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ABSTRACT: The spread of dengue fever has resulted in several deaths for which no drug is currently efficacious. A
potential target for the development of an antiviral drug that prevents conformational changes and interferes with mem-
brane fusion is the Dengue 3-OG binding pocket. This study aimed to identify potential natural product leads with the
propensity to inhibit the envelope protein. Three known inhibitors (DV2419-447, NITD449 and Doxycycline) and
43,465 compounds compiled from naturally derived product libraries comprising AfroDb, NANPDB and TCMID were
screened against the envelope protein’s energy-minimized structure as an integrated library. After the molecular docking
studies involving 7200 prefiltered compounds and three known inhibitors using AutoDock Vina, 620 top-identified hits
were physiochemically and pharmacologically profiled using SwissADME. Compared with reported potent inhibitors,
the lead compounds were shown to have better binding affinities greater than —8.6 kcal/mol. Four predicted lead com-
pounds comprising ZINC000014721518, ZINC000005195832, ZINC000014819293 and ZINC000004102396 were iden-
tified to interact with Thr48, Leul198 and GIn49, which are critical residues in the inhibition of membrane fusion. All the
potential leads were predicted to be antiviral and membrane permeability inhibitors with Pa>0.300 and Pa>0.500,
respectively. ZINC000014756860, ZINC000014819293 and ZINC000003871358 were predicted to be viral entry inhibi-
tors. Structurally similar compounds have been shown to inhibit Dengue virus (DENV) replication. In-depth molecular
dynamics simulations, including MM/PBSA computations, further substantiated the protein-ligand complexes’ stability
and favorable binding mechanisms with residues Leu198, Ile270, Thr48 and Phe193. Further experimental evaluation is
needed to understand their role in inhibiting DENV viral entry.
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1. INTRODUCTION

Dengue virus (DENV) is a member of the Flaviviridae
family and is responsible for the most prevalent mos-
quito-borne viral hemorrhagic fever.! The transmis-
sion of DENV to humans primarily occurs through
mosquito bites from species such as Aedes aegypti and
Aedes albopictus, which are widespread in tropical and
subtropical climates, including both urban and rural
regions.>” The severe and sometimes fatal diseases
known as dengue hemorrhagic fever (DHF) and den-
gue shock syndrome (DSS) can develop in certain peo-
ple infected with DENV.* A total of 390 million
worldwide DENV infections occur each year, of which
96 million have clinical symptoms.>® The most severely
affected regions include the Americas, Southeast Asia
and the Western Pacific. In 2016, significant global
outbreaks resulted in over 2.3 million reported cases in
the Americas alone.” Furthermore, in 2018, during the
Ebola virus disease (EVD) outbreak in Africa, two dis-
tinct DENV serotypes (DENV2 and DENV3) were
identified in four out of 150 patients initially presumed
to have Ebola virus disease.®

Despite considerable efforts, no clinically approved
antiviral therapy for treating DENV infection exists.
Patients afflicted with DENV typically receive sympto-
matic treatment and supportive care in a hospital set-
ting.” The incidence of severe disease in the form of
DHEF and DSS is most likely to happen during second-
ary infections with another DENV serotype as a result
of antibody-dependent enhancement (ADE) or origi-
nal antigenic sin.'>"" Given these challenges, there is a
critical need to develop novel anti-dengue drugs.
Numerous inhibitory agents have been explored for
combating flaviviruses, targeting various cellular and
viral components. These approaches include suppres-
sion of virion secretion and infectivity, assembly and
maturation, monoclonal antibodies,'”> RNA silencing,
peptides targeting the E protein and host cell receptor
binding."* Additionally, rational design strategies have
been employed to create compounds to disrupt the
envelope protein’s structural alterations during viral
fusion.>'* However, despite these promising avenues,
none of these known inhibitors have received approval
for use as drugs.>"’

Its enveloped structure characterizes the DENV
and possesses a single-stranded positive-sense RNA
genome.>'¢ After being translated into a single poly-
protein, the genomic RNA is cleaved by both host and
viral proteases.'” This cleavage process results in the
formation of three structural proteins that collectively
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encapsulate the RNA genome. These proteins are cap-
sid (C), membrane (M) and envelope (E). Additionally,
the DENV genome encodes seven nonstructural pro-
teins (NS1, NS2A, NS2B, NS3, NS4A, NS4B and
NS5)."® The pre-membrane (prM) protein plays a vital
role in maintaining the spatial structure of the enve-
lope protein.”” Notably, the nonstructural proteins of
DENV play regulatory roles in several phases of the
virus’s lifecycle, including RNA replication, the assem-
bly of virions, the cleavage of the polyprotein, matura-
tion processes and the defense mechanisms against
host immunity.*** Through receptor binding, recep-
tor-mediated endocytosis, pH-mediated fusion and
flaviviruses can infiltrate the host cells. This low
pH-induced fusion releases viral genomic RNA into
the cytoplasm of the host cell, starting the virus’s repli-
cation cycle.?*

The fusing of the viral and endosomal membranes,
which releases the viral genome into the cytoplasm of
the host cell, is caused by acidic endosomes stimulating
the conformational rearrangement of viral E pro-
teins.>>*” The virion E protein is pivotal in orchestrat-
ing this initial entry process. It interacts with host cell
receptors and promotes the fusion of the membranes of
the virus and the host cell.”® The Dengue DENV E pro-
tein’s crystallographic study demonstrates the existence
of a hydrophobic pocket between DI and DII of the
structure normally occupied by the detergent n-octyl-
B-D-glucoside (3-OG).*** This hydrophobic pocket is
critical in the conformational rearrangements neces-
sary for membrane fusion under low-pH conditions.!
As a result, the f-OG binding site has been recognized
as a potential target for the development of small-
molecule inhibitors that will interfere with the fusion
process of the virus and host membrane.*"*

The structural information available for the
DENYV presented an opportunity to discover potent
antiviral agents capable of disrupting the early stages
of DENV infection. This study utilizes bioinformatics
approaches targeting the hydrophobic binding site of
B-OG within the envelope protein (PDB code: 10KE)
to predict new lead compounds to inhibit the activi-
ties of the envelope protein. Docking-based virtual
screening was performed using naturally-derived
products from three repositories comprising AfroDb,*
Northern African Natural Product Database (NANP
Db)** and traditional Chinese medicine integrative
database (TCMID),* as well as known inhibitors as
controls. The screening procedure commenced with
an ADME filter to identify potentially nontoxic mol-
ecules suitable for drug development. Compounds
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exhibiting high binding affinity following molecular
docking were further subjected to pharmacological
and physicochemical profiling to identify drug-like
compounds among the candidates. Subsequently, the
interactions and stabilities of the complexes were ana-
lyzed through protein-ligand interaction profiles and
molecular dynamics simulations, respectively. To
further explore the binding affinities, MM/PBSA cal-
culations were performed. These calculations pro-
vided quantitative data on the complexes’ binding
energies, aiding in identifying potential inhibitory
compounds.

2. MATERIALS AND METHODS

A graphical representation of the methodology applied
to this study is presented (Fig. 1). The input and output
files of the work have been provided as Supplementary
File 1.

2.1. Selection of target and compounds

Structure-based approaches utilize a known three-
dimensional (3D) structure obtained from techniques
including as X-ray crystallography and nuclear mag-
netic resonance spectroscopy. The pre-fusion structure
(dimeric form) of DENV2 was selected as the model
for computational methods to identify potential viral
entry inhibitors, after considering the resolution, R
values and number of missing residues. The structure
was obtained from the Protein Data Bank (PDB
ID: 10KE), at a resolution of 2.40A using X-ray

diffraction. To perform molecular docking and iden-
tify potential entry inhibitors, an integrated compound
library comprising a total of 43,465 compounds was
sourced from naturally derived products, including
databases such as AfroDb, the Northern African
Natural Product Database (NANP DB) and the
Traditional Chinese Medicine Integrative Database
(TCMID). 832 and 37,707 compounds were obtained
from AfroDb and TCMID, respectively, both catalogs
of the ZINC15% database. Furthermore, 4924 com-
pounds were obtained from NANPDB, an index of
chemicals mostly derived from different sources, such
as mammals, fungi, bacteria, plants and endophytes.**
Three known DENV2 inhibitors comprising of
DV2419-447, Doxycycline with IC, s of 0.125uM" and
55.6uM,” respectively, and NITD449 with EC,  of
5uM? were used as standards.

2.2. Prefiltering of library

The screening process commenced with applying an
ADME filter, designed to retain compounds that
exhibited the potential for being both nontoxic and
suitable for drug development.”** It was done based
on a stringent filter that included five properties:
Total average molecular weight (MW) in g/mol, the
number of hydrogen bond donors, the number of
hydrogen bond acceptors, the count of rotatable
bonds and the partition coefficient, collectively
known as Lipinski’s Rule of Five.*' A lead compound
usually adheres to specific criteria, including a MW of
around 500Da, the ability to form hydrogen bonds
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with its target (with no more than five hydrogen bond
donors and no more than 10 hydrogen bond accep-
tors), flexibility characterized by a suitable number of
rotatable bonds to enable effective binding and
favorable lipophilicity as indicated by a partition
coefficient (cLogP, a compound’s lipophilicity affects
its absorption into the body) of less than five.*?
OSIRIS DataWarrior (V5.2.1)* was used to eliminate
ligands that violated these parameters.

2.3. Docking protocol validation

2.3.1. Co-crystallized with re-docked complexes
superimposition

The detergent n-octyl-B-D-glucoside (S-OG) in the
hydrophobic pocket at the hinge region between
domains I and II was extracted from the co-crystalized
structure of the envelope protein and re-docked into
the same pocket using AutoDock Vina v0.8.* The pre-
dicted binding pose of the detergent 3-OG was super-
imposed with the experimentally measured pose using
LigAlign v1.0.* LigAlign is a software commonly
employed for visualizing and interpreting ligand-
protein interactions. The binding interactions at the
active site were analyzed using LigPlot* v1.4.5.%

2.3.2. ROC curve analysis

Using six recognized active compounds that specifi-
cally target the envelope protein, 300 decoys were pro-
duced using the Database of Useful Decoys (DUD-E).**
Fifty decoys were generated for each active, designed to
mimic the physiochemical properties of the active
compounds. The actives and decoys were converted to
AutoDock pdbqt format for molecular docking using
AutoDock Vina to generate the ROC and Area under
the curve (AUC). The curves were generated using
easyROC v1.3* to assess the performance of molecular
docking in distinguishing between the active com-
pounds and the decoys. The AUC value, which ranges
from zero to one, was calculated from the ROC curves.
The AUC provides a quantitative measure of the mod-
el’s ability to distinguish the active compounds from
the decoys, with higher AUC values indicating better
performance in distinguishing them apart.

2.4. Molecular docking of libraries and inhibitors
To identify potential inhibitors targeting the

envelope protein, molecular docking experiments
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were executed using AutoDock Vina.* The active site
for docking was the hydrophobic pocket of the protein.
The filtered library of compounds and the inhibitors
were converted to .pdbqt, and their energies were min-
imized using default parameters comprising Universal
Force Field (UFF) and conjugate gradients for an opti-
mization technique consisting of 200 steps to refine the
energy of the compounds. Additionally, a set of inhibi-
tors, including those currently in clinical trials, were
included in the library. The dimension of the grid box
was specified as follows: Center_x=-9.9335 A
center_y=79.8626 A center_z=45.9350 A size_x=
19.5764 A size_y=16.5928 A size_z=13.9531A. The
screened compounds were ranked based on their bind-
ing affinities to the target, and possible poses were
visually assessed using PyMOL 2.3.3.%°

2.5. Protein-ligand interaction

Detailed analysis of the interactions between the crit-
ical residues within the active site and the selected
compounds was conducted using LigPlot+ v1.4.5.%
This analysis aimed to uncover and characterize var-
ious intermolecular interactions, including hydro-
phobic and hydrogen bonding interactions, critical
in binding the compounds to the target protein’s
active site.

2.6. ADMET screening of the hits

After virtual screening, compounds with high bind-
ing energy were subjected to physiochemical profiling
to assess their drug-likeness and water solubility.
Simplified Molecular-Input Line-Entry System
(SMILES) formats were created from the chemical
structures. SwissAdme was used for the analysis of the
pharmacokinetic characteristics of the predicted
compounds® and OSIRIS DataWarrior V5.2.1. These
tools provided insights into the compounds’ key
pharmacological attributes and physicochemical
characteristics, including gastrointestinal (GI)
absorption, solubility, Ames toxicity and hERGI1
inhibitor potential. The aim was to eliminate poten-
tial weak drug candidates after evaluating binding
interactions.” Additionally, the toxicity profiles were
assessed using OSIRIS Property Explorer within
DataWarrior, which predicts the likelihood of muta-
genicity, tumorigenicity, irritancy and reproductive
effects. Only compounds exhibiting drug-like charac-
teristics were taken into consideration for additional
examination.
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2.7. Estimation of biological activity
of compounds and structural
similarity search

The prediction of activity spectra of substances (PASS)
was utilized in forecasting the probable pharmacologi-
cal effects of selected substances. PASS is a machine
learning-based tool that leverages both statistical anal-
ysis and structural information to predict biological
activities.”*** It predicts more than 300 pharmacologi-
cal effects and biochemical mechanisms by analyzing
the SMILES files. Predictions aid in identifying and
prioritizing promising compounds for further investi-
gation by providing valuable insights into their poten-
tial biological activities. Additionally, using DrugBank,
a similarity search of the chosen compounds was car-
ried out to find structural analogs displaying relevant
biological activity.>>>

2.8. Molecular dynamics simulation

All molecular dynamics (MD) studies were performed
for 100ns using Gromacs-2018 (Groningen Machine
for Chemical Simulations)>”*® on a Dell EMC high-per-
formance computing cluster located at the WACCBIP,
University of Ghana, Accra, to investigate the system
stability. MD was carried out for the unbound protein
and complexes. The protein structure obtained from
the PDB was initially visualized with PyMOL (PyMOL
Molecular Graphics System, Version 2.3.3, Schrodinger,
LLC) and pre-processed by removing crystal water
molecules and verified that all the necessary atoms or
residues were present in the system. Hydrogen atoms
were modeled into the structure using the pdb2gmx
before solvation. To neutralize the system, solvent mol-
ecules were swapped out for counter ions within a
cubic cage that extended one nanometer past any pro-
tein atom.

The energy minimization of the protein was per-
formed using the optimized potentials for liquid simu-
lations (OPLS)/all atom (AA) force field until stability
was achieved. Equilibration steps were followed,
including temperature standardization to 300K and
pressure application to reach a density of 1000kg/m”>.
For the protein-ligand complexes, similar procedures
were employed with some differences. The GROMOS96
43al force field was used, and ligand topology was gen-
erated using PRODRG with specific settings: Chirality:
No, Charges: Full, EM: Yes. Trajectory analysis was
carried out using various modules in GROMACS,
including “gmx rms” for root mean square deviation,

“gmx rmsf” for root mean square fluctuation, and
“gmx gyrate” for the radius of gyration. All generated
graphs and plots were visualized using Xmgrace.”

2.9. Binding energy computations using
the MM/PBSA method

Molecular mechanics Poisson-Boltzmann surface area
(MM/PBSA)%® method was employed to predict the
binding-free energy using the g mmpbsa tool
Contributing terms to the binding-free energy, such as
the van der Waals energies, electrostatic, electrostatic
energy and polar and nonpolar solvation energy were
evaluated.”” Estimates were also made of the energy
contributions made by each residue to the binding. The
negative and positive values indicate favorable and
unfavorable contributions, respectively. The MM/
PBSA computations were graphed using the R pro-
gramming software.

3. RESULTS AND DISCUSSION
3.1. Protein structure and binding site analysis

To select an appropriate 3D structure of DENV2 enve-
lope protein for this study, a search conducted through
the Protein databank yielded several structures with
PDB IDs such as 10KE, 4UT6, 10AN, 4UTC and dif-
fering resolutions of 2.40 A, 3.20A, 2.75A and 3.08 A,
respectively. Resolution and R-values®** were the pri-
mary criteria for selecting the structure, with PDB ID
10KE being chosen. This structure comprises 394
amino acids in its A and B chains. The E glycoprotein
adopts a polygonal shape in its mature virion form,
with dimers forming polygons that cover the surface of
the viral particle.®* The central domain I include the
amino terminus and features two disulfide bridges.
The fusion peptide is included in domain II, an
extended finger-like domain that aids in stabilizing the
dimer.®>% This area is abundant in glycine and features
three disulfide bridges.” A binding pocket exists
between domains I and II, capable of interacting with
hydrophobic ligands® (Fig. 2(a)). Due to its ability to
interact with various cellular molecules, the E glyco-
protein is an ideal target for developing antiviral
agents.”®

At the entrance of the f-OG pocket, specific amino
acid residues with hydrophilic properties, including
Thr48, Glu49, Gln200, GIn271, Ala50 and Thr280,
with the potential to establish electrostatically favora-
ble interactions with ligands are present. In recent
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B-0G pocket

Fig. 2.
resentation of 10KE in complex with N-octyl-B-D-glucoside
(B-OG) ligand. (b) B-OG molecule in the hydrophobic binding
pocket of 10KE protein. The binding site is depicted as surface and

(Color online) The structure of 10KE. (a) Cartoon rep-

the -OG molecule as stick. The image was generated using
PyMOL.

investigations, docked ligands have been shown to
form advantageous hydrogen bond interactions with
Gln49, Ala50 and GIn200, even though none of these
residues forms a hydrogen bond interaction with the
B-OG ligand in the previously reported X-ray struc-
ture. However, several hydrophobic interactions have
been reported between ligands and residues GIn271,
Thr280, Leu277, Ile270, Phe193 and Leu207. The bind-
ing pocket and critical residues interacting with the
B-OG ligand were visualized and analyzed using
PyMOL version 2.3.3 (Fig. 2(b)).

3.2. Prefiltering of library

One of the significant reasons for drug failures is
safety concerns. Therefore, it was crucial to identify

DOI: 10.1142/52737416524500704
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molecules with suitable characteristics to ensure their
safety as drugs. Out of 43,465 compounds obtained
from the three databases, a total of 7200 obeyed
Lipinski’s rule of five: Molecules with a maximum of 10
hydrogen-bond-accepting atoms and a maximum of
five hydrogen-bond-donating atoms, a MW of 500g/
mol or less, and a cLogP of five or less. Compounds
meeting these criteria are often called “drug-like”
because most clinically marketed drugs have MWs
below 350 and cLogP values below three.’*® Solubility
and permeability are also crucial when considering a
compound’s potential as a drug. This evaluation helps
determine whether a compound can enter a patient’s
circulation through injection or absorption in the
digestive system. Unfortunately, many molecules were
disqualified due to their high MWs.

3.3. Docking protocol validation

3.3.1. Superimposition of co-crystallized
with re-docked complexes

Prior to molecular docking, the docking accuracy of
AutoDock Vina v0.8 was evaluated by docking the
B-OG into the binding site of the envelope protein.
First, the co-crystallized B-OG was removed using
PyMOL and re-docked into the hydrophobic pocket
using a grid box large enough to accommodate the
B-OG molecule. To determine whether the co-crystal
complex and the re-docked ligand complex exhibited
similar binding interactions with critical residues,
LigPlot+ v1.4.5 was employed to superimpose both
complexes. This analysis revealed that eight critical
residues had overlapping hydrophobic bond interac-
tions. These residues included Thr48, GIn49, Ala50,
Phel93, Leu207, Ile270, GIn271 and Thr280. This
result demonstrates that AutoDock Vina was able to
replicate a comparable position in the virtual screening
environment.

Furthermore, the two complexes were aligned to
validate molecular docking, yielding a root mean
square deviation (RMSD) value of 1.071 A. This value
reaffirms the reliability of AutoDock Vina’s docking
accuracy. The overlapped residues revealed by LigPlot+
and the pose generated from the superimposition can
be observed in Figs. 3 and 4, respectively.

3.3.2. ROC curve analysis for the validation
of the docking methodology

The receiver operating curve (ROC) measures the
docking software’s accuracy and ability to effectively
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Fig. 3. (Color online) Superimposed LigPlots comparing the
re-docked -OG ligand and 10KE. The red-circled residues signify
the overlapping contacts between the re-docked complex and the
co-crystallized ligand (3-OG).

Fig. 4.
position of the co-crystallized f-OG ligand (green) and the
re-docked $-OG ligand.

(Color online) The cartoon representation of the superim-

differentiate between docked active compounds and
inactive (decoy) compounds for a specific target.® The
area under the curve (AUC) of the ROC was generated
using easyROC” upon completion of the docking. An
AUC value close to one signifies a higher capability of
the model to accurately identify between actives and
decoys, while an AUC value closer to zero suggests a
poorer ability to make this distinction. An AUC of one
indicates perfect classification, while zero implies no
classification capability. In the generated ROC curve
(Fig. 5), the calculated AUC was found to be 0.73122,
considered acceptable. This indicates that the docking

Sensitivity
0.6 0.8 1.0

04
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-4 ) — AFFINITY
I T T T T T
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0.0

1-Specificity

Fig. 5.
corresponding decoys against the f-OG binding pocket of the enve-
lope protein. The AUC is 0.73122, which is in the acceptable range.

An ROC curve generated by screening inhibitors with

software demonstrates a reasonably good ability to dif-
ferentiate between active and decoy compounds for the
specific target under investigation. AUC values near
one indicate that the model can more accurately iden-
tify between actives and decoys.

3.4. Molecular docking

Discovering a hit compound against a target is the pro-
cess of molecular docking. It is mainly used in struc-
ture-based drug discovery because it enables the
prediction of how ligands will fit into a target protein
with a high degree of accuracy. A grid box measuring 19.
5764 Ax16.5928 Ax13.9531 A was used to screen 7200
prefiltered compounds and three inhibitors against the
target, with center x=-9.9335A, center_y=79.8626 A
and center_z=45.9350 A. After using AutoDock Vina to
screen those compounds successfully,
ZINC000085550149 showed the highest binding energy
toward the B-OG pocket among all ligands with an
energy of —10.40kcal/mol. The inhibitors, DV2419-447,
NITD449 and Doxycycline, had binding energies of
—7.7keal/mol, —6.5kcal/mol and —5.1kcal/mol, respec-
tively. The compounds that exhibited binding energies
of —8.0kcal/mol or below were chosen using the inhibi-
tors as reference points. The more negative binding
energy, the stronger the bond between the target protein
and the ligand. Binding energy estimates for 848 com-
pounds were less than or equal to —8.0kcal/mol. Upon
visualizing the ligands’ poses within the active site, it was
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Fig. 6. (Color online) The ZINC000014721518 docked at the
B-OG binding pocket of the envelope protein.

observed that 620 ligands docked securely and deeply in
the active site, suggesting strong binding interactions.
(Fig. 6). Compared to the known inhibitors utilized in
the study, these compounds showed greater binding
energies.

3.5. Protein-ligand interactions

The effect of favorable ligand interactions depend on
the chemical features and bonds between the ligand

and the target.”! The interactions, specifically hydrogen
and hydrophobic bonds, were thoroughly examined
using LigPlot+ since they contribute significantly to
stabilizing ligands within specific regions of a protein
structure.”” After analyzing the 620 shortlisted ligands,
26 of them showed strong interactions with at least two
of the key amino acids, such as GIn200, Ala50, Thr280,
GIn271 and Thr280, crucial for the membrane fusion
process, which allows the viral genome to enter the
cytoplasm of the infected cell. In terms of hydrogen
bonding, ZINC000014756860 had the most hydrogen
bonds of four, followed by ZINC000005195832,
ZINC000014819293, ZINC000004102396,
ZINC000014721518, ZINC000015216728, with three
hydrogen bonds with critical residues. Similarly, cyclo-
D-Trp-L-pro and ZINC000003871358 formed two
strong hydrogen bond interactions. Finally,
ZINC000040564501, ZINC000035941652 and
ZINC000004102395 formed hydrogen bonds with only
one amino acid. In previous studies, Doxycycline inter-
acted with residues in the -OG pocket, including
Thr48, Glu49, Ala50, GIn271 and GIn200.*” The molec-
ular interaction of NITD449 and DV2419-447 after
docking demonstrated hydrogen-bond interactions
with Ala50, GIn200 and GIn271 (Table 1). Hydrophobic
interaction and, most importantly, hydrogen bonds are
crucial indicators of a stable complex. The compounds
demonstrated stronger interactions with critical ele-
ments essential for pH-induced conformational

Table 1.
Binding energy

Predicted ligands (kcal/mol) Hydrogen bonding
ZINC000014756860 -8.6
ZINC000005195832 -9.3 GIn200, Ala50, GIn271
ZINC000014819293 -9.2 GIn200, Ala50, GIn271
ZINC000004102396 -9.1 GIn200, Thr48, Gln271
ZINC000014721518 -9.0 GIn200, Ala50, Thr48
ZINC000015216728 -8.6 GIn200, Ala50, GIn271
ZINC000003871358 -8.6 GIn200, Ala50,
cyclo-D-Trp-L-pro -84 Ala50, GIn200
DV2419-447 =77 GIn271
NITD449 -6.5 Ala50, GIn200, GIn271
Doxycycline -5.1 Ala50

The intermolecular bonds and binding energies between DENV?2 and selected substances.

Hydrophobic bonding

GIn200, Ala50, Thr280, GIn271 Thr48, Gln49, I1e270, Leu207, Phe193, Leul98, Ala50

Val130, Thr48, Gln49, 1le270, Phe279, Leu207, Phel93, Leul98,
Ala205, Gly281, Thr280, Thr268

Val130, Thr48, Gln49, Ile270, Phe279, Leu207, Phel93, Leul98,
Ala205, Gly281, Thr280, Thr268

11e270, Leu277, Leu207, Phe193, Leul98, Ala205, Thr280, Thr268
Gln49, 11270, Leu207, Leul98, Thr280, Leul35
Ala205, GIn49, 11e270, Leu207, Leul98, Phe193, Thr280, Thr48

Thr280, GIn49, 11e270, Leu207, Leul98, Phel93, Ala205,
Gln271, Thr48

GIn271, Ala205, Thr48, Gln49, Leu198, Thr280, Ile270, Leu207

Thr48, GIn49, Ala50, GIn200, Leul98, Thr280, Ile270, Leu207,
Leu277, Lys47, Gly275, Phe193, Val130,

Ala205, Thr48, Gln49, Leul98, 11270, Leu277, GIn52, Lys128, Pro53

Leu207, Thr48, Gln49, GIn200, Leul98, Thr280, Ile270, Leu277,
Phel93, Val130, Ala205
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(Color online) 2D and 3D representation of the protein-ligand interactions. (a) Visualization and interaction profiles of the 10KE-

ZINC000014721518 using Pymol and LigPlot+. (b) 10KE-ZINC000015216728 complex shown using PYMOL and LigPlot+. For the 2D,
hydrophobic interactions are represented by red spoke arcs, hydrogen bonds by green dashed lines and ligands by purple. For the 3D, the

binding side is shown as surface and the f-OG molecule as stick.

changes required for DENV entry (Ala50, GIn200 and
GIn271). Their LigPlots and PyMOL representations
are depicted in Table 1 and Fig. 7.

3.6. In silico ADMET studies

The integrated library was prefiltered using DataWarrior
based on Lipinski’s rule and toxicity levels; however,
other properties such as solubility, bioavailability,
absorption and more were considered during the
ADMET investigations, and based on Vebers. All 16
identified compounds passed due to their low total polar
surface area (TPSA) values. High TPSA values indicate
excellent human intestinal absorption (HIA) and Caco-2
permeability.”” Moderate solubility was predicted for
most compounds. OSIRIS DataWarrior (V5.2.1) was
used to assess the toxicity of these compounds, and all

16 were predicted to be nonmutagenic, nontumorigenic
and nonirritating. Pharmacokinetics properties com-
prised gastrointestinal (GI) absorption, cytochrome
inhibition, P-glycoprotein (P-gp) substrates and blood-
brain barrier (BBB) permeant of the predicted com-
pounds, were also analyzed using SwissADME (Table 2).

Pharmacokinetics is crucial in determining how
drugs are metabolized, distributed and eliminated in a
living organism.” It was discovered that all the sub-
stances had high gastrointestinal absorption, suggest-
ing a high chance of effective absorption into the
bloodstream. Only ZINC000014721518 and
ZINC000040564501 were predicted to have the poten-
tial to permeate the BBB, which determines the poten-
tial to traverse the brain.”” A crucial aspect evaluated
was the chemicals’ potential to function as substrates
for P-glycoprotein (P-gp), a protein involved in the
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Table 2.

ADME prediction of the top 16 hits for TPSA, estimated solubility

(ESOL) class, gastrointestinal absorption and MW.

Molecular GI ESOL
Compounds weight  absorption log S ESOL class TPSA
ZINC000005195832  338.35 High -5.33 Moderately soluble  90.9
cyclo-D-Trp-L-pro 283.33  High -2.73 Soluble 65.2
ZINC000014819293  340.37 High —-4.91 Moderately soluble  86.99
ZINC000004102396  287.31  High —1.86 Soluble 62.16
ZINC000014721518  352.38  High —4.35 Moderately soluble ~ 75.99
ZINC000014756860  300.26  High -3.77 Soluble 100.13
ZINC000015216728  340.37  High -3.98 Soluble 86.99
ZINC000003871358  284.26  High —4.14 Moderately soluble ~ 79.9
ZINC000035941652  300.26  High —4.06 Moderately soluble 100.13
ZINC000040564501  334.45 High -3.69 Soluble 74.6
ZINC000006483757  284.26  High —-4.08 Moderately soluble  79.9
ZINC000015115009  310.39  High —5.12 Moderately soluble  49.69
ZINC000015147753  293.36  High —-4.45 Moderately soluble  38.33
ZINC000015115007  310.39  High —5.12 Moderately soluble  49.69
ZINC000005543044  354.35 High -3.72 Soluble 104.06
ZINC000014658084  356.37  High -3.76 Soluble 66.38

elimination of medicines or foreign objects from the
central nervous system (CNS). P-gp is involved in drug
absorption, distribution and elimination.

3.7. Prediction of biological activity
of shortlisted compounds
and structural similarity search

Quantitative structure-activity relationship (QSAR),
structure-based methods and machine learning algo-
rithms are a few methods used to exploit the properties
of biologically active substances. These properties of the
active substances can be used to evaluate the toxicity or
efficacy of the substances. Thus, the Prediction of
Activity Spectra of Substances (PASS) [available at
http://www.way2drug.com/passonline/] was used to
investigate the biological activity of the selected promis-
ing compounds. The predicted activity is predominately
based on the comparison of the structural nature of the
submitted substance (SMILES) to a known entity in the
database.” The activity is evaluated in terms of probable
activity (Pa) and probable inactivity (Pi). The Pa is the
probability of the compound to be active and Pi con-
notes the probability of the compound to be inactive.
PASS predicts Pa and Pi for a given compound, ranging
between zero and one for a predicted activity. Only com-
pounds with a Pa value greater than Pi were considered
for a specific pharmacological activity.”

DOI: 10.1142/52737416524500704
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With Pa>Pi, nine of the 16 hits were predicted
to be antiviral. With Pa values of 0.307 and 0.322, respec-
tively, and matching Pi values of 0.034 and 0.030,
ZINC000014721518 and ZINC000015216728 were
shown to have antiviral qualities. With Pa values of 0.393,
0.306, 0.334, 0.327, 0.584 and 0.425 and Pi values of 0.098,
0.236, 0.186, 0.200, 0.008 and 0.067, respectively, the
compounds ZINC000005195832, ZINC000014756860,
ZINC000015216728, ZINC000014721518, ZINC-
000014819293 and ZINC000004102396 were predicted
to be antivirals with anti-Rhinovirus activity (Table 3).
With Pa values larger than 0.3 and greater than their
corresponding Pi  values, the compounds,
ZINC000003871358 and ZINC000040564501, were also
found to possess additional antiviral activity against the
influenza virus, hepatitis B and herpes.

Additionally, it was expected that ZINC-
000014756860, ZINC000014819293, ZINC-
000003871358 and cyclo-D-Trp-L-pro would impede
viral entry, with matching Pi values of 0.034, 0.096, 0.032
and 0.056 and Pa values of 0.250, 0.218, 0.252 and 0.235,
respectively. In addition, the tendency to be membrane
permeability inhibitors and cell adhesion molecule
inhibitors was also considered. There is evidence that
several molecules in mammalian cells may act as recep-
tors for the virus, including 3-grabbing nonintegrin, a
dendritic cell-specific intercellular molecule.?®*
Compounds ZINC000015216728 (Pa: 0.573; Pi: 0.010),
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ZINC000014756860 (Pa: 0.307; Pi: 0.082),
ZINC000005195832 (Pa: 0.332; Pi: 0.063), ZINC-
000014721518 (Pa: 0.235; Pi: 0.208) and ZINC-
000003871358 (Pa: 0.326; Pi: 0.067) were predicted to be
cell molecule adhesion inhibitors (Table 3). The virus
binds to receptors on the plasma membrane of the host
cell to begin the entry of DENV thus inhibiting cell
attachment this crucial.”” ZINC000004102396 and
ZINC000040564501 were predicted to possess platelet
adhesion inhibitors with Pa values of 0.454 and 0.323,

corresponding Pi values of 0.108 and 0.239, respectively.
These predictions support the potential antiviral charac-
teristics, making them intriguing candidates for subse-
quent in vitro investigations. With the exception of
ZINC000004102396, all six possible lead compounds
were also expected to be inhibitors of membrane perme-
ability with Pa>0.529. Interacting with the envelope
protein and inducing these pharmacological effects like
membrane permeability and cell adhesion can block
viral entry as proposed by several authors.”®*

Table 3. Predicted biological activity of the six selected hit compounds using PASS.
Compounds Pa Pi Pa>Pi Predicted pharmacologic activity
ZINC000014721518 0.327 0.200 Yes Antiviral (Rhinovirus)

0.307 0.034 Yes Antiviral

0.304 0.088 Yes Antiviral (Herpes)

0.529  0.131 Yes Membrane permeability inhibitor

0.235 0.208 Yes Cell adhesion molecule inhibitor
ZINC000015216728 0.573 0.010 Yes Cell adhesion molecule inhibitor

0.538 0.018 Yes Antiviral (Influenza)

0.374 0.047 Yes Antiviral (Herpes)

0.334 0.186 Yes Antiviral (Rhinovirus)

0.322 0.030 Yes Antiviral

0.696  0.040 Yes Membrane permeability inhibitor
ZINC000014756860 0.308 0.236 Yes Antiviral (Rhinovirus)

0.446 0.019 Yes Antiviral (Herpes)

0.402 0.015 Yes Antiviral (Hepatitis B)

0.337 0.069 Yes Antiviral (Influenza)

0.307 0.082 Yes Cell adhesion molecule inhibitor

0.949  0.002 Yes Membrane permeability inhibitor
ZINC000005195832 0.449 0.018 Yes Antiviral (Herpes)

0.393 0.098 Yes Antiviral (Rhinovirus)

0.369 0.057 Yes Antiviral (Influenza)

0.309 0.031 Yes Antiviral (Hepatitis B)

0.332 0.063 Yes Cell adhesion molecule inhibitor
ZINC000014819293 0.366 0.020 Yes Antiviral (Hepatitis B)

0.624 0.011 Yes Antiviral (Influenza)

0.584 0.008 Yes Antiviral (Rhinovirus)

0.496 0.010 Yes Antiviral (Herpes)

0.634  0.069 Yes Membrane permeability inhibitor
ZINC000003871358 0.452 0.018 Yes Antiviral (Herpes)

0.417 0.013 Yes Antiviral (Hepatitis B)

0.424 0.039 Yes Antiviral (Influenza)

0.345 0.168 Yes Antiviral (Rhinovirus)

0.937  0.003 Yes Membrane permeability inhibitor

0.252  0.032 Yes Viral entry inhibitor

(Continued)
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Table 3.
Compounds Pa Pi
0.326 0.067
ZINC000004102396 0.425 0.067
0.319 0.075
cyclo-D-Trp-L-pro 0.135 0.049
0.110 0.046
0.235 0.056
ZINC000040564501 0.285 0.253
0.323 0.239
0.676 0.007
0.375 0.121
0.270 0.114

(Continued)

Pa>Pi Predicted pharmacologic activity
Yes Cell adhesion molecule inhibitor
Yes Antiviral (Rhinovirus)

Yes Antiviral (Adenovirus)

Yes Antiviral (Hepatitis)

Yes Antiviral (Hepatitis C)

Yes Viral entry inhibitor

Yes Membrane permeability inhibitor
Yes Platelet adhesion inhibitor

Yes Antiviral (Influenza)

Yes Antiviral (Rhinovirus)

Yes Antiviral (Herpes)

A DrugBank structural similarity search was con-
ducted for the possible lead compounds ***¢ to support
the PASS  predictions. The compounds
ZINC000005195832 and ZINC000014756860 were
structurally similar to flavonoids including Apigenin,
Hispidulin, Kaempferol, Luteolin, Quercetin, Myricetin
and Fisetin, which have been shown to possess various
pharmacological effects including, anticancer, antioxi-
dant and antiviral activities.®%? Quercetin and Baicalein
have been shown in studies to exhibit significant dengue
replication inhibition properties with IC_ of 212.1 and
IC,, of 13.5 ug/mL, respectively.*’ Fisetin, with similarity
scores of 0.716 and 0.731 to ZINC000005195832 and
ZINC000014756860, respectively, has been reported to
inhibit DENV2 NGC in an LLC/MK?2 cell-based system
with EC, of 192.15 yuM.* Naringenin, a naringin pre-
cursor with virucidal activity against DENV2
(IC,,=52.64 ug/MI)® showed a similarity score of 0.836
to lead compound ZINC000014819293. Doxycycline,
which has been demonstrated in studies to have an
inhibitory effect on DENV replication, was predicted to
have a structural similarity score of 0.658 to
ZINC000004102396.>7%¢ Finally, Naringin shown to
inhibit DENV2 NG at MOI 1 in VERO cells (47.9 ug/
mL)* was predicted to have a similarity score of 0.638 to
the lead compound ZINC000014721518.

3.8. Molecular dynamics simulations

Structural stability and dynamic patterns are known
to be observed in the protein by performing Molecular
Dynamics simulations.”” Based on the binding ener-
gies, hydrogen bond interactions with critical resi-
dues GIn200, Thr48, Ala50 and GIn271, and their
availability for purchase, six out of the 16 hits were
chosen for downstream analysis. Molecular dynamics

DOI: 10.1142/52737416524500704
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was performed on the unbound protein, six selected
compounds and DV2419-447, which had the highest
binding energy amongst the three inhibitors. The
radius of gyration (Rg), root mean squared deviation
(RMSD) and root mean squared fluctuations (RMSF)
are the main metrics used to assess stability.®°

3.8.1. The root mean square deviation
of the unbound protein and complexes

The RMSD calculation is performed based on the refer-
ence structure of a given protein. It considers the dis-
placement of backbone atoms relative to the reference
structure.”*> The unbound protein showed an initial
increase up to a 5ns time scale (Fig. 8) with an RMSD of
about 0.5nm. After about 5ns, the RMSD ranged from
0.4nm to 0.6nm until 40ns, where it fluctuated until

RMSD

Backbone after Isq fit to Backbone
T T T T T I
— loke —
— ZINC000014721518
—— ZINC000015216728 |
12+ —— ZINCO000005195832 _|
ZINC000014756860

—— ZINC000014819293
= —— ZINCO000004102396 —
— DV2419-447

RMSD (nm)

Time (ns)

Fig. 8. (Color online) RMSD against time graph of the free pro-
tein and complexes.
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80ns, after which it remained relatively stable. This
occurrence is quite the opposite for the protein-ligand
complexes. IOKE-ZINC000014721518 rose from 0.1 nm
to 0.63nm and showed relatively stable fluctuations till
the 100ns run. ZINC000015216728 showed the most
stability throughout the simulation. It rose from 0.1 nm
to 0.35nm and achieved stability for the rest of the run,
averaging 0.45nm. ZINC000005195832 showed stable
fluctuations after it rose to 0.45nm with little deviations
until 50 ns, where it deviated widely until 90 ns, where it
became steady. The ZINC000014756860 complex
endured significant fluctuations in the first 15ns with an
average RMSD of about 0.7 nm; however, it became rea-
sonably stable for the remainder of the simulation. The
protein-ZINC000014819293 was observed to be the
least stable with very wide deviations, averaging 0.7 nm.
It suggests that the binding of ZINC000014819293 may
have caused conformational changes in the structure.
The 10KE-ZINC000004102396 complex showed stabil-
ity after an initial rise to 0.43 nm at around 3 ns till 50 ns,
with slight deviations, then maintained stability for the
remainder of the run. In addition, the RMSD of the
inhibitor DV2419-447 complexed with the protein had a
sharp increase from Onm and peaked around 0.8 nm;
it then oscillated widely between 0.5nm and 0.8nm
(Fig. 8), with another peak at 85ns averaging at 0.63 nm.

3.8.2. Radius of gyration

To further evaluate the stability of the complexes, the Rg
was analyzed over a 100 ns simulation period. These Rg
provide insights into the structural dynamics and com-
pactness of the protein-ligand complexes, with lower
and stable Rg values indicating more compact and stable
complexes, while higher and fluctuating Rg values sug-
gest less compact and potentially less stable complexes.”
When a protein undergoes unfolding, its Rg would
change over time. The Rg values of the unbound protein
and all six complexes were between 3.0nm and 3.6nm
(Fig. 9). The Rg of the protein demonstrated a steep rise
from Ons to 8 ns, after which it experienced some fluctu-
ations until 60ns and again experienced a significant
instability with an average of 3.5nm. It remained rela-
tively stable after the 60ns till the end of the period.
During the entire 100ns simulation period, it was
observed that the Rg values of all the complexes were
consistently lower compared to that of the unbound
protein. ZINC000014721518 and ZINC000015216728
complexes exhibited similar Rg trends. They experi-
enced a gradual rise in Rg values until about 30ns and
maintained stability after a slight fall with an average of
3.35nm. DV2419-447 complex had an average Rg of

Radius of gyration (total and around axes)
4 T T T T T |

T T
loke -
ZINC000014721518 |
ZINCO00015216728
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ZINCO00014756860 |
—  ZINC000014819293 7|
ZINC000004102396

3.8

3.7

DV2419-447

3.6

3.5_A/W’\—\vau\f\/x\;;

Rg (nm)

Time (ns)

Fig. 9.
complexes and the unbound protein.

(Color online) Radius of gyration against time graph of the

approximately 3.25nm. ZINC000005195832 complex
experienced a decline from Ons to 10ns, maintained a
relatively steady Rg till 50 ns, and rose to 3.35 nm with an
average. It finally showed little fluctuations till the end of
the period. The opposite of this occurrence is seen in the
10KE-ZINC000004102396. The Rg values for
ZINC000014756860 and ZINC000014819293 showed
various changes due to unstable Rg values.

3.8.3. The root mean square fluctuations

The RMSF analysis was conducted on both the unbound
protein structure and the complexes to assess which res-
idues contributed to structural fluctuations within the
complexes.”** Higher RMSF values indicate more sig-
nificant fluctuations, often observed in protein regions
associated with ligand binding and catalytic activity.”
This analysis observed that all six compounds induced
fluctuations in similar areas of the unbound 10KE pro-
tein (Fig. 10). The compounds ZINC000014756860 and
the inhibitor DV2419-449 exhibited the highest fluctua-
tions, particularly in the regions spanning residue indi-
ces 40-90, 90-120 and 240-290. Residues ranging from
90 to 120 exhibited the highest fluctuations with values
above 0.45nm, suggesting possible structural changes
resulting from the binding; however, the most increased
fluctuations occurred between 90-120, and the molecu-
lar interactions failed to show any binding in that region.
RMSD and gyrations graphs betoken some instability
between Ons to 20ns for ZINC000014756860. The
RMSF corroborates the observation since it had the
highest peak with a deviation from 0.21nm to 1nm.
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ZINC000014756860 was seen to exhibit hydrogen bond-
ing with four critical residues. Intermittent fluctuations
of the RMSD were observed in the DV2419-447 and
10KE-ZINC000014819293 complex, indicating that
during the simulated timescale, the other complexes and
reference structures experienced just slight conforma-
tional changes and were hence more stable.

3.9. Evaluation of predicted leads
using MM/PBSA computations

Molecular mechanics, combined with solvation models
like Poisson-Boltzmann or generalized Born and sur-
face area continuum solvation (MM/PBSA and MM/
GBSA), are established methods for estimating the free
binding energies when small molecular compounds
interact with macromolecules.”” The DV2419-447
inhibitor and the six predicted lead compounds’ bind-
ing free energies were estimated using the Molecular

Mechanics/Poisson-Boltzmann Surface Area (MM/
PBSA) method. It quantifies the degree to which a
ligand binds to its target, indicating the variation in free
energy between the complexed and unbound states.”
Thus, binding-free energy calculations are essential to
understand better the binding conformations of lead
compounds in drug discovery.” Furthermore, we
assessed the contributions of various energy compo-
nents, including electrostatic energy, polar and nonpo-
lar solvation energy and van der Waals energy, to the
overall binding energy,*'**!*! as detailed in Table 4.

3.9.1. MM/PBSA binding-free energy
computations

The results for the MM/PBSA revealed that the six pre-
dicted leads ZINC000014721518, ZINC000014819293,
ZINC000015216728, ZINC000005195832, ZINC-
000004102396 and ZINCO000014756860 had average
binding-free energy of —210.116, —185.167, —164.321,
-146.919, —87.326 and —42.984k]J/mol, respectively
(Table 4). In contrast, the inhibitor DV2419-447
showed a binding-free energy of —93.082k]J/mol based
on the MM/PBSA estimations (Table 4). ZINC-
000014721518 demonstrated the most negative Van
der Waals energy with —242.218k]J/mol, followed by
ZINC000014819293 (-228.813), ZINC000015216728
(-198.505k]/mol) (Table 4). For SASA energy, the val-
ues were between —5.459kJ/mol and —19.987kJ/mol,
with ZINC000014819293 and ZINC000014756860
demonstrating the most and least negative energy val-
ues, respectively. Though ZINC000015216728 had a
higher binding energy of —8.6 kcal/mol from the dock-
ing results compared to the other leads, it was pre-
dicted to have alow-binding-free energy of —164.321k]/
mol. The binding energy is mainly contributed by van
der Waal energies and partly by electrostatic and

Table 4.

Contributing energy terms for the 10KE-ligand complexes in the MM/PBSA calculations.

The averagetstandard deviations of energy data are displayed in kJ/mol.

van der Waal Electrostatic
Ligands energy (kJ/mol) energy (kJ/mol)
ZINC000014756860 —59.128+6.262 —17.583+2.267
ZINC000005195832 -194.493+1.688 —94.33416.762
ZINC000004102396 -101.128%+2.136 —110.249+5.692
ZINC000014721518 -242.218+1.804 -16.276+0.601
ZINC000014819293 -228.813+1.292 -20.674+0.515
ZINC000015216728 -198.505+24.810 —16.073%+6.792
DV2419-447 —168.722+29.043 -86.724+22.787

Polar solvation ~ SASA energy  Binding energy
energy (kJ/mol) (kJ/mol) (kJ/mol)
39.015+5.271 —5.4591+0.574 —42.984+4.279
159.859£5.857 -17.953+0.100 -146.919+2.788
132.727+£5.508 -8.926+0.160 —87.3261+4.120
67.316+£0.843 -18.974%£0.101 -210.116%£1.961

84.389+£1.080 —19.987%0.100
65.620+12.155 -15.363£1.512
177.806£33.305 -15.442+1.504

—185.167%1.466
-164.321£25.923
-93.082£32.570
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Table 5. Predicted leads, along with their 2D structures and IUPAC designations, are sourced from the ZINC15 database.
Compound ID IUPAC names 2D structure
ZINC000014756860 5,7-dihydroxy-2-(2-hydroxyphenyl)-6-methoxy-4H-chromen-4-one o 3 o
\
0
° 7

ZINC000005195832 5,7-dihydroxy-2-[4-hydroxy-3-(3-methylbut-2-en-1-yl)

phenyl]-4H-chromen-4-one

ZINC000004102396 (1S,13S,15S,16S)-5,7-dioxa-12-azapentacyclo[10.6.1.0>'0.0*8.01>1%]
nonadeca-2,4(8),9,17-tetraene-15,16-diol

ZINC000014721518 (2E)-1-[(2S,3S,6R)-3,12-dihydroxy-4,4-dimethyl-5,7-
dioxatricyclo[6.4.0.0*°]dodeca-1(12),8,10-trien-11-yl]-

3-phenylprop-2-en-1-one

ZINC000014819293 (2R)-5,7-dihydroxy-2-[4-hydroxy-3-(3-methylbut-2-en-1-yl)
phenyl]-3,4-dihydro-2H-1-benzopyran-4-one

ZINC000015216728 (2E)-1-[(3S)-3,5-dihydroxy-2,2-dimethyl-3,4-dihydro-2H-1-benzopyran-
8-yl]-3-(4-hydroxyphenyl)prop-2-en-1-one

nonpolar  solvation  energies (Table 4).
ZINC000014756860, which had the same binding
energy as ZINC000015216728 (—8.6kcal/mol), was
predicted to possess the highest binding-free energy of
—42.984k]/mol. The relatively low binding-free ener-
gies of these leads make them promising anti-dengue
molecules. Results from docking and molecular inter-
actions agree with the binding-free energy. A summary
of the predicted leads is displayed in Table 5.

3.9.2. Per-residue energy decomposition

The per-residue energy decompositions were con-
ducted to estimate further the individual energetic
contributionsofeachresidue (Fig. 11 and Supplementary
Figures 1A-1F). This analysis offers valuable insights
into the significant interactions involving key resi-
dues.'> Notable residues that contribute energy
above 5kJ/mol or below —5kJ/mol should be taken into
account as being essential for the binding of a chemical
to a protein.”® Previous studies have demonstrated that
amino acid residues such as Thr48, Gln49, Ala50,
Phe193, Phe198 GIn200 and Ile270 in the -OG bind-
ing site are fundamental in the inhibition of membrane

-4 -2 0 2

Contribution Energy (kJ/mol)

6

200 300 400
Residue position
Fig. 11. (Color online) MM/PBSA plot for the 1OKE-
ZINC000014721518 complex highlighting the energy contribution
per residue with fluctuations indicated in red for critical residues.

fusion as thus were considered in these calculations.
For the 10KE-ZINC000014721518 complex, Thr48,
Phel93, Leul98 and I1e270 contributed energies above
than +5kJ/mol threshold with energies of —5.7441Kk]J/
mol, —6.0647kJ/mol, —7.5716kJ/mol and -5.1710k]J/
mol, respectively (Fig. 11). Only GIn49 contributed
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energy beyond the threshold of +5kJ/mol (-18.7259)
in the 10KE-ZINC000004102396 complex (Fig. S1(E)).
For the inhibitor DV2419-447, Glu49 contributed
above the threshold with an energy of 5.81 kJ/mol (Fig.
S1(F)). Additionally, Leu198, I1e270, Thr48 and Phe193
contributed energies of —8.1278k]J/mol, —5.6159Kk]/
mol, -5.1915k]J/mol and -7.7378 k]/mol, respectively,
in the 10KE-ZINC000014819293 complex
(Fig. S1(D)). For the 10KE-ZINC000005195832 com-
plex, GIln49 and Leul98 contributed 25.0377 and
—-11.1667, respectively.

4. CONCLUSION

Blocking the hydrophobic pocket or limiting hinge
flexibility could hinder the membrane fusion process
pocket.'™ African natural compounds such as
ZINC000004102396, ZINC000014721518, ZINC-
000014819293, ZINC000015216728 and ZINC-
000005195832 were identified as novel potential lead
compounds against the DENV E. These potential lead
compounds satisfied the Lipinski’s rule of 5 to support
the physicochemical properties as druglike. By analyz-
ing results obtained using the various computer-aided
drug design techniques, the five compounds were pre-
dicted to have favorable pharmacological profiles with
a high GI absorption indicating a high chance of
absorption into the bloodstream with favorable bind-
ing energies and mechanisms. These findings support
the hypothesis of an inhibitory mechanism involving
ligand binding to the E protein pocket, potentially dis-
rupting maturation or host-cell entry. Molecular
dynamics and MM/PBSA computations were con-
ducted to corroborate the findings obtained from the
molecular docking and target-compound interactions
and these formed the basis for identifying potential
potent inhibitors against the DENV E protein. The
results from the MM/PBSA showed that the com-
pounds ZINC000004102396, ZINC000014721518,
ZINC000014819293, ZINC000015216728,
ZINC000005195832 and ZINC000014756860 had
average binding free energies of —87.326, —210.116,
—-185.167, —-164.321, —146.919 and -42.984kJ/mol,
respectively. All six plausible lead compounds also
exhibited antiviral activity with a Pa>Pi alongside Pa
above 0.3. They were also predicted as viral entry
inhibitors, membrane permeable and structurally sim-
ilar to compounds shown to have anti-DENV activity.
These predicted compounds hold promise for further
development into effective therapeutic moieties against
the DENV and the findings can be corroborated
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experimentally to expedite the global quest for effica-
cious anti-dengue medications.

SUPPLEMENTARY MATERIAL

Supporting information document contains the plots
for MM/PBSA binding-free energy contribution per
residue of protein-ligand complexes, (A) loke-
ZINC000015216728, (B) ZINC000005195832, (C)
loke-ZINC000014756860, (D) 1loke-ZINCO0000-
14819293, (E) 1loke-ZINC000004102396 and (F)
loke-DV2419-447. The Supplementary Information
are available at: https://www.worldscientific.com/doi/
suppl/10.1142/S2737416524500704.
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