-dimethyl-3,16- dioxapentacyclo[11.8.0.02,10.04,9.015,20]henicosa-
1(13),4,6,8,14,20-hexaene-6,18-diol

NANPDB135 sarcophine

NANPDB2246 helioscopinolide C
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therapeutic molecules, leveraging African natural product databases to
aid in unravelling novel anti-Ebola molecules is underutilized. The re-
ported work complements current efforts geared towards identification
of EBOV inhibitors [23,32,38–41]. These molecules are indispensable
in the race against finding a cure as well as eradication of EBOV. The
downside of the study emanates from the in silico methods which
therefore warrant experimental validation. The study carefully pre-
dicted drug-like and lead-like small molecules, which was reinforced
with machine-learning based anti-viral and anti-Ebola activity predic-
tions. The predicted potential inhibitors could be used as baseline
structures for optimisation. The fragments could form basis for de novo
design of drug-like compounds for synthesis [106,121–123]. Also, these
compounds could be tested both in vitro and in vivo to ascertain their
anti-Ebola activity for further characterisation as potent future in-
hibitory molecules. The study highlights the potential of repurposing
existing compounds as potential inhibitory molecules of EBOV. There-
fore, making these predicted potential inhibitors available to the sci-
entific community could invigorate the momentum towards the search
for effective Ebola drugs. Also, the attrition rates of candidate drugs
downstream the drug development pipeline necessitate the use of
computational techniques to identify compounds with less propensity
to fall off in development.

5. Conclusion

The plethora of available natural products need to be repurposed as
alternative sources for identifying potent EBOV VP24 inhibitors. In
summary, this study combined pharmacoinformatics with Bayesian
models to identify potential EBOV inhibitors from the African flora. The
study led to the identification of potential bioactive molecules com-
prising ZINC000095486070, ZINC000003594643, ZINC000095486008
and NANPDB135. The promising molecules exhibited high binding af-
finities and formed intermolecular bonding with critical residues of the
EBOV VP24. ZINC000095486070 had the least binding energy of
−9.7 kcal/mol, which was higher in binding affinity than all the six

known EBOV VP24 inhibitors. The AUC of the ROC curve used to assess
the reliability of the molecular docking was 0.77, which was considered
acceptable. Also, molecular dynamics simulations including MM-PBSA
calculations and IFD reinforced the potential inhibition of EBOV VP24
by the molecules. The compounds were physicochemically profiled to
be druglike and ligand efficiency-based metrics indicated that they
were plausible templates for fragment-based design of future EBOV
inhibitors. Also, the compounds were predicted to have negligible
toxicity without any potential safety concerns. Therefore, these mole-
cules provide a valuable starting point as fragments for the design of
new synthetic derivatives with enhanced activity, thus paving the way
for new and exciting therapy options for EVD. The predicted com-
pounds are potential inhibitory molecules worthy of experimental
evaluation to corroborate their bioactivity.
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