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Abstract Prostate cancer is the World’s second most fre-
quent malignancy, with the fifth-highest male mortality rate.
In advanced prostate cancer patients, point mutations such
as T877A and W741L are prevalent, imparting treatment
resistance and hence promoting cancer development. The
emergence of drug resistance in prostate cancer necessitates
the development of suitable ligands to allow for stronger
interactions with the receptors, which can inhibit cancer pro-
gression. The present study focuses on flavonoids produced
by plants, which may act as inhibitors of point mutations like
T877A and W741L in prostate cancer. This research was
conducted using an in-silico method where the compound
Glabranin and its derivatives were virtually screened to
identify potential drugs for combating such point mutations.
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Thirty-five Molecular Dockings were performed to find the
ligand-receptor complexes with the lowest binding energy.
Moreover, employing a variety of tools, ligands were evalu-
ated for drug-likeness and toxicity, indicating a promising
drug candidate. Based on the results of Molecular Docking,
Drug-likeness, and ADMET testing, eight structures were
subjected to a 100 ns Molecular Dynamics simulation. A
QSAR analysis was also performed based on the simula-
tion findings. In this study, it was revealed that GlaMod2
phytocompound was effective against T877A and W741L
mutations in prostate cancer. It was observed that the phy-
tocompound was stable and had potential properties for
the development of a novel drug to combat prostate cancer
and drug resistance This phytocompound may therefore be
effective in the development of prostate cancer inhibitors for
patients with mutant androgen receptors.
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Graphical Abstract

Study of Glabranin as an inhibitor against Prostate Cancer: Molecular Docking, Molecular Dynamics
Simulation, MM-PBSA Calculation and QSAR Prediction
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Introduction

Glabranin is a flavanone, a subclass of the flavonoid group.
These compounds are derived from the leaves of the Glycyr-
rhiza glabra L. plant. This plant extract is believed to be used
to cure coughs, catarrhal infections, and irritated mucous
membranes of the urinary organs, as well as throat lozenges,
pastilles, stomach ulcers, Addison’s disease, and a variety of
other ailments [1-3]. This plant has also been shown to have
antimicrobial and anti-arthritic properties [4]. Glabranin-A
and Glabranin-B are saponins produced by the roots of the
Glycyrrhiza glabra L. plant. These saponins are glycyrrhetic
acid glycosides that are extremely important in biological
areas [5, 6]. The entire plant of Glycyrrhiza glabra has
powerful antioxidant, antiulcer, anticancer, antimutagenic,
anti-HIV, and hepatoprotective properties [7, 8]. It has been
discovered that Licochalcone A, extracted from the roots of
Glycyrrhiza glabra, has an anticancer effect against breast
cancer, lung cancer, stomach cancer, liver cancer, colon can-
cer, kidney cancer, and leukemia. An additional file shows
the structure of the Glabranin Compound (Fig. S1).
Prostate cancer originates in the prostate gland in which
cells of the gland mutate into malignant cells and spreads
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to other areas of the body, notably to the bones and lymph
nodes. Dyspnoea, weight loss, spinal cord compression,
fever, vertigo, urine urgency, sexual dysfunction, nocturia,
fatigue, chronic pain, and urinary tract infection are com-
mon symptoms in individuals with prostate cancer [9, 10].
The progression of prostate cancer is aided by mutations in
the p53 gene and the resulting malfunctioning of the cell
cycle, hormone signaling, and apoptosis signaling pathways
[11, 12]. Along with p53, androgen receptor (AR) plays an
important role in the occurrence and/or relapse of prostate
cancer by causing abnormalities in androgen signaling (Fig.
S1) and several distinct somatic AR mutations have been
identified in prostate cancer patients [13]. By reducing/los-
ing the selectivity for the antagonists, point mutations can
activate AR. For example, Thr877 and Trp741 in the AR’s
ligand-binding domain are frequently found to be associ-
ated with mutations in relapsed prostate cancer patients
[14-16]. Point mutations like T877A and W741L in pros-
tate cancer convert the antagonist into an agonist, allowing
cancer cells to grow more quickly. Prostate cancer drugs
such as Bicalutamide and Flutamide, rather than inhibiting,
stimulate the transcription role of T877A-mutated AR and
W741L-mutated AR as a result of the substrate-binding site
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alteration [17]. Consequently, designing new ligands that
are more compliant with receptors is expected to tackle drug
resistance. Because AR plays such a significant role in pros-
tate cancer, understanding the molecular mechanism under-
lying the malignancies controlled by AR will offer additional
knowledge needed for developing inhibitors against T877A
and W741L mutations in prostate cancer (see Supplemen-
tary Information, Fig. S2).

A molecular docking study was conducted against 803
phytochemicals in 2017, revealing that the phytocompound
Glabranin may be one of the potential treatment alternatives
against wild androgen receptors [18]. Nonetheless, the study
was limited to molecular docking of the phytocompounds
at natural androgen receptors and did not include Glabranin
testing against mutant AR, and no molecular modeling stud-
ies were conducted to assess the compound’s stability in the
complex form. This widens the scope of the investigation
into Glabranin and its derivatives against mutations in pros-
tate cancer. As a consequence, the extent of use of Glabranin
and its derivatives against androgen receptors with T877A
and W741L mutations was investigated in this research. The
current study employed an in-silico technique to identify
the potentiality of Glabranin and its derivatives as a potent
blocking agent against T877A and W74 1L mutations of AR.
The study involved the use of molecular docking as well as
drug likelihood and toxicity check tools along with molecu-
lar dynamics simulation to investigate the ligand-receptor
complex’s stability and QSAR (Quantitative structure—activ-
ity relationship) prediction to predict the inhibitory action of
the potential candidate [19-21].

Methods
Structure Preparation

AR structures were obtained from PDB (Protein Data Bank)
for molecular docking studies. This study included four
types of AR: wild type (PDB ID-1E3G), AR with T877A
mutation (PDB ID-2AX6), AR with W741L mutation (PDB
ID-1795), and AR with both T877A and W74 1L mutations
generated using Chimera software [22-24]. The normal
ligands of both receptors, namely Hydroxyflutamide from
the 2AX6 target protein and R-bicalutamide from the 1295
target protein, were removed using Chimera software [25].
The WHAT IF Interface, was used to detect and simulate the
missing residues in the receptor PDB archives. The energy
of the receptors was also reduced using the Programme
Chimera.

Glabranin, a flavonoid phytocompound, its four deriva-
tives, Hydroxyflutamide and R-bicalutamide (pre-existing
ligands), and two commercially available drugs, Bicalu-
tamide and Flutamide, have been used as ligands in this

study [26-30]. The ligands canonical smiles were acquired
from the PubChem database. Chimera software was used to
build the ligand structures. The derivatives of the Glabranin
compound were obtained using the ChemAxon Programme
[31]. In this analysis, Bicalutamide and Flutamide, which
are commercially available drugs for the treatment of pros-
tate cancer, were also docked against the AR. The Protein
Data Bank (PDB) was employed in this study to classify
the AR’s active binding site. The ligands were subjected to
energy minimization using Chimera software to escape any
irregular geometries and to attain a low energy conformation
[32]. 5000 Steepest Descent and 5000 Conjugate Gradient
cycles were used to accomplish this energy minimization.

Molecular Docking

The role of the point mutation in transforming an AR
antagonist into an agonist was explored using docking
analysis between the androgen receptor and ligands. Auto-
dock Software was used to perform 35 molecular dockings
(blind and site-specific docking). The non-polar hydrogen
atoms were excluded from the receptor archives, and partial
charges were added. Gasteiger partial charges were allocated
to both ligands and non-polar hydrogen atoms were com-
bined, while Kollman charges and polar hydrogen atoms
were assigned to receptors using ADT (Autodock Tools)
[33]. PDB (Protein Data Bank) was used for determining the
AR’s catalytic sites for site-specific dockings. The AutoGrid
Software was used to create a grid box with numerous points
in xyz of 22 x20 X 20 for the 1E3G receptor, 24 X 22 x 24
for the 2AX6 receptor, 26 X 26 X 26 for the 1795 receptor,
and 22 X 20 % 20 for the receptor with both mutations in the
ideal conformational state of docking. Blind docking was
performed using the Autodock software to validate the cor-
rectness of the ligands binding to their specific positions as
predicted by the PDB protein structures. For all molecular
dockings, a grid box of 1.000 A was employed. Following
the completion of molecular docking, PyRx (a Graphical
User Interface for the Autodock tool that does virtual screen-
ing) was used to carefully analyze the binding energies of
the twenty best postures from each protein—ligand complex
[34, 35]. The LigPlotv.1.4.5 computer program was used to
analyze and display the molecular docking results of pro-
tein—ligand complexes [36, 37].

Physiochemical Property Prediction

The canonical smiles of the ligands were obtained from the
PubChem server. These compound smiles were entered into
Molinspiration online software, pkCSM Server (Predicting
Small-Molecule Pharmacokinetic Properties Using Graph-
Based Signatures), and free online Lipinski Filters server to
calculate Lipinski’s Rule, also known as the Rule of Five
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[38]. According to this Rule of Five (ROF), the compound’s
Molecular mass must not surpass 500 Dalton, the LogP par-
tition coefficient must not surpass five, the number of hydro-
gen bond donors must not surpass five, and the number of
hydrogen bond acceptors must not surpass ten. In addition
to Lipinski’s Rule, other drug-likeness rules were evalu-
ated using the SwissADME server and DruLiTo Software
[39]. Furthermore, the compounds’ canonical smiles were
submitted to pkCSM, Pro Tox-II server, admetSAR server,
and ADMETIab 2.0 online server to analyze ADMET char-
acteristics. Using LigPlot + version 2.2 software, the most
favorable binding conformations of the various complexes
were chosen and tested for hydrogen bond interactions with
the protein [40].

Molecular Dynamics Simulation of Protein-Ligand
Complex

The trajectories of the selected complexes and the receptors
were analyzed through 100 ns of MD (Molecular Dynam-
ics) simulation using GROMACS (GROningen MAchine
for Chemical Simulations) 4.6.2 software package under
AMBER99SB force field (Assisted Model Building with
Energy Refinement) [41]. The ligand topology files were
created using ACPYPE (Ante Chamber PYthon Parser inter-
face) software. The temperature was set to 310 K, and the
systems were equilibrated for 200 ps in the NVT ensemble
(Number of particles, Volume, and Temperature) and another
200 ps in the NPT ensemble (Number of particles, Pressure,
and Temperature). The systems were subjected to a produc-
tion MD run in an NPT ensemble for 100 ns after heating
and equilibration. A total of seven models were examined.
The MD trajectories were analyzed using the GROMACS
software. Root Mean Square Deviation (RMSD), Root Mean
Square Fluctuation (RMSF), and Radius of Gyration (Rg)
were used to evaluate the compound trajectories. The visu-
alization program VMD (Visual Molecular Dynamics) was
used, and the diagrams were plotted using QtGrace plotting
techniques.

MM-PBSA Calculations

The free energy measurements of the complexes were con-
ducted using the Molecular Mechanics Poisson—-Boltzmann
Surface Area (MM-PBSA) method after the basic analysis
of MD simulations [42]. (AGy;,q=AEym+AG,,,, — TAS)
according to MM/PBSA, where AEy;,, is the sum of inter-
nal, van der Waals, and electrostatic energy, TAS is the con-
formational energy, and AG, is the polar and nonpolar
solvation energy [43]. The g_mmpbsa tool was used to quan-
tify three energy components: potential energy in a vacuum,
polar solvation energy, and non-polar solvation energy. A
python script called MmPbSaStat.py from the g_mmpbsa
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package was used to predict average binding energies.
QtGrace was used to plot both of these files.

QSAR Prediction

The QSAR study was first conducted on 30 identified pros-
tate cancer drug targets. These 30 drug target compounds’
ICs, values were obtained from the ChEMBL database
[44]. EasyQSAR, a freeware software, was used to perform
Multiple Linear Regression Analysis on these 30 identified
prostate cancer drug targets (24 training sets and 6 test sets)
to derive the QSAR equation. MarvinSketch 19.7 was used
to measure seven molecular descriptors: Molecular weight,
LogP, Polarizability, Refractivity, Molecular Surface area,
Polar Surface Area, and Hydrophilic-Lipophilic Balance
(HLB) [45]. The QSAR equation was validated using six
known drug targets for prostate cancer. Using EasyQSAR
software, this model was then used to predict the ICy, value
of the selected phytocompound [46].

Results
Molecular Docking

Molecular docking research was conducted to determine
the effectiveness of possible ligands against wild-type AR
and mutated AR. In the present sample, four distinct types
of ARs were picked, i.e., wild-type AR (PDB ID: 1E3G),
T877A mutated AR (PDB ID: 2AX6), W741L mutated
AR (PDB ID: 1795), and both mutated AR generated by
UCSF Chimera. The phytocompound Glabranin was used
for docking tests along with its 4 more derivatives and the
drugs commonly used in prostate cancer, Bicalutamide and
Flutamide, were used as a standard.

Initially, Glabranin, Bicalutamide, and Flutamide were
docked against Wild Type AR, the PDB-ID of which is
1E3G. The binding energy of Glabranin to the wild AR
(1E3G) was observed to be — 7.9 (kJ/mol) while that of
Bicalutamide and Flutamide against wild AR was observed
to be — 4.46 and — 6.47 kcal/mol respectively. An additional
file shows the Molecular Docking of Glabranin, Bicaluta-
mide, and Flutamide against Wild AR in Tabular Form (See
Supplementary Information, Table S1). It was observed from
Table S1 that the compound Glabranin had greater bind-
ing in comparison to the commercially available drugs. The
docking effects of these three compounds along with their
canonical smiles are depicted in Table S1 as supplemental.

Following that, docking studies were performed with
pre-existing ligands to confirm the Glabranin compound’s
potential against T§77A and W741L mutations (Hydroxy-
flutamide against 2AX6 with T877A mutation and R-bical-
utamide against 1795 with W741L mutation). The binding
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Table 1 Molecular docking results of all receptor-ligand complexes

S. no. Ligands Molecular docking
Site-specific docking binding energies (kcal/mol) Blind docking binding energies
(kcal/mol)
2AX6 1295 BothMut 2AX6 1295 BothMut
1 Gla_Mod_1 —17.05 (6.77) —8.31(814.32) —-7.97 (1.44) Validation —4.66 —4.42 -3.99
2 Gla_Mod_2 —6.95 (8.08) —5.32 (125.01) —8.37 (731.96) —4.83 —4.55 —4.47
3 Gla_Mod_3 —6.32(23.24) —5.31(128.33) —17.49 (3.23) —4.78 -3.75 —4.51
4 Gla_Mod_4 —6.08 (34.87) —4.1(982.42) —0.57 (381.38) -25 —2.38 —2.75

*In Table 1, the parenthesis values reflect the inhibition constant uM

energy levels of Hydroxyflutamide (pre-existing), Bicalu-
tamide and Flutamide drug (controls), and compound
Glabranin against 2AX6 receptor (with T877A mutation)
were observed to be — 6.62, — 6.4, — 5.71, — 7.37 kcal/mol,
respectively. An additional file shows the Molecular Dock-
ing of Androgen Receptor against pre-existing, controls and
ligand candidates in Tabular Form (See Online resource,
Table S2). It was observed that against the 2AX6 recep-
tor (with T877A mutation) compound Glabranin in com-
parison to commercially available drugs and pre-existing
ligands showed a better binding affinity with the binding
energy of — 7.37 kcal/mol. Similarly, the binding energy
levels of R-bicalutamide (pre-existing), Bicalutamide and
Flutamide drug (controls), and compound Glabranin against
1Z95 receptor (with W741L mutation) were observed to
be — 7.91, — 3.31, — 4.93, — 6.96 kcal/mol, respectively
(Table S2). In comparison to the commercially available
drugs (controls), the compound Glabranin showed a good
binding affinity with a binding energy of -6.96 kcal/mol. It
was also observed that Glabranin compounds binding energy
was close to R-bicalutamide (pre-existing ligand) with a
binding energy of — 7.91 kcal/mol (Table S2).

In addition to the early results stated above, four Glabra-
nin derivatives were docked against 2AX6 (T877A mutant
AR), 1795 (W741L mutant AR), and BothMut receptors
with both mutations T877A and W741L, as shown in
Table 1. To validate the docking results, Autodock software
was employed to perform both site-specific docking and
blind docking. Mutant androgen receptors with Glabranin
derivatives showed greater binding energies than Bicalu-
tamide and Flutamide, which were employed as controls,
according to site-specific docking (refer to Table S2).
Their inhibition constant was also calculated in addition
to their binding energy (Table 1). The lower the inhibition
constant (uM), the higher the binding affinity and the less
drug needed to block the activity of the mutant androgen
receptor. Because the findings of blind docking were inad-
equate in contrast to the results of site-specific docking, the
binding energy, and inhibition constant were calculated in

site-specific docking to appropriately assess the results, as
shown in Table 1. Here, Table 1 summarizes all molecular
docking scores of Glabranin derivatives against mutated
ARs.

Docking studies have shown that the mutant Androgen
receptors with the derivatives of the Glabranin compound
have 12 docking complexes with improved binding energy.
When blind docking findings were compared to site-specific
docking results, the former was revealed to have consider-
ably greater binding energy, indicating that docking inte-
grating the expected catalytic/binding site improved the
precision and efficiency of the Androgen Receptor-Ligand
binding. Following a comparison of site-specific binding
energy and inhibition constants, it was revealed that com-
pounds with high binding energy had good inhibition con-
stant values, showing a proportional connection between
binding energy and inhibition constant.

Drug-Likeness Screening

On screening the compound Glabranin and its derivatives,
it was observed that four of them, viz. Gla, GlaModl,
GlaMod2, and GlaMod3 satisfied Lipinski’s rule of five
and other rules of drug-likeness. This screening is critical
for accelerating the production of a compound as a possi-
ble drug or drug target [47-51]. The presence of functional
groups, ring systems, and strong atom proportion are all
closely linked to drug-likeness and physiochemical proper-
ties, so certain derivatives that broke Lipinski’s law may be
attributed to them. Since one of the most important screen-
ing tests for a possible medication is drug-likeness, only
compounds that followed Lipinski’s Rule of Five and other
rules were subjected to the ADMET test. The compound
GlaMod4 could not qualify for the drug likeliness screen-
ing. Hence, this compound was not considered for further
analysis. The sampling of all compounds/ligands for drug
likeliness potential using several tools has been summarized
in Table 2.
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ADMET Screening

The compounds were tested for toxicity using the pkCSM
web server, Pro Tox-II (Toxicity) server, and admetSAR
(Toxicity). These servers help in the screening of several
pharmacokinetic properties (ADMET) of the medications,
which include absorption, distribution, metabolism, excre-
tion, and toxicity. These servers may also test for carcino-
genicity, hepatotoxicity, and skin sensitivity. The parameters
included in this study under Absorption were P-Glycoprotein
Substrate, P-Glycoprotein-1, and 2 inhibitors; the parameters
included under Distribution were Blood—Brain Barrier Per-
meability (BBB) whose logBB > 0.3, Central Nervous Sys-
tem Permeability (CNS) whose log PS > -2; the parameters
included under Metabolism were Cytochrome P450 inhibi-
tors (CYP2D6, CYP3A4) and Cytochrome P450 substrate
When the compounds Glabranin and GlaMod1, GlaMod3
were tested for the ADMET test using the pkCSM server,
they were shown to be mutagenic. Using the Pro Tox-II
(Toxicity) service, the toxicity of all four compounds was
predicted to be inactive. GlaMod2 compound was discov-
ered to have drug-like potential and passed the toxicity test
utilizing several methods. The selected compounds were
screened based on their toxicity level, as well as other phar-
macokinetic properties. The compounds Gla, GlaModl1,
GlaMod3, and GladMod4 were seen to be mutagenic in an
ADMET test. Overall, it was observed that out of 4 com-
pounds that showed drug-likeliness capacity, only compound
GlaMod?2 passed the toxicity check. Since these compounds
were found to be non-toxic, they could be used in in-vitro
experiments. The findings of the toxicity test have been sum-
marized in Table 3.

The final complexes selected for Molecular Dynamic Sim-
ulation were 2AX6 + GlaMod2 complex, 1295 + GlaMod?2
complex, and BOTHUT + GLAMOD?2 complex, based on
the Molecular Docking Study, Drug Likeliness Capacity
(Lipinski’s Rule of Five), and Toxicity Check (ADMET).
The binding patterns of the molecular docking findings of
these final selected complexes were examined using LigPlot
Software. An additional file shows the binding pattern of the
selected docking complexes (See Supplementary Informa-
tion, Fig. S3).

Molecular Dynamics Simulation

After molecular docking and screening of compounds for
Drug Likeliness and ADMET evaluation, the Molecular
Dynamics Simulations technique was used to determine the
stability of the complexes in this analysis (Table 3). This
method was employed in this investigation to test the long-
term stability of the complexes. The compounds in complex
with mutated AR that demonstrated strong binding energy
and passed both the Drug Likeliness and the ADMET tests
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Fig. 1 RMSD along MD trajectories for 100 ns. a RMSD plots
of native proteins 2AX6 (black), 1795 (red), and BothMut
(green); b RMSD plots of complexes 2AX6+ GlaMod2 (black),
1Z95+GlaMod2 (red), BothMut+GlaMod2 (green),1Z95+ BIC
(blue) and 2AX6+ FLU (yellow)

were chosen for Molecular Dynamics Simulations in this
analysis. Using the package GROMACS 4.6.2, this was done
to expose the flexibility and overall stability of the chosen
docked complexes at 100 ns. QtGrace software was used to
calculate the variance and fluctuation in the complexes using
RMSD, RMSF, and Rg [52, 53]. The following is an analysis
of the effects of Molecular Dynamics Simulations:

Root Mean Square Deviation (RMSD)

Throughout the 100 ns MD simulation, the configuration
changes of all protein-ligand complexes were assessed in
terms of Root Mean Square Deviation (RMSD). The coor-
dinates of the protein backbone and ligand were deter-
mined using RMSD analysis to determine how much the
ligand location has changed in comparison to the protein.
In Fig. 1a, it was observed that the RMSD trajectory of the
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Fig. 2 RMSF along MD trajectories for 100 ns. a RMSF plots
of native proteins 2AX6 (black), 1795 (red), and BothMut
(green); b RMSF plots of complexes 2AX6+ GlaMod2 (black),
1795 +GlaMod2 (red), BothMut+GlaMod2 (green),1Z95+ BIC
(blue) and 2AX6+FLU (yellow)

native proteins 2AX6, 1795, and BothMut fluctuated in the
first 0-10 ns and 40-60 ns during the simulation and exhib-
ited steady trajectories. Moreover, the RMSD fluctuation
analysis in Fig. 1a demonstrates that the MD trajectories of
the native proteins were typically stable and within accept-
able bounds for the whole studied complex throughout the
simulation time. In Fig. 1b, the 2AX6 + GlaMod2 complex
(black) and BothMut + GlaMod2 complex (green) showed
less fluctuation throughout the simulation and their fluctu-
ating patterns were close to that of the reference complex
2AX6+FLU (yellow). The complex 2AX6 + GlaMod2
(black) fluctuated initially at 20-40 ns before reaching sta-
bility. However, 1295 + BIC (blue) and 17295 + GlaMod2
(red) fluctuated throughout the simulation. In conclusion, the
RMSD fluctuation analysis in Fig. 1b reveals that the MD

@ Springer

trajectory of the 2AX6+ GlaMod2 and BothMut + GlaMod2
complex was usually stable and within acceptable bounds
during the simulation period throughout the whole studied
complex. An additional file shows the other plots of RMSD
for native protein and all protein-ligand complexes (See
Supplementary Information, Fig. S4). The RMSD plot for
native protein and all protein—-ligand complexes is shown in
Fig. la&b.

Root Mean Square Fluctuation (RMSF)

The average variance of each amino acid in the protein was
calculated using RMSF. Root Mean Square Fluctuation
(RMSF) plots were used to show the structure’s flexibil-
ity for all of the chosen compounds with native receptors
at 310 K for 100 ns. The RMSF plot in Fig. 2a revealed
that the secondary conformations of the natural proteins
2AX6, 1795, and BothMut were stable throughout a 100 ns
simulation. During the simulation, the native proteins
2AX6 (black), 1295 (red), and BothMut (green) fluctuated
below ~ 0.2 nm and were observed to show fluctuations at
2500-3000 atoms. The native protein’s RMSF (2AX6, 1795,
and BothMut) had minimal fluctuation, indicating high sta-
bility. The RMSF plot in Fig. 2b indicated that the second-
ary conformations of the complexes 2AX6 + GlaMod2,
1795 + GlaMod2, BothMut + GlaMod?2, 1795 + BIC and
2AX6 +FLU were stable throughout a 100 ns simulation. It
was observed that the complexes 2AX6 + GlaMod?2 (black),
1795 + GlaMod2 (red), and BothMut + GlaMod?2 (green)
showed less fluctuation when compared to the reference
complexes 1795 + BIC (blue) and 2AX6 + FLU (yellow) at
2500-3000 atoms. An additional file shows the RMSF plot
for ligand (See Supplementary Information, Fig. S4). The
RMSF plot for native protein and all protein-ligand com-
plexes is shown in Fig. 2a&b.

Radius of Gyration (Rg)

The compactness of the structures was reflected in the radius
of gyration (Rg) plots for all of the chosen compounds with
2AX6, 1795, and BothMut receptors at 310 K for 100 ns.
The Rg plot in Fig. 3a revealed that in terms of compactness
and consistent quantities of Rg, the native proteins 2AX6
(black), 1795 (red), and BothMut (green) were found to
exhibit extremely similar behavior, suggesting strong sta-
bility. The Rg plot in Fig. 3b revealed that in terms of com-
pactness and consistent quantities of Rg, the complexes
2AX6+ GlaMod (black), 1295 + GlaMod?2 (red), and Both-
Mut + GlaMod?2 were found to exhibit similar behavior to
their reference complexes 2AX6 + FLU (yellow). However,
the complex 1795 4+ BIC (blue) was observed to have more
fluctuations over time thereby indicating its instability. The
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Table 4 Free Energy Analysis using the G_MMPBSA method

S. no. Complexes van der waal energy Electrostatic energy Polar solvation energy SASA energy Binding energy
1. 2AX6+ GlaMod2 —183.681+4+/-16.099k)/  —38.101+/—11.971kJ/ 155.007+/-24.462kl/  —18.950+/-0.844kJ/  —85.725+/—-23.898 kI/
mol mol mol mol mol
2. 1295 + GlaMod2 —118.257+/—-18.058 kJ/  —20.161+/—11.924kJ/  84.186+/—23.087 kJ/ —13.502+/-1.400kJ/  —67.734+/—13.498 kJ/
mol mol mol mol mol
3. BOTHMUT +GlaMod2 2896.395+/—-70.809k]/  —16.436+/—-7.764kJ/  68.508 +/—12.459 kI/ —13.092+/-0.729kJ/  2935.376+/-72.576 kJ/
mol mol mol mol mol
4. 1795 +BIC —108.456+/—-25281k)/  —52.687+/-31.858kJ/ 112.370+/-49.419k)/  —11.993+/-2.342kJ/  —60.766+/—18.412kl/
mol mol mol mol mol
5. 2AX6+FLU —136.131+/-7.964 kJ/ -7.8164+/-6.911kJ/ 99.048 +/—-13.345 kJ/ —14.6614/-0.624k)/  —59.560+/—12.628 kJ/
mol mol mol mol mol
Average Free Binding Energy Rg plot for native protein and all protein—ligand complexes
Ligand

is shown in Fig. 3 a&b.

0 T T T T

MM-PBSA

-5

<

In molecular dynamics simulation, calculating the bind-
ing free energy of the lead molecules is always neces-
sary for estimating their binding affinity at different time
scales. The binding energy of the selected complexes
was investigated using the MM/PBSA process. The bind-
150 et | T ing energy of 2AX6+ GlaMod2 complex (— 85.725 kJ/
i IRy S mol), 1795 + GlaMod2 complex (— 67.734 klJ/mol), Both-
Mut + GlaMod2 complex (2935.376 kJ/mol), 1295+ BIC

2000 ' MXLOO 50000 1e+005 reference complex (—60.766 kJ/mol), 2AX6 + FLU refer-
Time (ps) ence complex (—59.560 kJ/mol), respectively are shown
Fig. 4 The average free binding energy of the ligands in com- in (Table 4). The van der Waal energy of the reference
plexes  (2AX6+GLA,  2AX6+GLAMOD2, 1795+ GLA. 17295 + BIC (—108.456 kJ/mol) had a less binding affin-
1795+ GLAMOD?2, BothMut + GLA and 1795 + BIC ity when compared with complexes 2AX6 + GlaMod?2

%\N o @AM

g(kJ/mol)

Delta_G_Bindin,

-200 !

|
20000

@ Springer



340

Ind J Clin Biochem (2024) 39:331-343

(—183.681 kJ/mol) and 1295+ GlaMod2 (- 118.257 kJ/
mol) respectively, showing a strong binding affinity. Elec-
trostatic energy, polar solvation, and SASA energy all
had a moderate influence on binding energy in the com-
plexes 2AX6 + GlaMod?2, 1795 + GlaMod?2, and Both-
Mut + GlaMod2. When compared to the reference com-
plex 1295+ BIC (- 60.766 kJ/mol) and 2AX6 + FLU
(—59.560 kJ/mol), the binding energy of the complexes
2AX6 + GlaMod2 complex (—85.725 kJ/mol) and
17295 + GlaMod2 complex (—67.734 kJ/mol) exhib-
ited greater binding affinity. The binding energy dem-
onstrated complex stability, suggesting that complexes
(2AX6+ GlaMod2 and BothMut + GlaMod2) might be con-
sidered potential inhibitors of T877A and W74 1L mutations
in Prostate Cancer.

The ligands’ average free binding energy (AG) was cal-
culated using the MM/PBSA technique, and graphs were
created using QtGrace software. The AG-binding energy of
the ligands is shown in Fig. 4

QSAR Prediction

Hansch and Fujita developed the QSAR approach based
on the work of Hammett and Taft [54]. The Quantitative
Structure—Activity Relationship Study (QSAR) models are
regression or classification models that predict the activi-
ties of novel chemical compounds based on their phys-
icochemical features. Generally, generally, QSAR is a
regression model that connects the potency of the response
variable (Y) like the biological activity of the molecule
to a collection of ’predictor’ variables (X). The QSAR
illustrates the association between molecular descriptors
(chemical structures) that reflect the distinctive physico-
chemical qualities of compound sets of interest and their
biological activity. To predict the behavior of the GlaMod?2
compound with mutant ARs in prostate cancer, the com-
pound was submitted to QSAR analysis. The goal of this
study was to investigate if the GlaMod2 compound might
be utilized as an inhibitor against mutant ARs in pros-
tate cancer by looking at its inhibitory activity. To assess
the efficacy of various drugs, the Quantitative Struc-
ture—Activity Relationship Study is commonly employed
[55]. In QSAR analysis, the drug targets were correlated
against seven molecular descriptors: Molecular weight,
LogP, Polarizability, Refractivity, Molecular Surface

Table 5 Descriptors and predicted IC50 values of GlaMod2 compound

area, Polar Surface Area, and Hydrophilic-Lipophilic
Balance (HLB). The statistical analysis of the results of
QSAR from (Table S3 in the supplementary) built a QSAR
model that showed the Sum of squares due to Regression
(SSR)=26.38, Sum of squared errors (SSE)=8.31, a total
sum of squares (SST)=34.69, R? value of 76.04 percent
and an adjusted R* value of 65.55 percent showing very
less difference between R? and adjusted R%. The Rsq/R?
value is high predicting good QSAR. Greater Rsq/R* indi-
cates that the equation fits the data better. The F-statistics
value was found to be 7.25 which was higher than the
F-critical value of 2.44. The percentage contribution of
each descriptor to the activity obtained was: Molecular
Weight (5.26%), AlogP (37.54%), Polarizability (5.11%),
Refractivity (33.80%), Molecular Surface Area (5.33%),
Polar Surface Area (11.64%), HLB (23.29%) respectively.
EasyQSAR software was used to create the correlation
and regression. EasyQSAR software was utilized in this
study to perform QSAR analysis on 30 known prostate
cancer drug targets. The ChEMBL online database was
used to determine the IC50 values of 30 known prostate
cancer drug targets. An additional file depicts the descrip-
tors and function of QSAR of 30 known drug targets of
prostate cancer, which is divided into 24 training and 6
test sets in tabular form (See Online resource, Table S3).
The Multiple Regression Plot generated for the QSAR
model is represented in supplementary (Supplementary
Information, Fig S4). The selected ligands’ behavior was
then predicted using a QSAR-generated regression equa-
tion which is as follows:

Log (ICsy) —1 = —1.003 x 10!

— 1.150 x 10‘2(Molecular Weight)

— 5.832 x 107! (ALogP)

— 9.434 x 1072(Polarizability)

+ 1.123 x 1072(Refractivity)

+ 2.473 x 107%(Molecular Surface Area)

— 1.392 x 1072(Polar Surface Area)

+ 8.753 x 10~'(HLB)

By considering this equation the activity of the potential
drug candidate GlaMod2 was found and was converted by
taking the antilogarithm of the inverse of predicted activ-
ity to find the potency. The Descriptors and predicted IC50

Drug candidate Molecular weight LogP Polarizability Refractivity Molecular surface Polar surface area Hydrophilic- IC50
area lipophilic balance  (nM)
(HLB)
GlaMod2 354.40 4.06 38.28 99.44 496.42 75.99 7.35 20.89 nM
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values of the GlaMod2 compound have been represented
in Table 5.

Table 5 shows the descriptors and projected IC50 values
of the GlaMod?2 compound produced by QSAR analysis. The
lower the IC50 value, the more potent they are. The IC50
values of GlaMod?2 were found to be (20.89 nM).

From the Molecular Docking, Drug Likeliness capac-
ity, ADMET test, Molecular Dynamics Simulations, and
QSAR study the compound GlaMod2 was observed as a
potential drug candidate having more potency as an inhibi-
tor of mutated AR of Prostate Cancer. However, to further
strengthen the findings, the potential ligand can be synthe-
sized to perform in-vitro studies for further evaluation.

Conclusion

This research has been carried out due to the fact that can-
cer drug resistance remains a severe issue, causing the most
deterioration and ranking among the top causes of cancer
mortality. In prostate cancer, drug resistance develops when
tumor cells become less sensitive and resist chemotherapy
and androgen deprivation treatment (ADT). It is one of the
most challenging difficulties in the treatment of individu-
als with advanced prostate cancer (PCa). To combat drug
resistance and improve clinical outcomes, new and effec-
tive drugs must be developed. Designing novel drugs has
been recognized as a demanding, costly, time-consuming,
and difficult process. In such instances, computer-aided drug
discovery (CADD) has emerged as a potent and promising
technique for the pharmaceutical industry to design drugs
faster, cheaper, and more effectively. The fast development
of computational techniques for drug discovery has also
yielded valuable insights into cancer therapy.

The current work focussed on the alteration of plant-
derived flavonoids, which may function as inhibitors against
T877A and W741L point mutations using computational
tools. In this study, the compound GlaMod2 was found to be
effective against T877A and W741L mutations in prostate
cancer patients. This phytocompound may be beneficial in
the development of prostate cancer inhibitors for patients
with mutant androgen receptors. Computational techniques
such as Molecular Docking, Molecular Dynamics Simula-
tion, MM-PBSA, and QSAR analysis were often employed
in this study. In contrast, bioassays employing prostate can-
cer cell lines and animal models could be performed to fur-
ther validate this lead compound. In-depth in-vivo research
can therefore help in understanding the intended drug can-
didate’s behavior in the metabolic system and determining
the in-vivo toxicity impact.
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