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ABSTRACT: Parkinson’s disease (PD) is caused by the alteration of dopamine neurons in the basal
ganglia and results in motor symptoms such as tremor and bradykinesia. Activation of metabotropic
glutamate receptor 4 (mGluR4) has been shown to modulate neurotransmission in the basal ganglia
and results in antiparkinsonian effects in rodent PD models. There are numerous studies indicating
that a moderate consumption of red wine provides the protection against neurodegenerative diseases
due to the presence of phenolic compounds in wine. Studies have showed that polyphenols found in
grape seed extract affects the metabotropic glutamate receptor agonist response in group I mGlu
receptors. However, the molecular interaction and conformation between the wine polyphenol and
mGluR4 is not available. In our presented study, we designed the 3D model for mGluR4, performed
virtual screening and docking studies against wine polyphenols. Further we performed a molecular
dynamics simulation to study the conformation. We have proposed Myricitin compound which
showed the minimum energy score (—7.3 Kcal/Mol) considered as a potential positive allosteric

modulator for mGluR4.
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1. INTRODUCTION

Metabotropic glutamate (mGlu) receptors belong to the GPCR family and mediate slow, modulatory
neurotransmission of glutamate, the primary excitatory neurotransmitter in the mammalian brain [1].
The identified eight mGlu receptors (mGlul-mGlu8) have been categorized into three groups, I, II,
and I, based on sequence homology, second messenger coupling and pharmacological
characterization. The mGlu4 receptor together with mGlu6, mGlu7 and mGlu8 receptors belongs to
group 111 mGlu receptors, is a predominantly presynaptic receptor, regulating release of glutamate (as
an auto receptor) or GABA (as a heteroreceptor). As abnormalities in the balance of glutamate and
GABA neurotransmission have been linked to the etiology of several neuropsychiatric and movement
disorders, activation of the mGlu4 receptor may help to restore the balance between these two key
neurotransmission systems and lead to therapeutic outcomes. This activation has been considered as
a promising therapeutic approach for the treatment of Parkinson’s disease, anxiety, schizophrenia,
depression, chronic pain, epilepsy and addiction [2]. Three group 11l mGIuR subtypes (mGIuRs 4, 7,
and 8) are expressed in the basal ganglia, a group of brain nuclei that are involved in the control of
motor function and are critical to the motor deficits observed in Parkinson’s disease (PD). It is
interesting that activation of mGIuR4 reduces transmission at a key basal ganglia synapse
(striatopallidal synapse) that is believed to be overactive in patients with PD, and this effect is lost in
mGIuR4 knockout animals [3]. Due to the lack of selectivity of orthosteric ligands for the mGIuRs,
much effort has now been directed at identifying and examining the utility of compounds that act via
allosteric sites on the receptor. This strategy has been successfully employed for other G-protein-
coupled receptors, including mGIuR 1, 2 and 5. These allosteric compounds can regulate receptor
function in both positive and negative directions. Positive allosteric modulators (PAMSs) have little or
no effect on the receptor alone but can dramatically potentiate the effects of the endogenous ligand
[4]. Wine and grape vine polyphenols are mainly flavonoids (flavanols, flavonols, and anthocyanins)
and nonflavonoids (phenolic acids, hydrolysable tannins, and stilbenes) [5]. Extensive investigations
have been undertaken to determine the neuroprotective effects of wine polyphenols [6, 7, 8] Several
neuroprotective mechanisms of action have been proposed, suggesting that polyphenols exert their
activities by reducing the production and the accumulation of Reactive oxygen species (ROS), whose
accumulation is likely to play a crucial pathological role in brain aging, reducing oxidative stress and
inflammation and modulating the activity of intracellular signal transduction molecules. There is
evidence that polyphenols found in grape seed extract affects the metabotropic glutamate receptor
agonist response in group | mGlu receptors [9]. In the present research, we aim to study the novel
drug target for Parkinson’s disease: (1) to predict the structural model of mGIuR4, (2) to perform
virtual screening and docking to identify agonist molecules from wine polyphenols, and (3) to
investigate structural analysis of mGIluR4-ligand complex using molecular dynamics simulation
studies to study the conformation of the structure.
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2. MATERIALS AND METHODS

Ligand selection and Dataset

Phenol-Explorer [10] is a comprehensive database on polyphenol which has the contents especially
present in food. The ligands were retrieved from Phenol-Explorer for our analysis. 46 polyphenolic
compounds under Flavonoids class of Red Wine were retrieved from the Phenol-Explorer database.
The ligands were downloaded as .sdf file format from Phenol-Explorer. These files were converted
into the SMILES strings using Open Babel software [12]. The chemical structure of the Flavonoids
class of the Red Wine Polyphenol was collected from previous published literature [11]. These
structures were used as an initial data set during computational docking procedure to study
interactions with the binding site of the mGluR4.

Structure Similarity search

The structural similarity search was implemented using Open Babel [12]. The Tanimoto coefficient
[13] is used to measure the 2D similarity. It compares the structural similarity between the reference
molecule and the lead compounds using a concatenated fingerprint. The MACCS fingerprint as
implemented in Open Babel. The MACCS fingerprint is a bit string registering the presence or
absence of structural features (MACCS stands for Molecular ACCess System). The MACCS
fingerprints are widely used and have been found to be among the best 2D fingerprints, even
surpassing 3D search methods [14,15]. The Tanimoto coefficient generates a number between 0 and
1 (1 corresponding to ‘maximum similarity’) [16]. Hesperetin (DB01094) was taken as reference for
similarity search against 46 flavonoids because it is an approved drug in DrugBank database [17].
3D Pharmacophore analysis

Training set of 10 polyphenols were selected from the results of a previous study. LigandScout [18]
was used to build the pharmacophore model. In the present study, four features ie., hydrogen bond
donors (HBD), hydrogen bond acceptors (HBA), ring aromatic (RA) and hydrophobic (HY) were
selected to generate the pharmacophore hypotheses. It generates pharmacophore model based on
chemical features of active compounds in training set. The generated pharmacophore model was
compared and select based on the Pharmacophore fit score.

Target Structure prediction

The SWISS-MODEL based homology modeling program [19] was used for the development of the
mGluR4 receptor model. A sequence alignment was performed using the BLAST algorithm. mGluR7
receptor (PDB ID: 2E4Z) [20] was used as the template structure because it had the highest percentage
of sequence identity in the sequence alignment (68%). Protein models were generated from the
alignment in a stepwise manner. The backbone coordinates for the aligned positions were extracted
from the template and the regions of insertions/deletions in the alignment were found by searching
either a loop library or a conformational space search using constraint space programming. The
templates were weighted by their sequence similarity to the target sequence and outlier atomic
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positions were excluded. Predicted model was refined by minimizing the energy through Swiss PDB

viewer [21].

Active site prediction

Potential active sites and respective amino acids were identified by Computed Atlas of Surface
Topography of protein (CASTp) server (http://sts-fw.bioengr.uic.edu/castp/) [22] which is essential
for Virtual screening and Docking. CASTP identified and measure pockets and pocket mouth
openings, as well as cavities. The CASTP server predicts the amino acids crucial for binding
interactions. Studies showed that amino acids Arg78, Thr182 and Ser159 are key residues of ligand
binding domain [23]. The active pocket (active site) with more volume and area was taken for
further analysis.

Virtual Screening

iGEMDOCK [24] is an integrated virtual screening (VS) environment for screening purpose. It
performed through post-screening analysis with pharmacological interactions. This provides
interactive interfaces to prepare both the binding site of the target protein and the screening compound
library. Each compound in the library is then docked into the binding site by using the in-house
docking tool iGEMDOCK. Subsequently, it generates protein-compound interaction profiles of
electrostatic (E), hydrogen-bonding (H), and Van der Waal’s (V) interactions. Based on these profiles
and compound structures, the program infers the pharmacological interactions and clusters the
screening compounds for the post-screening analysis. It give models based on ranking and visualized
the screening compounds by combining the pharmacological interactions and energy-based scoring
function of IGEMDOCK. From the most favored compounds in the binding site, two structures were
selected based on H-bond interaction and Van der Waals energy in the ligand binding domain.
Docking studies

Metabotropic glutamate receptor 4 protein was used for the docking studies. AutoDock Vina [25] was
used for all docking analysis in the present study. In general, the docking parameters for AutoDock
and Vina were kept to their default values. Intermediary steps, such as .pdbqt files for protein and
ligands preparation and grid box creation were performed using Graphical User Interface program
known as AutoDock tools. It assigned polar hydrogens and added Kollman charges to the protein.
AutoGrid was used for the preparation of the grid map using a grid box. AutoDock/Vina was
employed for docking using protein and ligand structures along with grid box properties in the
configuration file. AutoDock/Vina employs iterated local search global optimizer [26, 27]. The poses
with lowest energy of binding or binding affinity were extracted and aligned with the receptor
structure for further analysis.

Molecular dynamics stimulation

MD simulation was conducted for modeled system (i.e. mGluR4) and ligand (i.e. Myricitin) in
explicit solvent using the GROMACS 4.5.5 [28, 29] package with GROMOS96 43 A1 force field [30].

© 2017 Life Science Informatics Publication All rights reserved

Peer review under responsibility of Life Science Informatics Publications
2017 Nov - Dec RJILBPCS 3(4) Page No.4


http://www.rjlbpcs.com/

S Devarajan & A Subhash RJLBPCS 2017 www.rjlbpcs.com  Life Science Informatics Publications
The Dundee PRODRG2.5 servers was used to generate the topology parameters of Myricitin [31].

The complex structure was solvated with water molecules in a dodecahedron box with edges that
were 1.0 nm from the molecular boundary. To obtain a neutral system, six CL ions were added (charge
+6.00) to the system by replacing solvent molecules. The solvated system was then subjected to
further energy minimizations (maximum number of steps: 50000) to remove steric conflicts between
the protein and water molecules, using the steepest descent integrator. Convergence was achieved
when maximum force was smaller than 1000 kJ mol-1 nm-1. The energy-minimized models were
subjected to position-restrained MD under NVT and NPT conditions, keeping the number of particles
(N), the volume (V), the system pressure (P) and the temperature (T) constant. We subsequently
applied LINCS [32] constraints for all bonds, keeping the whole protein molecule fixed and allowing
only the water molecule to move to equilibrate with respect to the protein structure. This was carried
out for 50,000 steps for a total of 100 ps. Snapshots of the trajectory were taken every 1 ps. The final
MD of 500,000 steps was carried out for 1,000 ps (1 ns) using the particle mesh Ewald (PME)
electrostatics method under NVT and NPT conditions [33].

3. RESULTS AND DISCUSSION

Structure validation of modeled structure and active site prediction of mGluR4

In our study, we predicted the model of mGluR4 (Fig. 1) and validated using PROSA server. [34, 35].
We evaluated the structure using Ramachandran plot [36] and observed that the phi/psi angles of the
majority of the residues (88.7%) are located in the most favored regions, followed by 9.2% residues,
were present in the additional allowed regions, whereas 2.1% residues present in the disallowed
regions. The present findings gave the impression that the proposed model is stereochemically stable.
We further evaluated Z-score for the overall quality calibration of the model. All the Z-scores of the
experimentally determined protein chains in current PDB were plotted (Fig. 2). In this plot, groups
of structures from different sources (X-ray, NMR) are distinguished using different colors where dark
blue represents NMR and light blue represents X-ray scores respectively. The Z-score of the predicted
mGluR4 model is found to be within the range of scores, which are typically predicted for native
proteins of similar size. The energy plot of the predicted model show local model quality as visualized
by plotting energies as a function of amino acid sequence position (Fig. 3). The calculated energy for
the predicted model of mGluR4 is negative, which indicates an error free model of the mGluR4 as

positive values correspond to problematic or erroneous parts of the input structure.
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Fig.1. Predicted model of mGluR4 represented in cartoon representation
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Fig.2. Z-score calculated for predicted model of mGIluR4 by PROSA. The model can be visualized
as a dark spot in the light blue shaded region.
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Fig.3. Energy calculated for predicted model of mGluR4 by PROSA.
CastP web server (http://sts-fw.bi+oengr.uic.edu/castp/calculation.php) is used to predict the active
site of mGluR4. The potential binding pockets are identified and displayed (Fig. 4). The active site

residues involved in ligand binding site are serine159, arginine78, and threonine182 [23].

PRO 56 SER 110 SER 201
GLY 59 SER 157 ARG 258
ARG 60 GLY 158 ILE 290

GLY 68 SER 159 TRP 314
GLU 69 SER 160 ASP 397

LYS71 VAL 161 GLU 401

LYS72 ALA 180 TYR475

GLU 73 SER 181

LYS74 THR 182

ARG 78 ALA 183

Fig.4. Active site amino acids of mGIluR4 receptor identified by CastP
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Structure Similarity search and Pharmacophore analysis

MACCS Fingerprints for 46 compounds was generated and the corresponding Tanimoto values were
calculated using OpenBabel [12]. Top 10 molecules where selected whose Tanimoto coefficient was
0.8 and above for which Hesperetin compound kept as a reference (Table 1). Data sets of 10 molecules
were selected to develop pharmacophore in Ligandscout. Four features hydrogen bond donor (HBD),
hydrogen bond acceptors (HBA), ring aromatics (RA) and hydrophobic (HY) were selected. All 10
hypotheses were generated with the following features - HBA, HBD, RA and HY. The
Pharmacophore feature patterns summarized in Fig. 5. Top 9 compounds were selected based fit
score (Table 2).

Table 1. Compounds and Tanimoto Coefficients

No. Compounds Tanimoto coefficient with
hesperetin

1 Isorhamnetin 0.9375

2 Naringenin 0.84375

3 Kaempferol 0.84375

4 Dihydromyricetin 3-O-rhamnoside 0.828571

5 Dihydroquercetin 3-O-rhamnoside 0.828571

6 catechin 5-O-gallate 0.828571

7 Quercetin 3-O-rhamnoside 0.828571

8 Myricetin 0.818182

9 Quercetin 0.818182

10 Isorhamnetin 0.8

Table 2. Compounds and Pharmacophore fit score

No. Compounds Pharmacophore Fit score
1 Kaempferol 110.97
2 Quercetin 110.93
3 Isorhamnetin 110.42
4 Isorhamnetin 3-O-glucoside 110.41
5 Dihydromyricetin 3-O-rhamnoside 110.32
6 Dihydroquercetin 3-O-rhamnoside 104.01
7 Quercetin 3-O-rhamnoside 103.1
8 Naringenin 102.84
9 Myricetin 102.76
10 Hesperetin 101.74
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Fig.5. Pharmacophore features of compounds generated by LigandScout.

Virtual screening and Docking Studies

The virtual screening technique was used for the screening purpose and we select Myricitin and
Hesperetin which can possess good interaction profile with the target protein mGluR4. The ligands
were interacting with the key amino acids Arg78, Thr182 and Ser159 which are residues of ligand
binding domain (Fig. 6). Myricitin and Hesperetin were used for further docking analysis. Using AD4
and Vina, Hesperetin and Myricitin were docked against mGluR4. Audodock Vina treats docking as
a stochastic global optimization of the scoring function and precalculating grid maps and interaction
between all atom type pair at every distance. From the results of each program, the compounds
were ranked based on their predicted binding energies (Table 3). Results suggest that Myricitin had a
binding energy of -7.3 kcal/mol, which is comparatively lesser than Hespertin compound. Docked
pose was visualized using Chimera [37] and shown in (Fig. 7).

Table 3. Selected compound and Binding affinity with mGIluR4

No. Compounds Binding Affinity(kcal/mol)
1. | Myricetin -7.3
2. | Hesperetin -7.0
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Fig.6. Interaction Profile of mGluR4 and compounds generated by iGemDock

Fig.7. mGluR4-Myricitin complex visualized using Chimera and hydrogen bonds are shown as
green dotted lines.

Molecular Dynamics

We have evaluated the complex of mGluR4-Myricitin using the molecular dynamic stability
simulation using GROMACS 4.0.6 software package. In our case, molecular dynamics simulation
study revealed the energy of the molecule after the iteration was -1.4e+06, which is an indication of
strong basis of the fact that the molecule has a stable structure as required for the drug designing
processes (Fig. 8). Root mean square deviation (RMSD) was evaluated during the simulation, and
observed that it starts from 0 nm and then reaches between 0.35 and 0.4 nm (Fig. 9). This suggests
that the hypothesized complex has lesser RMSD for the complex backbone and has less flexibility,
indicating the stable dynamic behavior structure of mGluR4. The MD simulation trajectories
reproduced intermolecular hydrogen bonds that were observed in mGluR4-Myricitin docking
complex (Fig. 10).
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Fig.8. Energy of the mGluR4-Myricitin complex system during simulation for 1 ns
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Fig.9. RMSD of mGluR4-Myricitin complex structure at 1 ns
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Fig.10. Hydrogen bonds shown in mGluR4-Myricitin complex structure after 1 ns MD simulation.
The peaks indicate the highest number of H-bonds at respective time intervals.

In our study, we have selected mGIluR4 as the most promising drug target for the drug agonist
designing. The PDB structure of mGluR4 was not available; therefore, it was predicted and validated
with the help of comparative modeling. 2D fingerprint and 3D pharmacophore based screening was
performed on Flavonoids class from Red Wine Polyphenol. The virtual screening for mGluR4 was
carried out against the Flavonoids class, which revealed the top two candidates and indicated strong
binding affinity for mGluR4. We further demonstrated that Myricitin, having the minimum energy
score (—7.3 Kcal/Mol), possesses the highest binding affinity towards the mGluR4 and can be a
potential agonist on the basis of the interactions with residues of the active site of mGluR4. MD
simulation showed that mGluR4-Myricitin complex has a good energy and comparatively stable
structure. Notably, from the results we can conclude that myricitin is one of the promising agonist
compounds for mGluR4 receptor and thus can be used for further in vitro studies. Thus, the present
study shed light on the computational aspects of some favorable flavonoid compounds for the
treatment of Parkinson’s disease.
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