Journal of Proteins and Proteomics (2021) 12:213-226
https://doi.org/10.1007/s42485-021-00069-8

ORIGINAL ARTICLE q

Check for
updates

Identification of effective and specific serotonin,; receptor ligands
by structure-based virtual screening and molecular dynamics

Bhawani Prasad Bag' @ - Sameer Saurava Prusty? - Amiya Kumar Patel’

Received: 22 April 2021/ Revised: 26 June 2021 / Accepted: 7 July 2021 / Published online: 15 July 2021
© The Author(s), under exclusive licence to Springer Nature Singapore Pte Ltd. 2021

Abstract

The serotonergic systems are the most important therapeutic targets for neurological disorders. Many serotonergic drugs have
been used to treat neurological disorders, which are well known for their adverse side effects because of the off-target interac-
tions. Development of selective ligands for a specific target is the suitable approach to minimize the off-target interactions
and side effects. To identify selective ligands for serotonin 1B receptor (5-HTgR), the structural analogs of inverse agonist
methiothepin (MT) and natural products were screened against 5-HT gR and other 5-HTR subtypes (5-HT,4R, 5-HT R,
and 5-HT,cR). In the present study, five compounds were selected out of 9963 screened compounds having higher binding
affinity with 5-HT zR over other 5-HTRs. Amongst them, ZINC31166967 and ZINC31162553 exhibited relatively higher
binding affinity towards 5-HT,zR with the binding energy of — 10.1 and — 9.1 kcal/mol, respectively. The pharmacoki-
netic assessments considered them safe and non-toxic. Molecular dynamics (MD) simulation revealed the stability of these
compounds within the active site of the receptor. The overall analysis suggested that ZINC31166967 and ZINC31162553
may be considered as the selective ligands for 5-HT,zR. However, detailed experimental investigations will be required to
substantiate the findings.

Keywords Serotonin receptor - 5-HT, receptor - Natural products - Drug-like molecules - Virtual screening - MD
simulation

Introduction

The G protein-coupled receptors (GPCRs) are the larg-
est family of cell surface receptor proteins in mamma-
lian genome (Fredriksson et al. 2003) and are targeted by
approximately 34% of the Food and Drug Administration
(FDA) approved drugs (Hauser et al. 2018). Amongst all,
serotonin (5-hydroxytryptamine or 5-HT) receptors have
been considered as suitable therapeutic targets because of
their association with diverse signaling pathways related to
several physiological and behavioral functions (Berger et al.
2009). The serotonin 1B receptors (5-HT,zRs) are involved
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in locomotion, sleep, thermoregulation, mood disorder, pain
modulation, impulsivity, aggression, memory and learning
(Cao et al. 2013; Tiger et al. 2018; Lanfumey and Hamon
2004; Sari 2004). Upon agonist binding, 5-HT R is nega-
tively coupled with G, family of proteins and inhibits ade-
nylyl cyclase (AC) that leads to decrease in the formation
of cyclic adenosine monophosphate (cAMP) and conse-
quently, results in the reduction of 5-HT release. In contrast,
the selective antagonist binding increases 5-HT release in
synaptic cleft which is the basis of designing of the poten-
tial antidepressant drugs (Yin et al. 2018). The 5-HTgR
agonists are being used clinically as antimigraine drugs and
potential therapeutics for anti-aggressive, bipolar disorder,
gastric motor effects, and autism. On the other hand, antago-
nists are considered effective antidepressant agents (Slassi
2002).

Many serotonergic drugs show adverse side effects
because of the off-target interactions. Thus, attention to
the development of selective agonists and antagonists for
5-HTgR has been increased enormously. It is challeng-
ing to design subtype-specific serotonergic ligands due to
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high sequence similarity/identity and structural conserva-
tion among the 5-HT receptors. Many crystal structures of
5-HT xR, 5-HT,,R, 5-HT 3R, and 5-HT,cR complexed
with agonists and antagonists have been reported (Yin
et al. 2018; Wang et al. 2013; Kimura et al. 2019; Kim
et al. 2020; Wacker et al. 2013, 2017; McCorvy et al. 2018;
Peng et al. 2018). The comparative structural analysis of
5-HT 3R and 5-HT,zR supplements valuable information
for subtype selectivity (Wacker et al. 2013; McCorvy and
Roth 2015). The 5-HT zR in complex with inverse agonist
methiothepin (MT) provides the structural understanding
of ligand-induced repression activity of the receptor (Yin
et al. 2018). Evaluation of chemical activities of different
compounds against specific receptors using in silico tech-
niques is widely used and accepted approach in pharma-
ceutical industries. The objective of the present study is to
identify the specific and effective ligands for 5-HT 3R with
minimal side effects based on the inverse agonist structure.
To find selective 5-HT 3R ligands, several compounds were
screened based on properties similar to inverse agonist MT
and natural compounds collected from the ZINC database
against the orthosteric binding sites of 5-HTzR and other
5-HTRs. Besides, the results were compared with the bind-
ing affinities of known 5-HT R antagonists.

Computational details
Preparation of receptor proteins and ligands

The crystal structures of 5-HT gR (PDB ID: 5V54) (Yin
et al. 2018), 5-HT,,R (PDB ID: 6A93) (Kimura et al.
2019), 5-HT,5zR (PDB ID: 41B4) (Wacker et al. 2013), and
5-HT,cR (PDB ID: 6BQG) (Peng et al. 2018) were retrieved
from Protein Data Bank (http://www.rcsb.org/) (Berman
et al. 2000). All the nonprotein atoms and fusion protein
insertion were removed from all the receptor proteins and
processed before molecular docking. The missing residues
in extracellular loop 2 (ECL2) (AEEEV) and ECL3 (KDAC)
of 5-HT,zR were modeled using a loop modeling database
by Chimera 1.11 and Modeller (Pettersen et al. 2004; Webb
and Sali 2016). The polar hydrogen and Kollman charges
were assigned to the receptor protein using AutoDock Tools.

Two sets of ligands were used to identify the effective and
specific potential candidates for 5-HT,zgR. The first data-
set (DS1) comprises drug-like molecules having properties
similar to inverse agonist MT. The drug-like molecules with
molecular weight (MW) ranging from 340 to 390 g/mol,
octanol/water partition coefficient (logP): 1.5-5, net charge:
— 1-1, rotatable bond: 0-8, hydrogen donors: 0—6, hydrogen
acceptors: 0-8, polar surface area: 30-70 (Az), polar des-
olvation: — 20-1 kcal/mol, apolar desolvation: 5-30 kcal/
mol were acquired using properties search option of ZINC12
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database (https://zinc12.docking.org/) (Irwin et al. 2012).
The second dataset (DS2) consists of natural products from
the different sub-databases available in ZINC database (Ster-
ling and Irwin 2015). The downloaded molecules were mini-
mized with universal force field (UFF), a non-reactive classi-
cal force field that contains parameters for every atom of the
periodic table (Rappé et al. 1992; Jaillet et al. 2017) using
PyRx tool (Dallakyan and Olson 2015). All the minimized
ligands were converted to.pdbqt format for virtual screening.

Virtual screening

A total of 9963 compounds were virtually screened using
AutoDock Vina (Trott and Olson 2010). The screened com-
pounds comprised drug-like molecules similar to MT (4970
candidates) and natural compounds (4993 candidates) from
the ZINC database. Since MT binds deep into the hydro-
phobic orthosteric binding pocket of 5-HT,gR, all the
selected compounds were docked to the orthosteric binding
pocket. To identify the selective molecules for 5-HT R,
they were further docked to other 5-HTR subtypes such
as 5-HT,,R, 5-HT,gR, and 5-HT,R. A grid box of size
18 Ax20 Ax22 A (x, y, z dimension) centered at — 7.494,
— 17.962, and 23.548 A was used for 5-HTgR. Similarly,
the grid box size of 24 Ax22 Ax20 A centered at 15.775,
0.734, 59.499 A for 5-HT,,R, 18 Ax 18 Ax20 A centered
at 23.59, 16.17, 7.031 A for 5-HT 4R, 24 Ax22 Ax24 A
centered at 22.238, 33.962, 55.13 A for 5-HT,cR were
set. The grid spacing was set to 1 A. The compounds with
higher binding affinities than MT against 5-HT 3R and lower
affinities for other 5-HTRs were identified and analyzed for
predictive pharmacokinetics and toxicological activities.
Molecular interactions were visualized and the plots were
generated using Chimera 1.11 and LigPlot + (Pettersen et al.
2004; Laskowski and Swindells 2011).

Drug-likeness and ADMET analysis

Lipinski’s rule of five (ROS) (Lipinski 2004) and fragment-
based method (Sander et al. 2015) was adopted to determine
the drug-like properties of all the selected compounds. Prop-
erties like absorption, distribution, metabolism, excretion,
and toxicity (ADMET) were analyzed using admetSAR 2.0
(Yang et al. 2019) and DataWarrior 5.2.1 (https://openm
olecules.org/) (Sander et al. 2015). The admetSAR 2.0 server
has over 200,000 experimental data for 96,000 unique com-
pounds and more than 40 computational models to predict
ADMET properties (Yang et al. 2019). The server evaluates
drug-likeness of a compound from different ADMET prop-
erties such as human intestinal absorption (HIA), Caco-2
permeability (Caco-2), blood-brain barrier (BBB), organic
cation transporter protein 2 inhibitor (OCT?21i), P-glycopro-
tein inhibitor and substrate (P-gps and P-gpi), cytochromes
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P450 (CYPs) substrates and inhibitors, Ames mutagenesis,
carcinogenicity, acute oral toxicity (AOT), etc. The pre-
dicted properties were described by words or values asso-
ciated with a probability that denotes the accuracy of the
features. DataWarrior is an interactive data visualization
and analysis program, which predicts molecular properties
such as MW, logP, water solubility (logS), and topologi-
cal polar surface area (TPSA) from chemical structures. It
also predicts major toxicological features like mutagenicity,
tumorigenicity, irritating effects, and reproductive effects.
DataWarrior computes fragment-based drug-likeness score
using a data set of 5300 distinct sub-structure fragments
generated from drugs and commercially available chemical
blocks. The drug-likeness score (d) was calculated by the
following equation:

NG

where ‘v, is the score value of sub-structure fragment under
observation and ‘n’ is the fragment count. A positive score
indicates that the compound of interest has sub-structure
fragments often present in commercially available drugs
(Sander et al. 2015). In this study, the pharmacokinetic
properties such as HIA, Caco-2, BBB, CYP2D6 inhibition,
Ames mutagenesis, AOT, carcinogenicity, and biodegrada-
tion were analyzed.

d

Molecular dynamics (MD) simulation

The binding stability of the efficiently docked complexes
was analyzed through MD simulation for 100 ns time scale
using GROMACS 2019 (Abraham et al. 2015). The topol-
ogy of 5-HTzR was generated using GROMOS96 53a6
force field (Oostenbrink et al. 2004; Shukla et al. 2019,
2018). GROMOS96 53a6 force field is widely used to cal-
culate solvation free energy of amino acid side chains and
in protein simulations (Oostenbrink et al. 2005). Molecular
topologies and coordinates of the selected compounds were
generated by PRODRG server (Schiittelkopf and Aalten
2004). Each system was solvated with simple point charge
(SPC) water model in a cubic box of 1.4 nm dimensions and
neutralized with appropriate ions. Energy minimization was
performed using the steepest descent algorithm to remove
steric clashes. The accuracy of short-range interactions dur-
ing the simulation suffers because of the long-range interac-
tions. GROMACS uses several methods such as the Ewald
summation method (Hummer 1995), Particle Mesh Ewald
(PME) method (Essmann et al. 1995), and Particle—Parti-
cle*** Particle-Mesh (PPPM) method (Deserno and Holm
1998) to calculate long-range interactions during the com-
putation. PME has been widely used method because of its
low computational complexity (Zhang et al. 2019), which

was used in the study to handle the long-range electrostatic
interactions with a cut-off of 1.2 nm. The hydrogen bond
lengths were constrained using LINear Constraint Solver
(LINCS) algorithm (Hess et al. 1997). The LINCS algorithm
resets bonds to their correct lengths in two steps following
an unconstrained update. First, the new bonds’ projections
on the old bonds are set to zero. Then, a correction for bond
lengthening due to rotation is applied. The LINCS algorithm
is more stable, 3—4 times faster than the SHAKE algorithm,
and suitable for large molecules (Hess et al. 1997). The equi-
libration for each system was carried out in the constant
number of particles, volume, and temperature (NVT) and
the constant number of particles, pressure, and temperature
(NPT) conditions for 10 ns. The temperature and pressure
coupling parameters were V-rescale and Parrinello-Rahman
method, respectively (Bussi et al. 2007; Parrinello and Rah-
man 1981). The V-rescale algorithm is a modified Berendsen
thermostat using velocity rescaling with an additional sto-
chastic term that ensures proper canonical ensemble (Bussi
et al. 2007). The MD cell in Parrinello-Rahman method
is allowed to change its shape and volume to comply with
the structural phase transition using a Lagrangian formula-
tion (Parrinello and Rahman 1981). Finally, all the equili-
brated systems were subjected to 100 ns MD simulation. All
processes were carried out in triplicates to minimize error
and ensure the stability of the systems. The average values
were used for the analysis. The root mean square deviation
(RMSD), root mean square fluctuation (RMSF), the radius
of gyration (Rg), solvent accessible surface area (SASA),
and total numbers of hydrogen bonds were calculated from
the trajectory files.

Results and discussion

A total of 9963 compounds (analogs of MT and natural com-
pounds) were virtually screened against the orthosteric bind-
ing pocket of 5-HT R and subsequently against 5-HT, 4R,
5-HT,zR and 5-HT,:R to identify the receptor-specific
ligands. All the compounds were downloaded from ZINC
database, a free public database consisting of ready-to-dock
commercially available compounds (Irwin et al. 2012; Ster-
ling and Irwin 2015). The key residues of the binding pocket
of 5-HTRs are shown in Table 1. The Ballesteros—Wein-
stein numbering is used to represent the binding site residues
(Ballesteros and Weinstein 1995).

Virtual screening and docking studies
Virtual screening was performed using AutoDock Vina and
the key residues of binding pockets were kept within the

screening space. For each compound, twenty distinct poses
were generated and the best pose was selected based on

@ Springer



216

Journal of Proteins and Proteomics (2021) 12:213-226

Table 1 Important residues involved in the binding pocket of 5-HT gR, 5-HT,,R, 5-HT,3R and 5-HT,-R

Receptor PDBID Ligand Binding Pocket*
Orthosteric and extended pocket residues

5-HT,;  5V54 W125328, L126>%, D129%%2, 1130>%, C133336, T134%%7, V200ECL2, v201ECL2, T203ECL2, Y2088, T2097%, §212542,
A216%46, W327648 F330551 F331652, §334535 M3376-%8, P3385-%%, F35175, D3527%, T3557%, Y359743

5-HT,, 6A93 S1312%1, W151328, D155%32, V156°33, S1593%, T160>%, 1163337, 1.228EL2, 1.2208CL2 v235539, 5238342, §242546,
F243547 F33264 'W336548, F339551, F340%32, 1.3627%, N3637%, V3667, Y3707

5-HT,;  4IB4 W1313% L1323, D135%%, V136>, $139°36, T140%%7, v208ECL2 L20952, K211E°L2 F217538 M218°%, G221°42,
A2257%, W337°4%, F3400, F3410°2, N3446%5, 1.347%%%, v348%%, 1.3627 %, E3637, V366, Y3707

5-HT,c  6BQG  WI30°%, D134, V135°, $138°%, T139%%7, V2082, 209512, F214°%, V215°%, G218, A22274%, W324%4%,

F327031 F328092 N3310, §334%38 V33555 1350735, N3517%, V35473, Y358743

*Data source (Yin et al. 2018; Kimura et al. 2019; Wacker et al. 2013; Peng et al. 2018). Superscripts refer to the Ballesteros-Weinstein number-

ing scheme (Ballesteros and Weinstein 1995)

binding energy and hydrogen bond interaction. The results
of virtual screening were filtered in multiple steps to identify
the selective ligands for 5-HTzR. The overall methodology
is demonstrated in Fig. 1.

All the 9963 compounds, MT, and zotepine were screened
against 5-HT zR and the binding energies were recorded.
The binding energy of MT was found to be — 8.8 kcal/
mol. A total of 190 drug-like and 1543 natural compounds

Dataset-1 (4999 Compounds)
(ZINC Drug-li}(e compounds)

Redundant data removed

\
4970 compounds

Virtual screening F

AutoDock Vina e ceOr
Docking score

< -8.8 kcal/mol

190 compounds
I
DataWarrior Analysis:
Positive drug-likeness score

}

72 compounds

DataWarrior Analysis:
Clean molecules

|

Orthosteric
binding pocket

Binding affinity methiothepin (MT)
-8.8 kcal/mol

Extracellular

Extended \,

with higher affinities than MT were selected. The selected
compounds were scrutinized for drug-likeness score using
DataWarrior. A total of 392 compounds were found to have
a positive drug-likeness score. Out of 392 compounds, 46
drug-like and 209 natural compounds were recognized as
cleaned molecules based on the toxicity risk assessments. To
identify the selectivity of 5-HT,zR over other 5-HTRs, these
compounds were further docked with 5-HT, R, 5-HT,zR

Dataset-2 (5004 Compounds)
(Natural products from ZINC)
]

Redundant data removed

¥
4993 compounds

Virtual screening
Docking score AutoDock Vina
» < -8.8 kcal/mol
1543 compounds
|
DataWarrior Analysis:

Positive drug-likeness score

320 compounds

DataWarrior Analysis:
Clean molecules

|

46 compounds

DL Score > 2.5 with
high binding affinity

21 compounds S-HT,\R
5-HT,,R
5-HT,.R

209 compounds

DL Score > 2.5 with
High binding affinity
53 compounds
Ranking based on higher
affinity towards 5-HT,gR
and lower with other 5S-HTRs

@on of selective co@

Fig. 1 Schematic representation of overall workflow to identify selective ligands for 5-HT gR
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and 5-HT,-R. Compounds having higher binding affinity
with other 5-HTRs were discarded (Supplementary data
Table S1). Compounds with higher binding affinity with
5-HT,3R and drug-likeness score greater than 2.5 were
selected. Finally, five natural compounds (ZINC31166967,
ZINC31166959, ZINC31166963, ZINC13367860, and
ZINC31162553) and two drug-like compounds analog to
MT (ZINC54661486 and ZINC78877086) were identi-
fied and analyzed. The binding energies of the shortlisted
compounds against 5-HT zR varied between — 10.1 and
— 9.1 kcal/mol. The comparative binding energy chart of
the top-ranked compounds towards 5-HT 3R and other
5-HTRs is shown in Fig. 2. Site-specific docking results of
the selected compounds, MT, and zotepine with 5-HT zR
are listed in Table 2.

5-HT,5—MT and 5-HT,g-zotepine complexes

The binding energy of MT and zotepine were estimated to
be — 8.8 and — 8.4 kcal/mol, respectively. It is evident from
the study that MT formed one hydrogen bond with D129
(3.28 A), whereas zotepine formed two hydrogen bonds with

Fig.2 Cluster column repre-
senting binding energy (kcal/
mol) of the selected compounds
against 5-HT gR and other
5-HTRs (5-HT,,R, 5-HT,5R,
and 5-HT,cR)

N

(9]

Binding energy (kcal/mol)
o] )

$212 (3.33 A) and S334 (2.97 A). Besides, the complexes
were further stabilized through hydrophobic interactions
with various active site residues.

5-HT,g-natural compound complexes

The study revealed that ZINC31166967 displayed the
lowest binding energy of — 10.1 kcal/mol among all
the selected compounds. ZINC31166967 formed four
hydrogen bonds with $212 (2.97 A), T213 (3.2 A), S334
(2.81 A), and Y359 (2.67 A) of 5-HT gR. Additionally,
the residues W125, L126, 1130, C199, V200, V201,
F330, F331, M337, F351, D352, and T355 provided sta-
bility to 5-HT,z—ZINC31166967 complex through hydro-
phobic interactions (Fig. 3a). Both ZINC31166959 and
ZINC31166963 formed one hydrogen bond with residue
Y359 with the binding energy of — 10 and — 9.2 kcal/
mol, respectively (Fig. 3b, ¢). The hydrophobic interac-
tions between the ligand and different residues of orthos-
teric/extended binding site provided additional stability
to the complex. Since ZINC31166967, ZINC31166959,
and ZINC31166963 are conformational isomers,

Selected compounds

ZINC31166967 ZINC31166959 ZINC31166963 ZINC54661486 ZINC13367860 ZINC78877086 ZINC31162553

O | | |||
101 -10%7

10 289 87 84 87 87 85
-12
W 5-HT1B M 5-HT2A 5-HT2B M 5-HT2C
Table 2 Results of docking Compounds Binding energy Residue(s) involved in hydrogen  Distance A)
analysis of the selected (kcal/mol) bonding

compounds along with reference

inhibitor and antagonist with Drug-like and natural compounds

>-HT,gR ZINC31166967 —10.1 212, T213, $334, Y359 2.97,3.20,2.81,2.67
ZINC31166959 ~10 Y359 3.05
ZINC31166963 —92 Y359 3.09
ZINC54661486 —92 $212 2.85
ZINC13367860 —92 1130, T134 2.91,3.08
ZINC78877086 —91 5106, Y359 3.35,2.60
ZINC31162553 —91 D129, S212, $334, M337 2.91,2.97,2.87,2.93

Reference and known 5-HTgR antagonist

Methiothepin ~88 D129 3.28
Zotepine —84 $212, $334 3.33,2.97
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Fig.3 The poses and (a)
5-HT,g-ligand interactions for / F331
five selected natural com- e S
pounds a ZINC31166967, M337 S334§\J o 2133
b ZINC31166959, . ‘;é AR S
A 297

¢ ZINC31166963, d
ZINC13367860, and e
ZINC31162553. Selected com-
pounds are shown in ball and
stick form and binding pocket
residues are shown in wires.
Hydrogen bonds are indicated
by blue dashed line, while
hydrophobic contacts are shown
in red arc with spokes radiating
towards the ligand -

(b) |

Y359

ZINC31166959-5HT 5 complex

(d)

V201
7

ZINC31166967 was only considered for further analysis
because of lowest binding energy and highest number of
hydrogen bonds with the receptor. The interaction between
5-HT,;3—ZINC13367860 docked complex showed two
hydrogen bonds with 1130 (2.91 A) and T134 (3.08 A)
with binding energy of — 9.2 kcal/mol. In addition, the res-
idues Y109, W125, L126, C133, C199, V200, V201, F330,
F331, S334, F351, and T355 were involved in hydropho-
bic interactions stabilizing the complex (Fig. 3d). The
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D352
ZINC31166967-5HT,g complex

(c)

M337

F330
[,~7d
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” Y359
\

ZINC31166963-5HT g complex

Y109

M337

T134
C133 ,/

-_— e N

ZINC13367860-5HT,5 complex

S R08A i c133
11307
= T134

binding energy of ZINC31162553 towards 5-HTzR was
— 9.1 kcal/mol. ZINC31162553 interacted with 5-HT 3R
via four hydrogen bonds (D129, S212, S334, and M337
with the distance of 2.91 A, 2.97 A, 2.87 A, and 2.93 A,
respectively). The stability of the complex was further
supported by hydrophobic interactions with the residues
Y109, W125, 1130, C133, T134, 1180, V200, V201, W327,
F330, F331, F351, and T355 (Fig. 3e).
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Fig.3 (continued) (e)

5-HT,g-drug-like compound complexes

The study suggested that ZINC54661486 and
ZINC78877086 showed binding energy of — 9.2 and
— 9.1 kcal/mol, respectively. ZINC54661486 formed only
one hydrogen bond with S212 (2.85 A) and the hydrophobic
interactions with residues D129, 1130, C133, T134, V201,
T209, T213, A216, W327, F330, F331, S334, and T355 of
5-HT 3R (Fig. 4a). The 5-HT,3—ZINC78877086 complex
was stabilized with the formation of two hydrogen bonds by
residues S106 (3.35 A) and Y359 (2.6 A). Besides, residues
A216, F331, S212, C133, D129, T355, D352, W125, Y109,
F330, W327, V201, and 1130 were found to be associated
with hydrophobic interactions (Fig. 4b).

Further, ZINC31166967, ZINC54661486,
ZINC13367860, ZINC78877086, and ZINC31162553 were
selected for the pharmacokinetic assessments. The chemical
structures of the selected compounds are depicted in Fig. 5.

Drug-likeness and ADMET studies

The physicochemical and pharmacokinetic properties
play crucial role in the development of new drugs. All
the compounds with good binding affinity with 5-HT zR
were evaluated for drug-likeness and ADMET to elimi-
nate undesirable features. The physicochemical properties
such as MW, TPSA, logP, hydrogen bond acceptors (HA),
hydrogen bond donors (HD), and drug-likeness score were
assessed and listed in Table 3. The molecular weight of
ZINC31166967 and ZINC31162553 was found to be rela-
tively higher (515.65 and 514.62 g/mol, respectively) com-
pared to the suggested value (<500 g/mol). However, this
value is acceptable for natural compounds. TPSA of all
the selected compounds was found in the range of 59.23 to
150.39 A% TPSA describes the sum of PSA values of polar
fragment of a compound and is an important parameter

w125 e’ F351

3

Y293A
! “‘@3334
,2_'.9_7.; :
j/s‘mz

P
F330 §/\>}I11JJ80

(
P
( wszuf% s, Fas1

C133
ZINC31162553-5HTg complex

for the prediction of molecular permeability (Fernandes
and Gattass 2009). The recommended TPSA cut-off is
140-150 A2 (Lipinski 2008). The percentage absorption
(%Abs) was calculated using the following equation (Zhao
et al. 2002; Bhowmik et al. 2021):

%Abs = 109(0.345 x TPSA).

The %Abs of all the selected compounds were found
to be relatively lower compared to MT and zotepine.
The study suggested that ZINC31166967 (65%) and
ZINC31162553 (57.1%) showed lower %Abs, because of
their higher MW, HA and HD moieties. However, all the
compounds showed %Abs greater than 50%, which sug-
gested good bioavailability exhibited by the compounds.
The LogP value determines the solubility and permeability
of a molecule. The LogP values of these compounds were
found to be less than 5 (range 2.06-3.86), which suggested
their good permeation and distribution in biological sys-
tem. The physicochemical evaluation revealed that all the
selected compounds showed suitable drug-like properties.
The pharmacokinetic properties were examined and listed
in Table 4 and Table S2 (Supplementary data). The oral
bioavailability of a drug is preliminary controlled by intes-
tinal absorption. The admetSAR predicted values were
labeled as HIA + (absorbable) or HIA- (nonabsorbable).
All the compounds displayed good intestinal absorption
with probability ranging from 0.95 to 0.99. The Caco-2
cell line model is also widely used for the prediction of
human intestinal absorption (Hou et al. 2004; Pham The
et al. 2011). All the compounds showed negative Caco-2
permeability except ZINC54661486 and ZINC13367860.
The BBB permeability is a significant aspect to be con-
sidered in drug discovery. Neuroactive drugs must cross
the BBB (BBB +), whereas peripherally acting drugs
must not cross the BBB (BBB-) to avoid unwanted central
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Fig.4 The poses and 5-HT z—
ligand interactions for two
selected drug-like compounds
a ZINC54661486 and b
ZINC78877086. Selected com-
pounds are shown in ball and
stick form and binding pocket
residues are shown in wires.
Hydrogen bonds are indicated
by blue dashed line, while
hydrophobic contacts are shown
in red arc with spokes radiating
towards the ligand
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ZINC78877086
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Fig.5 Chemical structure of the selected compounds
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Table3 Physicochemical Dataset Compounds MW  TPSA LogP HA HD NLV %Abs DL

properties and drug-likeness of

the selected compounds DS2 ZINC31166967 515.65 12753 3.10 8 4 1 65.00 3.342
DSI ZINC54661486 34021 5923 386 5 0 0 88.56  7.329
DS2 ZINC13367860 429.46 9023 281 6 3 0 77.87  2.686
DS1 ZINC78877086 34021  68.02 3.18 5 1 0 85.53  4.325
DS2 ZINC31162553 514.62 15039 206 9 4 1 57.11  3.849
Methiothepin (MT) 356.56  57.08 442 2 0 0 89.30 7.811
Zotepine 331.86 3777 467 2 0 0 9596 4.874

DS1 dataset-1, DS2 dataset-2, MW molecular weight (g/mol) (130-725), TPSA topological polar surface
area (A2) (<150 A?), logP predicted octanol/water partition coefficient (<5), HA hydrogen bond acceptor
(£10), HD hydrogen bond donor (<5), NLV number of Lipinski rule violation (< 1), %Abs absorption per-
centage (>50%), DL drug-likeness score

Table 4 Pharmacokinetics and

L . Dataset Compounds HIA CP BBB CI AM AOT BD

toxicity analysis of the selected

compounds DS2 ZINC31166967  + - + - - 3738 075
DS1 ZINC54661486 + + + - - 2.618 0.85
DS2 ZINC13367860 + + + - - 2.926 0.775
DS1 ZINC78877086 + - + - - 2.71 0.9
DS2 ZINC31162553 + - + - - 2.732 0.825
Methiothepin (MT) + + + + + 2.045 0.875
Zotepine + + + + - 2.824 0.925

HIA human intestinal absorption, CP caco-2 permeability, BBB blood-brain barrier, CI cytochrome P450
2D6 inhibitor, AM Ames mutagenesis, AOT acute oral toxicity (LDs, (kg/mol)), BD biodegradation

nervous system (CNS) side effects (Crivori et al. 2000).
The results showed that all the selected compounds can
cross the BBB with probability ranging from 0.82 to 0.98.
The human CYPs catalyze metabolism of many drugs and
inhibition leads to the inhibitory or inductive failure of
drug metabolism. The computational models in admet-
SAR are capable of predicting five major CYP isomers
(1A2, 2C9, 2C19, 2D6, and 3A4) inhibitors with high
accuracy (Cheng et al. 2011). It is evident from the study
that none of the selected compounds were found to be
potential CYP 2D6 inhibitor. Prediction of the toxicologi-
cal profiles has been a significant stage in the process of
drug design and discovery. Chemical toxicity leads to
mutagenicity, carcinogenicity, and other lethal biological
effects. The mutagenic potential of a compound is meas-
ured in terms of the bacterial reverse mutation assay, Ames
test. The admetSAR server predicts chemical mutagenic-
ity from a diverse compound database comprising 4866
mutagens and 3482 nonmutagens using machine learning
methods. The predictive accuracy of Ames mutagenic-
ity by the server is 0.843 (Guan et al. 2019). The study
suggested that none of the compounds were found to be
mutagenic or carcinogenic. The median lethal dose (LD5)
is the statistically derived dose required to kill 50% of
the test population (Walum 1998). The lower the LDs,
value of a compound, the compound is more lethal. In

this study, the predicted LDs, values of all the compounds
were observed to be relatively higher (ranging from 2.618
to 3.738 kg/mol) compared to the reference molecules.
Among them, ZINC31166967 exhibited the highest LDy,
value (3.738 kg/mol). The study revealed that these com-
pounds were predicted as non-lethal. Based on the docking
results and pharmacokinetic assessments, ZINC31166967,
ZINC78877086, and ZINC31162553 were selected for MD
simulation to analyze their molecular stability when com-
plexed with 5-HT zR.

MD simulation studies

MBD simulation was carried out to study the dynamic behav-
ior of unligated-5-HT gR and 5-HT z-ligand complexes
over a given period of time. The trajectories were analyzed
for the overall structural stability, residual fluctuations, com-
pactness, and expansion of protein upon interaction with the
selected compounds.

RMSD and RMSF analysis

To determine the conformational changes, the RMSD of
C,-atoms of all the systems were calculated. All the systems
were stabilized after initial perturbation and showed almost
steady-state dynamics (Fig. 6a). The unligated-5-HT,gR
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system was equilibrated after ~15 ns with an average
RMSD value of 0.488 nm. The average value of RMSD for
5-HT,z—MT and 5-HT,z—zotepine were 0.478 and 0.5 nm,
respectively. RMSD of 5-HT,;—MT showed equilibration
was attained at~ 10 ns and remained stable at~0.45 nm till
the end of the simulation. In case of 5-HT,z—zotepine, the
RMSD value was slightly increased to~0.58 nm at around
75 ns and continued till the end. The average RMSD value
of 5-HT,3—ZINC31166967, 5-HT ;—ZINC78877086, and
5-HT,3—ZINC31162553 were estimated to be 0.442, 0.686,
and 0.625 nm, respectively (Table 5). The RMSD plot of
the 5-HT z—ZINC31166967 showed that the system attained
equilibrium at~25 ns and remained stable with marginal
fluctuations between 65 and 82 ns. The study suggested
that 5-HT | 3—ZINC31162553 and 5-HT z—ZINC78877086
complex displayed comparatively higher RMSD value. The
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Table5 Average values of the RMSD, RMSF and Rg for the simu-
lated systems

System RMSD (nm) RMSF (nm) Rg (nm)

Unligated-5-HT;zR  0.488 +£0.0407 0.172+0.0889 1.947+0.0125

5-HT - 0.442+£0.0402 0.179+0.0950 1.935+0.0155
ZINC31166967

5-HT 53— 0.686+0.0894 0.244+0.1499 1.982+0.0204
ZINC78877086

5-HT 5~ 0.625+0.0631 0.232+0.1168 1.947+0.0270
ZINC31162553

5-HTzp-MT 0.478 £0.0475 0.203+0.1011 1.975+0.0170

5-HT g-Zotepine ~ 0.500+0.0562 0.201+0.1095 1.936+0.1192
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5-HT,;3—ZINC31162553 complex exhibited steady RMSD
value of ~0.67 nm after 45 ns. The RMSD value gradually
increased in 5-HT,3—ZINC78877086 and reached ~0.7 nm
at~25 ns and continued up to~ 50 ns. The value increased
further and persisted at~0.78 nm. The study revealed that
the 5-HT,53—ZINC31166967 complex was highly stable com-
pared to others throughout the entire simulation. The RMSD
of all the ligands was less than protein RMSD and found to
be between 0.1 and 0.2 nm except for MT, which showed
fluctuation up to~60 ns and converged to a constant value
of ~0.13 nm (Fig. 6b). The less ligand RMSD indicates
that the ligand was stable within the binding pocket of the
protein. The RMSD results suggested that ZINC31166967
among all the selected compounds formed a stable com-
plex with 5-HT R and retained overall stability throughout
100 ns of simulation.

The local residue flexibility was evaluated by calculat-
ing the RMSF of C_-atoms of all the systems. The helices
and sheets show less flexibility, while loops and turns show
higher flexibility (Shukla et al. 2020). The RMSF profiles
pointed out the regions of fluctuations in 5-HT 3R (Fig. 6¢).
The average RMSF value was found to be 0.172 nm
for unligated-5-HTgR, 0.203 nm for 5-HT;z—-MT, and
0.201 nm for 5-HT,z—Zotepine, respectively. Similarly,
5-HT,3—ZINC31166967, 5-HT z;—ZINC78877086, and
5-HT,3—ZINC31162553 system showed RMSF values of
0.179, 0.244, and 0.232 nm, respectively. ZINC78877086
caused more fluctuation upon binding with 5-HTzR as
compared to others. The average RMSF value of unligated-
5-HTgR and 5-HT z—ZINC31166967 were estimated to
be identical. The study revealed that most of the fluctua-
tions were observed in the loop regions (ECL1-ECL3 and
ICL1-ICL3) of the protein in all systems (Fig. 6¢). The
RMSF value of the orthosteric binding pocket residues
remained less than ~0.2 nm (Supplementary data Fig. S1).
The study suggested that the binding of ZINC31166967
to 5-HT gR showed less residue flexibility and hence
more stable compared to 5-HT,;z—ZINC78877086 and
5-HT,3—ZINC31162553 complex.

Rg, SASA and hydrogen bond analysis

The structural compactness of the protein—ligand complex was
determined by calculating the backbone Rg. The average Rg
value for unligated-5-HT gR, 5-HTz—MT, and 5-HT ;z—Zote-
pine were 1.947, 1.975, and 1.936 nm, respectively (Table 5).
The 5-HTz—ZINC31166967 and 5-HT;z—ZINC31162553
showed an average Rg value of 1.935 and 1.947 nm, respec-
tively (Fig. 7a), which was found to be similar to the unligated-
5-HT gR system. However, 5-HTz;—ZINC78877086 exhib-
ited relatively higher Rg value at~44-72 ns and stabilized
towards the end of the simulation with an average Rg value
of 1.982 nm. The unligated-5-HT,zR and complexes showed

almost similar Rg value, which suggested that the overall
structure and the compactness of the protein was not much
affected by ligand binding. It is evident from the study that
ZINC31166967 and ZINC31162553 formed comparatively
more stable and compact structure with 5-HT zR.

The solvent environment has an essential role in main-
taining the protein folding-unfolding dynamics and pro-
tein—ligand interactions. SASA was calculated to assess the
structural stability of the complexes under solvent condi-
tions. SASA values for unligated-5-HT gR, 5-HT ;z—MT,
and 5-HT,z—Zotepine were found to be 148.45, 152.13, and
153.16 nm? respectively, whereas the complex structure
of 5-HT 3—ZINC31166967, 5-HT 5;—ZINC78877086, and
5-HT,g—ZINC31162553 revealed average SASA values of
160.08, 154.12, and 159.02 nm?, respectively (Fig. 7b). The
binding of the selected compounds showed marginal expan-
sion in the 5-HT 3R conformation that allows more acces-
sibility and interaction with the solvents.

The specificity, adsorption, and metabolism of a drug
depend on the hydrogen bonds formed between the drug
and target protein. Total number of hydrogen bonds was cal-
culated from the MD trajectories to determine the binding
affinity of selected compounds and receptor protein. Both
MT and zotepine docked complexes displayed two hydro-
gen bonds, whereas the ZINC31166967, ZINC78877086,
and ZINC31162553 docked complexes showed the number
of hydrogen bonds between 0-8, 0-3, and 012, respec-
tively (Fig. 7c). The maximum number of hydrogen bonds
was observed in 5-HT,;3—ZINC31162553 followed by the
5-HT,p—ZINC31166967 complex. The number of hydro-
gen bonds remained steady throughout the simulation for
all the three docked complexes. The molecular docking,
SASA, and hydrogen bonding interaction studies indicated
that ZINC31166967 and ZINC31162553 fitted well within
the binding pocket and formed stable conformation through
hydrogen bonds and hydrophobic interactions. It is evident
from the study that the compounds ZINC31166967 and
ZINC31162553 exhibited relatively higher stable interac-
tions between the receptor and ligand complexes compared
to reference molecules such as MT and zotepine, which
indicated that the maximum region of 5-HT R accessible
to the solvent molecules supplementing higher hydrogen
bonds. In the case of ZINC31166967 and ZINC31162553,
ligand occupancy in the binding pocket is more because of
the bulkier group as compared to MT and zotepine (Sup-
plementary data Fig. S2).

Conclusion
The structural analogs of MT and natural compounds

were computationally screened against the binding pock-
ets of 5-HT 3R to identify the receptor-specific ligands.
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(SASA) and hydrogen bonds during the production MD simulation a
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Compounds with higher binding affinities than MT
(— 8.8 kcal/mol) were further docked with other 5-HTRs
(5-HT,,R, 5-HT,zR, and 5-HT,:-R) and compounds with
lower binding affinities towards these receptors were
selected. Out of all the screened compounds, five com-
pounds were found to be selective for 5-HT zR over other
5-HTRs. The binding energies of the selected compounds
with 5-HT 3R varied between — 10.1 and — 9.1 kcal/
mol. The ZINC31166967 showed the lowest binding
energy of — 10.1 kcal/mol among selected compounds.
Based on molecular docking and ADMET assessments,
three compounds (ZINC31166967, ZINC78877086, and
ZINC31162553) complexed with 5-HT zR were considered
for MD simulation to understand their structural stability.
The MD simulation analysis showed that ZINC31166967
and ZINC31162553 displayed reasonable structural sta-
bility within the binding pocket of 5-HT zR as evidenced
from RMSD, RMSF, SASA, and hydrogen bonding data.
Thus, the molecular docking, pharmacokinetics assessments,
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complexes b SASA plot of 5-HT,z-docked complexes ¢ Total number
of hydrogen bonds between ligands and 5-HT 3R

and MD simulation studies identified ZINC31166967 and
ZINC31162553 as 5-HT,gR selective ligands. However, a
comprehensive computational and experimental investiga-
tion is required to establish the selectivity of these com-
pounds, because 14 subtypes (including 5-HT;R) exist in
the 5-HTR family. Further, the study could be used to design
new derivatives to develop more specific and effective inhib-
itors for 5-HT zR.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s42485-021-00069-8.
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