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Steroid 5 alpha-reductase 2 (5αR-2) is a membrane-embedded protein that together with other isoforms plays a key role in the
metabolism of steroids.Tis enzyme catalyzes the reduction of testosterone to the more potent ligand, dihydrotestosterone (DHT)
in the prostate. Androgens, testosterone, and DHT play important roles in prostate growth, development, and function. At the
same time, both testosterone and DHT have been implicated in the pathogenesis of benign prostate hyperplasia (BPH). Inhibition
of the DHTformation, therefore, provides a therapeutic strategy that ofers the possibility of preventing, delaying, or treating BPH.
Currently, two steroidal drugs that inhibit 5αR-2, dutasteride and fnasteride, have been approved for clinical use.Tese two come
at a high cost and also portray undesirable sexual side efects which necessitate the need to fnd new chemotherapeutic alternatives
for the disease. Based on the aforementioned, fnasteride and dutasteride were subjected to scafold hopping, fragment-based de
novo design, molecular docking, and molecular dynamics simulations employing databases like ChEMBL, DrugBank, PubChem,
ChemSpider, and Zinc15 in the identifcation of potential hits targeting 5αR-2. Altogether, ten novel compounds targeting 5αR-2
were identifed with binding energies lower or comparable to fnasteride and dutasteride, the main inhibitors for this target.
Molecular docking and molecular dynamics simulations studies identify amino acid residues Glu57, Phe219, Phe223, and Leu224
to be critical for ligand binding and complex stability.Te physicochemical and pharmacological profling suggests the potential of
the hit compounds to be drug-like and orally active. Similarly, the quality parameter assessments revealed the hits possess LELP
greater than 3 implying their promise as lead-like molecules. Te compounds A5, A9, and A10 were, respectively, predicted to
treat prostate disorders with Pa (0.188, 0.361, and 0.270) and Pi (0.176, 0.050, and 0.093), while A8 and A9 were found to be
associated with BPH treatment with Pa (0.09 and 0.127) and Pi (0.077 and 0.033), respectively. Structural similarity searches via
DrugBank identifed the drugs faropenem, acemetacin, estradiol valerate, and yohimbine to be useful for BPH treatment
suggesting the de novo designed ligands as potential chemotherapeutic agents for treating this disease.

1. Introduction

Endocrine processes such as male urine fow, male sexual
diferentiation of a fetus, male masculinization, anabolism,
and libido are mediated by the androgen receptor (AR) [1].
Te performance of these diverse functions by AR is
achieved by controlling the transcription and expression of
specifc genes in a ligand-dependent manner in target cells

[2]. Te ligands that act as transcription factors in these
processes are testosterone (T) and dihydrotestosterone
(DHT) [1]. 5 alpha-reductase 2 (5αR-2), a member of the
membrane-embedded steroid 5α-reductase (SRD5A) family
(16), is characterized by seven transmembrane α-helices
(7 TMs) connected by 6 loops and located in the mem-
brane of the endoplasmic reticulum [3]. Together with other
isoforms, 5αR-2 enhances androgen signaling by reducing
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the ∆4,5 double bond of testosterone, the primary androgen
in men to the high-afnity agonist DHT using reduced
nicotinamide adenine dinucleotide phosphate (NADPH) as
a cofactor (Figure 1) [3]. In prostate cells, DHT synchro-
nously stimulates the expression of specifc genes; ERG,
ETV1, ETV4, PTEN, AR gene, and Bcl-2 are known to
facilitate prostate growth and development [4, 5]. Despite
being essential to the function of the prostate, DHT also
accumulates in prostate cells with age even though in general
blood testosterone and DHT levels decline with age [6, 7].
Men sufering from prostate-related urinary symptoms such
as benign prostatic hyperplasia (BPH) have higher levels of
DHT [8]. BPH is characterized by a noncancerous en-
largement of both the stromal and epithelial cells of the
prostate gland in the transitional zone [9]. Tis enlargement
blocks the urinary track thereby obstructing the free fow of
urine. Pathological evidence of BPH in men has been ob-
served in ∼50% of men who are above 50 years old [10]. By
age 80, about 83% of men have pathological symptoms of
BPH making it an important public health issue [10, 11].

Apart from BPH, the association between the serum
balance of androgens with age and its link to prostate cancer
risk has become a topic of immense research interest, es-
pecially in men above 40 years [12, 13]. In 2018, about 1.3
million new cases were recorded and over 350,000 deaths
were as a result of prostate cancer [14]. Interestingly, eforts
in probing the etiology and pathogenesis of this malignancy
still remain elusive, infuencing treatment strategies to be
dependent on the risk level portrayed. Classical removal of
the prostate (prostatectomy) wholly or partially proved
helpful but reports of associated risks including erectile,
urinary, and bowel dysfunctions, as well as infertility due to
the multifunctional nature of the prostate gland warrant the
search for a new treatment alternative [15, 16].

Symptoms of BPH have been alleviated by regulating
the production of the transcription factor DHT by blocking
the activity of 5αR-2 using synthetic steroids, dutasteride,
and fnasteride [17]. However, there are reports of asso-
ciated complications in sexual function after the admin-
istration of these drugs which underscores the need for new
therapeutics [18, 19]. Computational drug design has
however aforded the scientifc community with an easy
and cost-efcient means of making available chemotypes
with improved activity against target proteins [20, 21].
With the limited number of therapeutic agents for BPH
treatments coupled with the associated toxicities as well as
the increasing rise in the need for new chemotypes, scafold
hopping and fragment-based de novo design provide an
option in attaining novel compounds with improved ac-
tivity against 5αR-2. Scafold hopping which is the iden-
tifcation of new core structures has emerged as one of the
techniques toward the discovery of new efcacious drugs.
Some examples of drugs designed by scafold hopping
involve the successful development of gamma-
aminobutyric acid (GABA) ligands, zopiclone and zolpi-
dem from diazepam [22], cyclooxygenase 2 (COX-2) in-
hibitors celecoxib and valdecoxib from indomethacin
[22, 23], and the antihistamine cyproheptadine inspired
from pheniramine [24].

Furthermore, fragment-based de novo drug design which
is the identifcation of novel chemical structures obtained by
linking small molecules with no existing relationship into
a drug lead has been explored to keep the drug design
pipeline running [25, 26]. Compared to other drug design
strategies, de novo design explores diverse chemical space
and also generates novel therapeutic agents with improved
activity against the target of interest [27]. Despite facing
synthetic feasibility challenges, of the 59 drugs approved by
the US FDA in 2018, 34 of the drugs comprising Asparlas,
Braftovi, Copiktra, Crysvita, bautismo, Diacomit, Elzonris,
and Epidiolex used for treating rare diseases originated from
de novo design [28]. Tis notwithstanding, the de novo
design of inhibitors against 5αR-2 for BPH treatments is
limited. Tis current work, therefore, seeks to employ
scafold hopping and fragment-based de novo design in the
identifcation of nonsteroidal inhibitors targeting 5αR-2.
Molecular docking and molecular dynamics simulations
studies will then be carried out to elucidate the mechanism
of binding and also analyze the stability of the pro-
tein–ligand complexes. Finally, absorption, distribution,
metabolism, excretion, and toxicity (ADMET) profling as
well as prediction of biological activity will be assessed to
identify lead-like molecules.

2. Materials and Methods

Te scheme employed in identifying putative hits against
5αR-2 is shown in Figure 2. Finasteride and dutasteride,
known inhibitors of 5αR-2 were used for scafold hopping
using a balanced rapid and unrestricted server for extensive
ligand-aimed screening (BRUSELAS) [29]. BRUSELAS is
a web architecture that employs Weighted Gaussian Algo-
rithm (WEGA), ligand similarity using clique algorithm
(LiSiCA), Screen3D, and OptiPharm algorithms to perform
shape similarity searching and pharmacophore screening.
Structurally similarity search via DrugBank [30], PubChem
[31], Zinc15 database [32], and ChemSpider [33] of the
identifed nonsteroidal ligands from the scafold hopping
was carried out to obtain diferent structures of each of the
core structures. Te compendium of chemical entities was
then docked to the prepared and energy minimized 5αR-2
(code 7bw1) which was fetched fromResearch Collaboratory
for Structural Bioinformatics Protein Database (RCSB PDB)
[34]. Compounds with low binding energy and proper
orientation in the binding site were then used for the de novo
design which were later docked to the protein. Te selected
novel hit compounds will be evaluated for their ADMET
profles, molecular dynamics simulations, biological activity
predictions, and quality parameters computations.

OH
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O
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Figure 1: Conversion of testosterone to dihydrotestosterone cat-
alyzed by 5-alpha reductase 2.
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2.1. Receptor Retrieval and Protein Preparation. Te solved
X-ray crystal structure (PDB code: 7bw1, resolution 2.80 Å)
of 5-alpha reductase 2 bound to NADP-fnasteride abduct
was fetched from RCSB PDB [34]. Te probable volume and
area of the binding site of the 7bw1 were determined using
the Computed Atlas of Surface Topography of proteins
(CASTp) [35]. Protein preparation was carried out by frst
deleting ligands and water molecules using BIOVIA Dis-
covery Studio Visualizer v19.1.0.18287 [36] and then energy
minimized employing the optimized potential for liquid
simulations (OPLS)/all-atom force feld in GROMACS 2018
[37, 38]. Te protein was positioned in a cubic simulation
box with a 1 nm distance from the edges to restrain particle
movements which have the potential of causing efects on
the surface atoms [39]. System solvation was carried out
using a single point charge and then neutralized to achieve
a molarity of 0.15M using NaCl. Te system was energy
minimized for 50,000 steps using the steepest descent
method. BIOVIA Discovery Studio Visualizer v19.1.0.18287
[36] was used to visualize the energy minimized structure,
remove water molecules solvating the protein, and then save
in Protein Data Bank (PDB) which was later converted to
AutoDock Vina’s [40] compatible PDBQT format ready for
molecular docking.

2.2. ScafoldHopping. To fnd new chemotypes devoid of the
steroidal core, the spatial data fle (sdf) format of the ap-
proved drugs, fnasteride and dutasteride, were submitted to
the BRUSELAS [29], at a similarity threshold and a set
output maximum of 100 scafolds each. 86 nonsteroidal
scafolds among the 200 generated scafolds and their
structural derivatives fetched from ChemSpider [33], Pub-
Chem [31], DrugBank [30], and Zinc15 databases [32] were
selected for afnity prediction using AutoDock Vina [40].

2.3. Molecular Docking Studies. Te receiver operating
characteristic (ROC) curve obtained from easyROC [41] was
initially, used to validate AutoDock Vina’s ability to dif-
ferentiate actives from inactives in a library of compounds.
To achieve this, the SMILES of fnasteride and dutasteride
acting as actives served as input for the generation of 50
decoys (inactives) each via the Directory of Useful Decoys
(DUD-E) [42].

Te molecular docking studies were carried out in two
phases using AutoDock Vina [40]. Te frst phase consisted
of a compendium of 4628 compounds comprising the
known drugs fnasteride, dutasteride and testosterone,
dihydrotestosterone, the 86 compounds from BRUSELAS,
and their 4538 structural derivatives obtained from the
ChemSpider, PubChem, DrugBank, and Zinc databases.

Te second phase involved compounds from the de novo
design. Altogether, the ligands and the protein were prepared
using the AutoDock Tools [43] and saved in the input format of
AutoDock Vina [40]. Te charge, hydrogen bond network, and
histidine protonation state of the protein were assigned after
PDBQT conversion. Te grid box dimension was set to
(−32.131× 13.628×19.488) Å3 with the center at (131.579,
80.715, 157.319) Å. Ligands were then virtually screened against
the 5αR-2 target protein with exhaustiveness set to the default 8.

2.4. Fragment-Based de novo Design. Te protein–ligand
complexes from the scafold hopping served as input into e-
LEA3D [44] for the fragment-based de novo design with the
binding site radius set as 15 Å.With the conformational search,
a number of generations, and population size left as default, the
fnal score set was 1 and the same active site coordinates were
used as in the molecular docking study. Molecular interactions
between hits and 5αR-2 were elucidated using BIOVIA dis-
covery studio visualizer v19.1.0.18287 [36].

Scaffold hopping Similarity checks
Molecular docking

Protein
preparation

de novo
design

Molecular
docking

ADMET Quality parameters MDS

PDB
PROTEIN DATA BANK

Finasteride

Dutasteride

Figure 2: Detailed methodology scheme including scafold hopping, fragment-based de novo design, molecular docking, and molecular
dynamics simulations in the identifcation of potential inhibitors of 5αR-2.
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2.5. Quality Assessment. Te ligand efciency metrics in-
cluding inhibitory constant, ligand efciency, ligand ef-
ciency scale, ft quality, and ligand efciency-dependent
lipophilicity were computed as described in previous studies
[45, 46].

2.6. ADMETDetermination. Toxicity properties of hits were
determined using ProTox II [47] and OSIRIS Property
Explorer in Data Warrior [48] while their ADME properties
were estimated using SwissADME [49].

2.7. Biological Activity Predictions and Exploration of Po-
tential Hit Compounds. Te biological activities of the hits
were predicted with the simplifed molecular input line entry
system (SMILES) of the hit compounds using the Prediction
of Activity Spectra for Substance (PASS) [50]. DrugBank
[30] was screened for structural derivatives to identify drugs
that have been used or explored for BPH treatment and
possible mechanisms of action from similar compounds.

2.8. Molecular Dynamic Simulation. Te stability of each
ligand complex was performed using GROMACS version
2018 [37, 38]. A 100 ns molecular dynamics simulation
previously described [38] using the GROMOS 43A1 force
feld was adopted in this study. Te unbound protein and
protein–ligand complexes were centered in a cubic simulation
box with a 1 nm distance from the edges to restrain particle
movements which have the potential of distorting the surface
atoms [39]. A single point charge was used to solvate the
system which was then neutralized to achieve a molarity of
0.15M using NaCl. Each system was energy minimized for
50,000 steps using the steepest descent method. A 100 ps
equilibration was carried out using a number of substances,
volume and temperature, and a number of substances,
pressure, and temperature ensembles [39] to ensure a well-
equilibrated system is achieved at 300K and a pressure of
1 bar. Te root means square deviation (RMSD), radius of
gyration (Rg), solvent assessible surface area (SASA), and root
mean square fuctuation (RMSF) graphs were generated using
QtGrace [51]. Binding free energies of the complexes were
calculated using MM-PBSA and the energy contribution of
each residue was also determined using g_MMPBSA similar
to previous studies [52, 53]. Te graphical representation of
the MM-PBSA computations was generated using the R
programming language [54, 55].

3. Results and Discussion

Presented in this section are the results from the various in
silico techniques comprising scafold hopping, de novo de-
sign, molecular docking and molecular dynamics simula-
tions, ADMET profling, biological activity predictions, and
quality assessment of the identifed hit compounds.

3.1. Prediction of Active Site of 5 Alpha Reductase 2.
Prediction of the plausible binding residues which constitute
the active site of 5αR-2 was done using CASTp [35].Te total

active site residues consisted among others (Table 1) Leu16,
Leu19, Ala20, Val23, Lys25, Pro26, and Tyr226 making an
area of 829.083 Å2 and a volume of 648.171 Å3 consistent
with a previous study [3].

3.2. Validation of Docking Protocol. Before undergoing
docking studies, validation to determine whether AutoDock
Vina [40] will be able to distinguish between actives and
inactives is predominantly carried out [56, 57]. To accom-
plish this, AUC was computed from the ROC generated by
setting a signifcant threshold of −7 kcal/mol to diferentiate
between actives and inactives. Also, Autodock Vina difer-
entiates well between strong binding ligands from their
counterparts at this binding energy [58, 59]. Te AUC under
ROC was evaluated to ascertain the performance of the
docking protocol [60]. As a rule of thumb, an AUC of 1
means a perfect classifcation, and that of 0 is termed an
inaccurate classifcation [61]. Furthermore, an AUC of
around 0.9 is classifed as outstanding while that of 0.5
suggests no discrimination [45, 61]. Te computed AUC
under the ROC (Figure 3) for this study was found to be 1
suggesting a perfect classifcation. A similar study to identify
potent inhibitors against Mycobacterium ulcerans cys-
tathionine c-synthase metB observed AutoDock Vina to be
able to select actives with a computed AUC of 0.76 during
validation of the docking protocol [60]. Compared to the
AUC of 1 reported in this work suggests AutoDock Vina will
most certainly, discriminate actives from inactives.

3.3. Scafold Hopping. To identify ligands with new core
structures and improved or comparable activity against 5αR-
2, scafold hopping of fnasteride and dutasteride using
BRUSELAS [29] aforded 200 compounds from the
ChEMBL database [62] with varying similarity scores.
Virtual screening of the 4538 nonsteroidal compounds
against the target protein identifed 36 hits which were
selected based on how deep they dock into the receptor
binding site [59, 63, 64] as well as the binding energy.

Te core structures found in the 86 scafolds includedO,N,
and S-heterocycles comprising indole, thiazole, isochromene,
acridine-1,9-dione, imidazoline-2,4-dione, isoindoline-1,3-
dion, pyrazolo[4,3-c]pyridine, pyrido[4,3,b]indole, and 1,38-
triazaspiro[4,5]dione. Te medicinal properties of these het-
erocycles have been reported for the treatment of cancer,
leishmaniasis, diabetes mellitus, and malaria [65–67]. Among
the ten best scoring scafolds (Supplementary Table 1) to
dutasteride, CHEMBL337492 and CHEMBL583325 (Supple-
mentary Table 1) which are epimers of each other with a bis-
(trifuoromethyl)benzene moiety were found to show a simi-
larity score of 0.6055 and 0.56708, respectively. Interestingly,
most of the scafold hopping of dutasteride generated ligands
with bis-(trifuoromethyl)benzene possibly due to the presence
of a similar group on dutasteride. Similarly, CHEMBL1095783
and CHEMBL1410490 with the highest similarity scores of
0.41441 and 0.41287 (Supplementary Table 1), respectively, to
fnasteride were both found to possess a 1H-pyrazole moiety,
a N-heterocyclic compound known for various therapeutic
activities.
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Te 10 best hits (Supplementary Table 2) out of the 23
compounds were found to bind deep into the pocket of 5αR-
2 and also showed a binding energy lower than the natural
substrate, testosterone (−10.2 kcal/mol), and the drug,
fnasteride (−9.8 kcal/mol) (Supplementary Table 2). Com-
pared to dutasteride (−11.7 kcal/mol), apart from SH8, SH9,
and SH10 which showed comparable binding energy to the
drug, the rest produced lower binding energies with SH1 and
SH2 recording binding energies of −12.8 and −12.6 kcal/mol,
respectively (Supplementary Table 2).

3.4. Fragment-Based de novo Design. Te linking of small
molecules that ft various constraint portions in a binding
site of a protein target to form a drug lead is known as
fragment-based de novo design [68]. Fragment-based de
novo drug design leads to the identifcation of novel and
potent inhibitors with improved activities against their
target of inhibition compared to repurposing [69]. More-
over, the cost- and time-efcient manner of de novo design
has already yielded leads for the treatment of human ail-
ments including leishmaniasis, bacterial infections, and
cancer [45, 46, 69, 70]. However, de novo design drugs for
BPH treatment are yet to be fully explored hence this re-
search. Te possible cytotoxicity of the steroidal core of
fnasteride and dutasteride on the cholesterol biosynthetic
pathway has prompted the need for the production of novel
compounds with alternative core structures [45]. Pursuant
to this, the 23 compounds obtained from the scafold

hopping with lower or comparable binding energy to
fnasteride, dutasteride, and testosterone were submitted to
e-LEA3D [44] for the de novo design. In all, 129 potential
novel compounds were generated which were checked for
redundancy and also fltered based on Lipinski’s rule of fve
(Ro5). Tis reduced the dataset to 36 compounds that were
subjected to molecular docking studies.

Altogether, 10 compounds (Table 2) were found to dock
deep into the binding pocket of 5αR-2 protein and also showed
binding energy lower than testosterone (−10.2 kcal/mol) and
fnasteride (−9.8 kcal/mol). Moreover, the proposed hit
compounds recorded lower or comparable binding energy to
dutasteride (−11.7 kcal/mol). Amongst the 10 hit compounds,
while A1 recorded the lowest binding of −12.9 kcal/mol,
compound A10 showed a binding energy of −10.1 kcal/mol.
Interestingly, results from docking studies using AutoDock
Vina reveal that ligands with binding energy ≤−7.0 kcal/mol to
the protein of interest have mostly, gone ahead to show sig-
nifcant biological activity against the target [58, 59, 71]. Te
recorded binding energy of the hit compounds, therefore,
suggests their potential of inhibiting 5αR-2 for BPH treatment.
Further search through the public databases including
ChemSpider [33], Zinc15 [32], PubChem [31], or DrugBank
[30] found no duplicates of these compounds suggesting the
uniqueness of the selected hit compounds.

3.5. Characterization of the Binding Interactions. Te at-
omistic studies of protein–ligand interactions have provided
the platform for designing hits with the required specifcity
to the target of interest [72]. Te stability of the pro-
tein–ligand complexes is dependent on the interactions
between the functional groups present on the ligand and
amino acid residues in the binding site of the protein [72].
Moreover, the presence of hydrogen bonds and hydrophobic
interactions result in the stabilization of the protein–ligand
complex [73]. Based on the aforementioned, the two-
dimensional (2D) interactions as visualized by Discovery
Studio [36] for the protein–ligand complexes revealed the hit
compounds to bind with critical amino acids including
Leu20, Leu23, Ala24, Trp53, Glu57, Tyr91, Arg94, Tyr98,
Phe118, Glu197, Phe219, and Leu224 present in the binding
pocket of the 5αR-2 receptor. Te interactions present in the
protein–ligand complexes included pi-anion, pi-pi stacking,
pi-alkyl, pi-sigma, carbon-hydrogen, and hydrogen bonds.

Te elucidation of the structure of 5αR-2 revealed the
amino acids Glu57, Trp58, Tyr91, and Arg114 to be critical for
the biological activity of the target [3]. Te scafold-hopped
ligands were found to interact via hydrogen bonding with at

Table 1: Predicted binding site residues located within a specifc area and volume of 5αR-2.

Pocket Surface area (Å2) Volume (Å3) Residues present in
the pocket

1 829.083 648.171

Leu16, Leu19, Ala20, Val23, Lys25, Pro26, Ser27, Tyr29, Gly30, Lys31, Ala40, Trp44,
Gln47, Glu48, His81, Tyr82, Arg85, Tyr89, Asn93, Arg94, Gly95, Arg96, Tyr98,
Leu102, Arg105, Gly106, Phe109, Cys110, Asn151, Asp155, Leu158, Arg159,

Leu161, Arg162, Ser168, Tyr169, Arg170, Pro172, Phe177, Ser181, Gly182, Asn184,
Phe185, Glu188, Trp192, Phe207, Ser211, Phe214, Leu215, Leu217, Arg218, His221,

His222, Tyr226
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Figure 3: ROC plot generated by screening two active ligands and
their decoys to the target protein structure, 5αR-2. Te resulting
AUC was found to be 1 classifed as perfect.
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least one of the amino acids’ residues in the binding site of the
target. Compared to the known drugs, dutasteride formed
three hydrogen bonds (Supplementary Table 2 and Figure
S1m) with critical amino acid in the pocket of the target while
testosterone and fnasteride formed two and one, respectively.
Te compound SH1 with a binding energy of −12.8 kcal/mol
interacted with Tyr98 and Asn193 (Supplementary Table 2 and
Figure S1a) through hydrogen bonding. Similarly, hydrogen
bonding interaction with Tyr98 (Supplementary Table 2,
Supplementary Figures S1d and S1m) enhances the complex
stability of SH4 and the dutasteride. Hydrophobic interactions
with Phe118, Phe216, Phe219, Phe223, and Leu224 (Supple-
mentary Table 2, Supplementary Figures S1a, S1c–S1e, S1i, and
S1j) were observed for the almost all protein-scafold hopped
ligand complexes. As many as six of the scafold hopped li-
gands, SH1, SH3, SH4, SH5, SH9, and SH10 were found to
possess cyclic or acyclic amide similar to what is present in
fnasteride and dutasteride acting as either hydrogen bond
donor or acceptor. Te interactions between this group and
binding site residues are the reason for the low binding energies
shown to be the complexes.

Furthermore, the de novo designed hit compounds
exhibited similar interactions as shown by the scafold-hopped
ligands.While A1, A2, and A5 failed to form hydrogen bonding
interactions with any amino acid residue in the binding site of
the protein, the compounds A3, A4, A6, A7, A8, A9, and A10
formed one, four, three, four, two, one, and fve hydrogen bond
interactions (Supplementary Figures S2b, S2c, and S2e–S2h),
respectively. Interestingly, the hit compounds A8 and A9
interacted via hydrogen bonding with Arg114 and Glu57
(Supplementary Figures S2g and S2h), respectively, similar to
other studies which found the two residues to be critical for
enzyme inhibition [3]. Compared to the known drug, fnas-
teride formed a hydrogen bonding with Ser74, while testos-
terone formed a hydrogen bonding with Ser27 and Glu188
(Supplementary Figures S1k and S1l and Supplementary Ta-
ble 2). Despite not forming any hydrogen bonding, hydro-
phobic interactions of A1 and A2 with Leu20, Phe219, Phe223,
and Leu224 (Table 1, Figure 4, Supplementary Figure S2a)
enhance complex stability resulting in a low binding energy of
−12.9 and−12.8kcal/mol, respectively. Similar interactionswith
the amino acids of the elucidated 5αR-2- abduct resulted in the
stability of the complex [3]. Altogether, the de novo designed hit
compounds were found to form a number of interactions with
critical resides by ftting well within the binding pocket of the
receptor implying the compounds have the potential of
inhibiting 5αR-2.

3.6. ADMET Assessment of Proposed Molecules.
Pharmacological and physicochemical profling assesses the
potential of a drug to reach the site of action and stay there
long enough to elicit a biological response. Physicochemical
profling evaluated Lipinski’s rule of fve (Ro5) to determine
whether a drug with certain pharmacological or biological
activity has the chemical and physical properties to make
them orally active.Te criteria for orally active drugs include
molecular weight (Mw)≤ 500Da, LogP≤ 5, hydrogen bond
donors≤ 5, hydrogen bond acceptors≤ 10, and 40≤molar

refractivity≤ 140 [74]. SwissADME [49] predicted all the hit
compounds to be orally active since they failed to violate any
of the rules. Moreover, Veber’s rule [75] stipulates that an
orally active drug must possess a number of rotatable bonds
≤10 and a polar surface area ≤140 Å2. Te identifed hit
compounds were found to obey Veber’s rule suggesting they
possess the potential to be orally active.

Solubility was assessed to predict the dissolution of the
hit compounds in the blood to enhance their bioavailability
[76]. Recent studies have hinged on solubility prediction as
one of the major factors for drug design as many drugs failed
clinical trials due to poor solubility [77]. A logS>−6 is the
recommended range for the solubility of a potential drug-
gable candidate [78]. Apart from A2 and A5 (Table 3) which
were predicted to show poor solubility, the rest recorded
moderate to high solubility. Converse to the known drugs,
while fnasteride was predicted to be soluble, dutasteride
exhibited poor solubility. Assessment of bioavailability score
(BS) was done to identify the hit compounds which can
readily be absorbed. Te BS for the hit compounds was
computed to be 0.55 (Table 3) similar to previous drug
design strategies in the identifcation of hit compounds
[45, 60]. Moreover, gastrointestinal absorption (GI) was
evaluated to measure the ability of the hit compounds to be
absorbed into the intestines. A druggable candidate is ex-
pected to possess a high GI for complete absorption into the
bloodstream [79] which is exactly what was predicted for the
hit compounds suggesting the potential drug-likeness of the
compounds. Surprisingly, dutasteride was predicted to
possess low GI while fnasteride showed otherwise.

Molar refractivity (MR) was evaluated to give vital in-
formation on the pharmacokinetics and pharmacodynamics
of the selected hit compounds [80]. Te predicted overall
polarity of the hit compounds except A3 was within the
acceptable MR range of less than 130 Å2. A good drug
candidate should be synthetically feasible tomake it available
when found to show the right biological activity. Te syn-
thetic accessibility (SA) of hit compounds should not be
greater than 6 [46, 81, 82] and all the hit compounds and the
known drugs were found to have SA lower than 6. Drugs
with the propensity to cross the blood-brain barrier (BBB)
tend to attach to brain receptors to elicit a biological re-
sponse [83]. Among the predicted hits, only fve that is A3,
A4, A5, A6 and A8 (Table 3) possessed the ability to per-
meate BBB and attached to the brain parenchyma and ac-
tivate certain receptors. Compared to the controls, while
fnasteride showed BBB permeation, dutasteride was not. A
drug that is a substrate of permeability glycoprotein (P-gp)
has the potential of possessing high bioavailability and hence
will stay at the active site to elicit a biological efect before
being fushed out [45, 84]. Apart from A1 and A2, the
remaining eight hit compounds together with fnasteride
and dutasteride (Table 3) were predicted to be P-gp sub-
strates. Altogether, the results from the pharmacological and
physicochemical profling reveal the potential of the de novo
designed ligands to be a druggable candidate.

Te toxicity assessment of the 10 compounds was
evaluated using OSIRIS Data Warrior 5.0.0 [48] and ProTox
II [47]. Toxicity determinations and predictions have
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become critical in drug design to the extent that most drugs
have failed to reach clinical trials because they were found to
be unsafe [85]. Similarly, some drugs in use have had to be
recalled due to reported toxicity issues [86]. Te dangers
associated with drugs with some levels of toxicities have
triggered the recognition of the importance of usingmultiple
in silico models in drug risk assessment [87]. Toxicity
profling considered for this study were mutagenicity, tu-
morigenic, hepatotoxicity, immunotoxicity, cytotoxicity,
reproductive efects, and irritants.

Mutagenicity is the ability of a drug to alter the DNA of an
organism and as a rule of thumb, administered drugs should
not in any way cause this efect. Among the selected hits, only
A4 and A5 (Supplementary Table 3) were predicted to be
mutagenic. Te drugs, fnasteride and dutasteride, were
predicted to be nonmutagenic. Immunotoxicity is the ability
of a compound to alter the functioning of the immune system

upon exposure and cause adverse efects. A number of im-
munotherapeutic agents such as imiquimod, leukinferon, and
miltefosine which modulate the host immune systems are
already in clinical use for the treatment of human ailments
[88–90].Tis notwithstanding, a therapeutic agent should not
cause adverse modulation of the immune system. Te two
drugs were predicted to be immunotoxins whereas all the
proposed hits were shown to be nonimmunotoxin. Tumor-
igenecity is the ability of a drug to cause proliferation or
induce the proliferation of cancer cells. All the identifed hit
compounds as well as fnasteride and dutasteride (Supple-
mentary Table 3) were predicted not to possess any tumor-
igenic efects.

Reproductive efects occur when a drug interferes with
the ability to produce normal, healthy ofspring. A drug
causes irritation if it is capable of producing discomfort or
phlebitis. Interestingly, with the exception of A4 and A5,

(a)
(b)

(c)

Figure 4:Te cartoon representations and 2D interactions of the 5αR-2-hits complexes as visualized in Discovery Studio v19.1.0.18287 [36]:
(a) Cartoon of 5αR-2-A1 complex, (b) 2D interaction of 5αR-2-A1 complex, and (c) legend of interactions.

Table 3: Pharmacological and physicochemical profling of the hit compounds computed molecular weight (MW), number of heavy atoms
(NHA), molar refractivity (MR), topological polar surface area (TPSA), gastrointestinal absorption (GI), blood-brain barrier (BBB), number
of Ro5 violations (vRoF), bioavailability score (BS), and solubility score (SC).

Compounds Mw (g/mol) NHA MR TPSA
(Å2) ClogP LogS SC GI vRoF BS SA BBB P-gp

A1 425.56 30 122.03 71.47 4.27 −5.57 Moderate High 0 0.55 5.56 No No
A2 454.58 34 140.91 28.26 5.39 −6.45 Poor High 1 0.55 5.29 No No
A3 442.52 33 132.38 37.49 4.64 −5.77 Moderate High 0 0.55 5.14 Yes Yes
A4 436.46 33 125 95.18 3.95 −5.49 Moderate High 0 0.55 3.73 No Yes
A5 389.51 29 128.46 37.33 6.67 −7.96 Poor Low 1 0.55 3.51 No Yes
A6 405.45 30 128.74 114.52 0.86 −3.05 Soluble High 1 0.55 4.59 No Yes
A7 401.45 30 115.76 63.71 3.79 −4.90 Moderate High 0 0.55 4.08 Yes Yes
A8 418.52 31 119.88 63.60 3.81 −4.73 Moderate High 0 0.55 4.62 Yes Yes
A9 344.49 26 113.64 19.03 4.67 −5.78 Moderate High 1 0.55 4.94 Yes Yes
A10 393.49 29 127.81 115.93 1.86 −3.96 Soluble High 0 0.55 4.25 No Yes
Finasteride 372.54 27 113.18 58.2 3.29 −3.86 Soluble High 0 0.55 5.37 Yes Yes
Dutasteride 528.53 37 129.94 58.2 5.72 −6.29 Poor Low 2 0.55 5.36 No Yes
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none of the remaining hits and known drugs were predicted
to possess any reproductive or irritating efects (Supple-
mentary Table 3). However, erectile dysfunction which deals
with the difculty in getting or maintaining an erection has
been associated with the use of fnasteride and dutasteride
[19, 91].

Cytotoxicity is the harm caused by the action of che-
motherapeutic agents on living cells. Cytotoxic compounds
have been associated with cell damage or death via necrosis
or apoptosis and are applied in the treatment of human
diseases including cancer [92]. Tough some anticancer
agents have been used in treating BPH without afecting
healthy cells [93], none of the drugs were shown to possess
cytotoxicity efects. However, A4, A5, A7, A8, and A10
(Supplementary Table 3) were predicted to possess low
cytotoxicity properties. Hepatotoxicity is an impairment of
liver function caused by exposure to xenobiotics and its
efect is life-threatening. Results from the predictions show
that all the hit compounds were inactive to hepatotoxicity
efects compared to fnasteride and dutasteride which were
predicted to be injurious to the liver. Overall, the predictions
indicate that all molecules have a safe pharmacokinetic and
pharmacodynamics profle which supports the need for
further investigations.

3.7. Biological Activity Predictions and Exploration of Pro-
posed Molecules. Te Open Bayesian machine learning al-
gorithm, Prediction of Activity Spectra for Substances
(PASS) [50] developed based on the structure-activity re-
lationship (SAR) analysis of the chemical entities present in
the database [94] was used to predict the biological activity of
the selected molecules (Table 4). From PASS predictions,
a ligand with a probability of activity (Pa)> probability of
inactivity (Pi) suggests the compound to possess the ability
of exhibiting biological activity and hence requires experi-
mental validations [95].Te compounds A1, A2, A3, A4, A5,
A6, A7, and A10 were predicted as anticancer compounds
with Pa (0.732, 0.215, 0.516, 0.339, 0.192, 0.205, 0.811, and
0.352) and Pi (0.004, 0.068, 0.067, 0.131, 0.055, 0.088, 0.010,
and 0.015) (Table 4), respectively. Te compounds A2, A3,
and A6 showed a similarity score of 0.525, 0.508, and 0.503
with the anticancer agents, zoptarelin doxorubicin, vin-
blastine, and aldoxorubicin, respectively [96]. Interestingly,
the anticancer drugs lycopene [97] and cabazitaxel [98] are
already in use for the treatment of BPH in humans [97, 99]
suggesting the 5αR-2 inhibitory activities of the proposed
molecules. Furthermore, compound A1 shows a similarity
score of 0.54 with faropenem, an antibiotic drug used in
combination with levofoxacin for BPH treatment [100].

Next, the compounds A3, A4, A5, and A8 were predicted
to possess anti-infammatory properties with Pa (0.403,
0.310, 0.254, and 0.418) and Pi (0.094, 0152, 0.208, and
0.087), respectively. Te compound A4 showed a similarity
score of 0.574 with acemetacin, a drug for treating pain and
infammation [101]. Consequently, ibuprofen and aspirin,
two commonly used nonsteroidal anti-infammatory drugs,
have been shown to decrease viability and suppress the
proliferation of BPH cell lines [102]. Similarly, an in vivo

study revealed that the occurrence of BPH is associated with
elevated expressions of cyclooxygenase-2 (COX-2) and 5-
lipoxygenase (5-LOX) that regulate infammation [103]. Te
prediction of the infammatory efects of the hit compounds
suggests their potential of inhibiting COX-2 and 5-LOX
proteins for BPH treatment. Moreover, A8 via DrugBank
shows a similarity of 0.549 with estradiol valerate which is
used to treat androgen-dependent carcinoma of the prostate
[104]. In vivo study revealed that mouse-induced BPH had
their prostate weight reduced when they were treated with
estradiol valerate [105] suggesting the potential of A8 for
BPH treatment.

In addition, A5, A9, and A10 were predicted to treat
prostate disorders with Pa (0.188, 0.361, and 0.270) and Pi
(0.176, 0.050, and 0.093), respectively. Besides A8 and A9
predicted for BPH treatment with Pa (0.09 and 0.127) and Pi
(0.077 and 0.033), respectively, they were found to perform
this function by inhibiting 5alpha reductase with Pa (0.034
and 0.033) and Pi (0.027 and 0.029), respectively. Te known
drugs, fnasteride and dutasteride used for treating BPH
exhibit their mode of action by inhibiting 5alpha reductase 2.
Consequently, A9 showed a similarity score of 0.682 with
yohimbine, a drug for erectile dysfunction treatment. In-
terestingly, yohimbine has been found to treat BPH through
5αR-2 inhibition [106] suggesting the potential of A9 to be
associated with BPH treatment. Among the ten proposed hits,
only A7 was predicted to be associated with alopecia treat-
ment with Pa (0.289) and Pi (0.213) (Table 4). Literature has it
that both fnasteride and dutasteride are potent drugs for the
treatment of alopecia [107, 108]. Overall, the biological ac-
tivity predictions coupled with the exploration of the com-
pounds in the DrugBank suggest the potential of the de novo
designed compounds to be promising lead molecules that
require experimental validation.

3.8. Evaluation of Quality Parameters. In the time past, af-
fnity has been the criteria for hit selection and optimization
[109]. Tis method sufers drawbacks as afnity tends to be
connected with molecular size [109]. Terefore, to assess the
potential of the de novo designed ligands to be lead mole-
cules, the quality parameters comprising inhibitory constant
(Ki), ligand efciency (LE), ligand efciency scale (LE_Scale),
ft quality (FQ), and ligand efciency-dependent lip-
ophilicity (LELP) were computed.

Te inhibitory constant (Ki) is the concentration re-
quired to produce half maximum inhibition and is com-
puted to provide information on the likelihood of a ligand
inhibiting the target of interest [110]. Te calculations of Ki
for all the protein–ligand complexes were obtained using
equation (1) similar to an earlier study [45] with slight
modifcation.

lnKi �
−∆G

0.5924
. (1)

A recent de novo design of potential inhibitors against
Leishmania donovani sterol methyltransferase revealed the
Ki to be in micro molar [45]. Compared to the results
presented in this work, all the calculated Ki were found to be
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in nano molar (Table 5). Tis suggests the selected hit
molecules have the potential of inhibiting 5αR-2.

Ligand efciency (LE) is the ratio of binding energy to
the number of heavy atoms in a ligand and its computation is
useful in selecting promising molecules from a library of
chemical compounds [111, 112]. Mathematically, LE was
calculated using equation (2) where BE is binding energy
and NHA is the number of heavy atoms [112].

LE �
−BE
NHA

. (2)

For lead-like molecules, the accepted range of values for
potential compounds is LE< 0.3 [109]. Te proposed hit
molecules were however found to have LE> 0.3 (Table 5).
Tis notwithstanding, they still possess the chance of being
lead-like as a previous study identifed potential drug can-
didates with LE greater than the threshold [109]. Conse-
quently, lead optimization is likely to reduce the LE to within
the acceptable range [109].

To overcome the challenges associated with identifying
lead-like molecules based on size-dependent variables, li-
gand efciency scaling (LE_Scaling) employs the expo-
nential function in the computation of a ligand to be lead-
like [113]. Te mathematical relation in equation (3) [45]
was used in calculating LE_Scaling where NHA is the
number of heavy atoms.

LE Scaling � 0.873e− 0.026×NHA
− 0.064. (3)

For a ligand to be promising, LE_Scaling is expected to
be lower than 0.3. Te observed values of LE_Scaling for the
de novo designed hits were slightly higher than 0.3 except for
A2 which recorded LE_Scaling of exactly 0.3 (Table 5).
Compared to the control, only A9 (0.380) showed
LE_scaling higher fnasteride (0.369).

Fit quality (FQ), a parameter dependent on
LE_Scaling making it size-independent was computed to
measure how frmly the ligand binds in the active site of
the target protein [109]. Te computation of FQ was
evaluated using the expression in the following equation
[45, 109]:

FQ �
LE

LE Scale
. (4)

For optimum ligand binding, it is recommended that
FQ> 0.8 [109]. Te predicted hit molecules and fnasteride
recorded FQ above 0.8 implying stable protein–ligand
complexes.

Ligand-Efciency-Dependent Lipophilicity (LELP) as-
sesses the potential of a ligand to be lead-like by comparing
the binding energy of the compound to lipophilicity [114].
LELP, therefore, adduces the potency of a ligand to binding
energy and lipophilicity [114]. Te mathematical relation in
equation (5) [114] was used for the computation of LELP
where logP is the lipophilicity.

LELP �
logP

LE
. (5)

For a ligand to be potent and promising, LELP should be
greater than 3 [109]. All the selected hit compounds together
with fnasteride recorded a LELP above 3. Tis suggests the
identifed ligands to be potent and hence show promise for
BPH treatment targeting 5αR-2.

3.9. Molecular Dynamics Simulations Studies. To ascertain
the relative stability of the protein–ligand complexes,
100 ns molecular dynamics simulations were run for the hit
compounds with low binding energies (A1, A2, A3, and
A4) with fnasteride, a known drug for BPH treatment as
the control. Te RMSD, RMSF, Rg, and SASA trajectories
were analyzed in this study. To assess the efects of

Table 4: Biological activity predictions of the selected hit compounds using PASS.

Hits
BPH treatment

5alpha
reductase
inhibitor

Prostate
disorder
treatment

Anticancer
agents

Alopecia
treatment

Anti-
infammatory

Pa Pi Pa Pi Pa Pi Pa Pi Pa Pi Pa Pi
A1 — — — — — — 0.732 0.004 — — — —
A2 — — — — — — 0.215 0.068 — — — —
A3 — — — — — — 0.516 0.067 — — 0.403 0.094
A4 — — — — — — 0.339 0.131 — — 0.310 0.152
A5 — — — — 0.188 0.176 0.192 0.055 — — 0.254 0.208
A6 — — — — — — 0.205 0.088 — — — —
A7 — — — — — — 0.811 0.010 0.289 0.213 — —
A8 0.090 0.077 0.034 0.027 — — — — — — 0.418 0.087
A9 0.127 0.052 0.033 0.029 0.361 0.050 — — — — — —
A10 — — — — 0.272 0.093 0.352 0.015 — — — —

Table 5: Quality parameters including Ki, LE, Le_Scale, FQ, and
LELP for the de novo designed hit compounds.

Compound B.E Ki (nM) LE LE_Scale FQ LELP
A1 −12.9 0.349 0.430 0.336 1.280 9.930
A2 −12.8 0.686 0.370 0.300 1.233 14.568
A3 −12.6 1.89 0.360 0.306 1.176 12.889
A4 −12.6 0.686 0.382 0.306 1.248 10.340
A5 −11.9 0.413 0.440 0.347 1.268 15.159
A6 −11.6 3.13 0.390 0.336 1.161 2.205
A7 −11.4 4.39 0.380 0.336 1.131 9.974
A8 −10.8 12.09 0.350 0.326 1.074 10.886
A9 −10.4 23.75 0.400 0.380 1.053 11.175
A10 −10.1 39.41 0.350 0.347 1.009 5.314
Finasteride −9.8 65.39 0.363 0.369 0.984 9.063
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perturbation on the protein backbone and hence the sta-
bility of same [115, 116], the RMSD was determined and
plotted. Consequently, from the RMSD plot it was observed
that all the complexes including the fnasteride attained
equilibration between the range 0.3 and 0.5 nm
(Figure 5(a)). Moreover, fnasteride achieved stability with
higher RMSD compared to A4 with the rest of the hit
compounds recording low RMSD values. Te probability
distribution function (PDF) analysis revealed that the
fnasteride complex attained stability with a RMSD
threshold of 0.42 nm (Figure 5(b)) comparable to the A3
and A4. However, the hit compounds A1 and A2 achieved
stability with an average RMSD of 0.3 nm (Figure 5(b))
lower than that recorded for fnasteride. Te lower RMSD
of A1 and A2 compared to fnasteride, A3 and A4 suggest
that the proposed molecules A1 and A2 attained stability
with lower RMSD throughout the simulation period. Tis
notwithstanding, overall, the complexes equilibrated and
remained stable throughout the simulation.

Te interactions between the amino acid residues in the
binding site of the protein and ligand result in the stability of
the protein–ligand complex [117]. Te RMSF which de-
termines the contributions of each amino acid in the binding
site to the stability of the complex was measured and plotted.
Generally, regions with higher fuctuations in the RMSF plot
reveal the amino acids that contributed most towards the
stability of the complex [118]. From the RMSF plots, all the
complexes including fnasteride were observed to show
similar trajectories with major fuctuations occurring in the
range 40–50, 65–75, 95–105, and 170–180 (Figure 6). Tis is
corroborated by the docking results suggesting amino acid
residues within this range to be critical for ligand binding
and complex stability. A study to elucidate the structure of

5αR-2 reveals similar amino acid residues to be responsible
for the stability of the 5αR-2-abduct complex [3].

Te radius of gyration (Rg) which determines the
compactness of the protein–ligand complex [72] was
computed and plotted. From the Rg graph, it was observed
that while A1 and A2 showed similar trajectories with an
average Rg of 1.82 nm, that of A3 and A4 exhibited a similar
trend with an average Rg of 1.775 nm (Figure 7(a)).
Finasteride, on the other hand, followed the same trajectory
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Figure 5: Te RMSD analysis of 100 ns trajectory of the protein-hit complexes with fnasteride as the control: (a) RMSD for all the
complexes; (b) PDF of RMSD for all the complexes.
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but this time with a lower average Rg of 1.75 nm. Conse-
quently, the PDF analysis revealed that all the complexes
including fnasteride recorded an average Rg of 1.75 nm
(Figure 7(b)) confrming the compactness of the ligands.

Next, solvent accessible surface area (SASA) was eval-
uated to determine the efects of the solvent behavior on the

stability of the protein–ligand complexes [119, 120]. From
the SASA graph, it was observed that all the protein–ligand
complexes showed similar trajectories with an average SASA
value of 115 nm2 (Figure 8(a)). From the corresponding PDF
graph, while fnasteride recorded an average SASA of
111.0 nm2 (Figure 8(b)), the proposed hit molecules showed
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Figure 7: Te Rg analysis of 100 ns molecular dynamics simulations of the hit complexes and fnasteride: (a) Rg plot for the four selected
complexes; (b) PDF of Rg for the selected lead compounds.
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Figure 8: Te SASA analysis of 100 ns molecular dynamics simulations of the hit complexes and fnasteride: (a) SASA plot for the four
selected complexes; (b) PDF of SASA for the selected lead compounds.

14 Journal of Chemistry



average SASA values of 112.1, 115.7, 116.5, and 112.8 nm2

(Figure 8(b)) for A1, A2, A3, and A4, respectively, suggesting
the hydrophobic interactions enhanced complex stability for
the protein–ligand complexes.

Apart from hydrophobic interactions, hydrogen bond-
ing interactions are known to stabilize protein–ligand
complexes. Pursuant to this, the number of hydrogen
bonding found to infuence the stability of the pro-
tein–ligand complexes were computed and plotted. Overall,
the number of hydrogen bonding was observed to be be-
tween 0–1, 0–2, 0–2, and 0–4 (Figure 9) for A2, A1, A4, and
fnasteride, respectively. Interestingly, A3 did not record any
hydrogen bonding interactions throughout the simulation
period suggesting hydrophobic interactions solely, en-
hancing the complex stability.

3.10. MM-PBSA Calculations for the Evaluation of Potential
Leads. Te free energy of binding (ΔGbind), van der Waals
interactions energy (ΔGvdW), electrostatic energy (ΔGele),
polar solvation energy (ΔGpol,sol), and nonpolar solvation
energy (ΔGSASA) associated with the protein–ligand com-
plexes [121, 122] were computed using MM-PBSA tech-
nique. Negative free energy of binding signifes an afnity for
the ligand towards the protein, hence a high negative ΔGbind

implies a stable protein–ligand complex [72, 123]. All the
selected hit compounds were shown to possess negative free
energy of binding corroborating results from the docking
studies suggesting stable protein–ligand complexes. Te
compound A1 with the lowest binding energy of −12.9 kcal/
mol from the docking studies was found to show free energy
of binding to be −139.740 kJ/mol lower than fnasteride
(−40.255 kJ/mol) (Table 6). On the other hand, ligand A3
recorded the lowest free energy of binding of −151.990 kJ/
mol compared to the other hit compounds as well as
fnasteride. Apart from A4 which recorded the highest free
energy of binding (Table 6), all the other ligands showed free
energy of binding lower than fnasteride. In addition, the
major contribution to the free energy of binding is in the
decreasing order ΔGvdW>ΔGele>ΔGSASA>ΔGpol,sol. Te
major contribution of the van der Waals interactions to-
wards the free energy of binding is attributed to possibly the
hydrophobic pocket of the target protein.

Te energy contribution of each of the amino acid resi-
dues toward the stability of the protein–ligand complexes was
computed. Generally, binding site residues which contribute
energies ≤−5 kJ/mol and energies ≥+5 kJ/mol [124] are
suggested to contribute meaningfully to the free energy of
binding for the protein–ligand complexes. Among the se-
lected hit compounds, A1 had residues Phe219, Phe223, and
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Figure 9: Te number of hydrogen bond interactions of the protein–ligand complexes during the 100 ns simulations for the fve ligands
comprising the hits (A1, A2, A3, and A4) and fnasteride.

Table 6: Te van der Waals interactions energy (ΔGvdW), electrostatic energy (ΔGele), polar solvation energy (ΔGpol,sol), nonpolar solvation
energy (ΔGSASA), and free energy of binding (ΔGbind) of the protein–ligand complexes.

Complex ΔGvdW (kJ/mol) ΔGele (kJ/mol) ΔGpol,sol (kJ/mol) ΔGSASA (kJ/mol) ΔGbind (kJ/mol)
A1 −150.598± 6.210 −11.400± 2.113 34.786± 2.346 −12.528± 2.091 −139.740± 4.973
A2 −114.398± 7.211 −1.077± 2.739 15.760± 5.281 −10.599± 6.910 −110.315± 5.521
A3 −168.555± 8.002 −6.851± 5.755 37.224± 3.098 −13.808± 7.242 −151.990± 6.298
A4 −79.227± 7.633 −155.486± 4.606 241.903± 4.363 −8.055± 4.998 −0.865± 7.997
Finasteride −51.518± 5.941 −30.599± 4.624 46.472± 6.810 −4.610± 5.099 −40.255± 5.940
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Leu224 (Figure 10) contributing the right energies to enhance
the stability of the protein–ligand complexes. A similar ob-
servation was made for the A2 and A3 which had Phe223 and
Leu224 (Supplementary Figures S3a and S3b) contributing
energies ≤−5 kJ/mol or ≥+5 kJ/mol for the stability of the
complex. Altogether, the majority of the amino acid residues
contributed energies that improved the stability of the ligand
binding. Particularly, hydrophobic interactions with Phe219,
Phe223, and Leu224 and hydrogen bonding with Glu57
enhanced protein–ligand stability which is supported by the
results from the docking studies.

4. Conclusion

Te number of men especially those with ages above 50 years
whose quality of life is impeded due to BPH is increasing at
an alarming rate. Surprisingly, the few chemotherapeutic
agents available are expensive, scarce, and exhibit worrying
toxicity efects. A concerted efort from the drug discovery
hub to identify more potent 5αR-2 inhibitors to curtail BPH
is urgently needed. Terefore, the current work employed
scafold hopping, fragment-based design, molecular dock-
ing, and molecular dynamics simulations in the identifca-
tion of ten potential 5αR-2 inhibitors. Te selected
compounds recorded binding energies between −10 and
−13 kcal/mol, lower than fnasteride but comparable to
dutasteride. Te results from the docking studies were
corroborated with that of molecular dynamics simulations
analysis and MM-PBSA calculations identifying amino acid
residues Glu57, Phe219, Phe223, and Leu224 to be critical for
ligand binding. Te physicochemical and pharmacological
profling predicts the compounds to possess the potential to
be drug-like with no signifcant toxicities. Results from the
quality parameter calculations show the compounds to be
potent and promising as LELP computations for all the hit
compounds were found to be greater than 3. Biological
activity and exploration predictions espouse the potential of
the hit compounds in attenuating 5αR-2 for BPH treatment.

Te predictions of the hit compounds (A5, A8, and A9) as
being associated with BPH and prostate disorder treatments
through 5αR-2 inhibition suggest the potential of the ligands
and hence warrant experimental authentication.
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Supplementary Materials

Supplementary Table 1 provides the scores of superimposed
compounds identifed by scafold hoping of fnasteride (in
red) and dutasteride (in green). Supplementary Table 2 shows
the binding energies and intermolecular interactions between
5αR-2 target protein and the ten predicted scafolds as well as
the known drugs. Supplementary Figure S1 is the 2D in-
teractions of 5αR-2-scafold hopped ligand complexes (la-
beled (a) SH1, (b) SH2, (c) SH3, (d) SH4, (e) SH5, (f) SH6, (g)
SH7, (h) SH8, (i) SH9, (j) SH10, (k) testosterone, (l) fnas-
teride, and (m) dutasteride) as visualized in Discovery Studio.
Supplementary Figure S2 also show the 2D interactions of
5αR-2- de novo designed ligand complexes (labeled (a) A2, (b)
A3, (c) A4, (d) A5, (e) A6, (f) A7, (g) A8, (h) A9, (i) A10, and
(j) legend of interactions) as visualized in Discovery Studio.
Supplementary Figure S3 provides the per-residue energy
decomposition trajectory showing the energy contributions of
the various amino acid residues towards the stability of 5αR-
2-ligand (identifed as (a) A2, (c) A3, (d) A4, and (e) fnas-
teride) complexes. Supplementary Table 3 shows the toxicity
profles of identifed hit compounds as predicted by OSIRIS
Data Warrior and ProTox II. (Supplementary Materials)
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