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Abstract: Parkinson’s disease (PD) is a progressive neurodegenerative disease prominently observed in elderly population.
Aggregation and misfolding of a-synuclein protein is strongly implicated as an underlying pathogenesis of the disease. PD is
characterised by high amount of intracellular a-synuclein as the main constituents in Lewy bodies. However, PD drugs in
clinical conditions elicit unpleasant side effects and develop resistance after long time application, making a search for better
candidates imperative. This study is aimed at identifying potent inhibitors of a-synuclein from interbioscreen (IBS) database
using ligand-based pharmacophore modelling, Glide standard precision docking, molecular dynamics, and pk-CSM
pharmacokinetics parameters. Among the ten models generated, only one of the pharmacophore models was validated with
Guner-Henry’s goodness of hits (GH) scoring method and enrichment factor (EF) of 0.87 and 23.43 respectively, making it
ideal for database screening. The pharmacophore model with features, HHHHHHDDDDA identified 100 hits from “877,337”
IBS database natural compounds. The top hits, STOCK2S-85121, STOCK3S-13122, STOCK2S-57139, STOCK7S-07150,
and STOCK4S-24924 demonstrated better docking scores of -4.789, -4.451, -4.413, -4.365 and -4.227 kcal/mol respectively,
while the standard, Levodopa has docking score of -3.556 kcal/mol. The retrieved compounds have similar amino acid
interactions with the standard compound (levodopa). The ligands are predicted to have good Blood Brain Barrier permeation,
central nervous system penetrations and absorption, distribution, metabolism, elimination, and toxicity (ADMET) properties.
Molecular dynamics for 50 ns further suggested that the highest docked compound (STOCK2S-85121) was stable into the
binding pocket and displayed strong hydrogen bond interactions. Therefore, the compound is recommended for further
evaluations as potential anti-PD agents.

Keywords: In silico ADMET; Ligand-based drug design; Natural products; Parkinson’s disease; Pharmacophore model; a-
synuclein inhibitors.

1. BACKGROUND

Brain is one of the vital organs in human system. Its functions deteriorate over time due to inevitable process of aging and
accumulation of oxidative biomolecules, leading to neurodegenerative disease. Parkinson’s disease (PD) is a chronic
progressive neurodegenerative disease prominently observed in elderly population with characteristic movement disorders [1].
Globally, one out of every 100 people are affected by PD and yet limited effective curative options are available [2-4]. Specific
course of PD is not fully understood and one of the most affected areas in the brain by PD is the substantia nigra, resulting to
substantial loss of dopaminergic neurons and a concomitant decrease in dopamine levels within the striatum. Consequently,
most prominent PD symptoms are manifested as impaired motor activity including muscle rigidity, and resting tremor [5]. The
disease is characterized by intracellular inclusions known as Lewy bodies (LBs) and the main constituent of LBs is a-synuclein
[6]. Aggregation of a-synuclein is one of the underlying molecular pathogeneses of PD. This is demonstrated when soluble a-
synuclein monomers form oligomers to aggregated small protofibrils, and progressively to insoluble amyloid fibrils. These
amyloid fibrils are neurotoxic, causing dopamine cells death. Therefore, this strongly supports the notion that a-synuclein is
an essential target in the molecular pathogenesis of PD [2]. The a-synuclein protein is abundant in the brain, having short
amino acid (AA) of 140 residues, and high concentration at presynaptic terminals as both soluble and membrane-associated
fractions of the brain. The protein is estimated to account for as much as 1% of the total protein as a soluble cytosolic brain
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fractions [7]. It is divided into three segments: (a) N-terminal consisting of 1-60 AA residues mainly involved in membrane
binding, (b) hydrophobic domain AA residues 61-95, also known as non-amyloid-beta component (NAC) responsible for
aggregation, and (c) C-terminal domain with an AA residue 96-140, which is essential for protein-small molecules and protein-
protein binding. Therefore, it is important to target both the binding site (C-terminal) and the aggregation site (NAC region)
or hydrophobic domain to ensure effective ligand-receptor binding and inhibition of the protein [2, 7]. Although, several
functions for a-synuclein have been postulated, including the regulation of neurotransmitter release, synaptic vesicle recycling
and synthesis, and physiological regulation of specific enzymes and transporters. However, its high negative pathological
implication in fibrillation and oligomerization, constitutes a vital target for effective management of PD [8].

The predominant clinical drugs currently used to manage PD are dopamine agonist precursors such as levodopa,
monoamine oxidase inhibitors (selegiline), and catechol-o-methyl transferase (entacapone). These drugs have symptomatic
efficacy and provoke severe and unwanted side effects, especially upon a long-term application. Some of the common drugs
used to manage PD are indicated in Figure 1. Therefore, it is pertinent to search for alternative inhibitors that could be
developed as curative and preventive agents [9, 10]. Focusing on NAC and C-terminal domains as a strategy for effective
binding and inhibition of a-synuclein will undoubtedly provide an alternative route to develop new agents that could be
potential anti-PD agents [11]. Thus, the discovery of therapeutic inhibitors against a-synuclein progressive aggregation
remains imperative [12].

Although, many researchers reported inhibitors of a-synuclein fibrillation, the physicochemical, pharmacokinetics and
toxicological properties of the compounds are poor to aid their development as potential anti-PD drugs [11]. Finding
therapeutic and successful candidate drug compounds through experimental studies are expensive and time-consuming.
Moreover, most of the reported inhibitors have inactive structural features that further limit their therapeutic effects [13].
Recently, utilization of computer-aided drug design (CADD) with virtual screening techniques provides powerful tools for
developing potential compounds, reducing the cost up to 50%, and elimination of candidate compounds with poor
pharmacokinetic properties such as absorption, distribution, metabolism, elimination, and toxicity (ADMET) before their
applications. Therefore, application of CADD and the breakdown of all binding affinity into its interaction components are
necessary to assist in pharmacophore modelling and virtual screening of small molecules aimed at identification for effective
therapeutic drugs against PD [14].

The CADD techniques are broadly classified into ligand-based drug design (LBDD) and structure-based drug design
(SBDD) [15]. In SBDD, it is essential to have a high-resolution crystal structure of the target macromolecule in complex with
a bound ligand. The target protein should have a signal in a solution-state nuclear magnetic resonance interacting within a
specified region, while structural information on the entire region of the target protein must be provided through X-ray
crystallography [6, 16]. The a-synuclein lacks some of the basic information such as macromolecule in complex with a bound
ligand, as stipulated above. Therefore, LBDD approach was employed in this study, using a diverse set of active ligands to
generate pharmacophore model for accelerated screening of large compound databases [17]. To ease selection of chemical
entities as potential therapeutic compounds, diverse parameters are employed to evaluate large number of ligands. A large
number of molecular structures are evaluated according to diverse parameters to aid selection of the chemicals for synthesis,
testing, and promote them with the goal to identify those with better chance to become potential therapeutics [17]. Therefore,
breakdown of all binding affinity into its interaction components are necessary to assist in pharmacophore modelling and
virtual screening of small molecules aimed at identification of effective therapeutic drugs for PD treatment [14].
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Figure 1. Some of the drugs use to manage Parkinson’s disease symptoms
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This research is aimed to develop ligand-based pharmacophore model having therapeutic inhibition against a-synuclein
fibrillation that could selectively pick novel compounds from interbioscreen (IBS) database containing natural compounds
(877,337), for developing anti-PD drugs with good physicochemical properties through ligand-based pharmacophore
modelling, Glide standard precision and pk-CSM pharmacokinetics parameters.

2. EXPERIMENTAL DATA

All computational analyses were carried out on Dell Desk Top running on Windows 10 in high performance computer with
Intel® Core Quad (TM) i7 processor, running on 8.00 GB and 64 bit operating system.

2.1 Generation of Ligand-based Pharmacophore

Available inhibitors of a-synuclein protein aggregation were collated from different literature [2, 13, 18-20], to generate ligand-
based pharmacophore model using pharmacophore RDF code similarity embedded in LigandScout 4.4 software version,
available from Intel Ligand, GmbH, Vienna, Austria (http://www.inteligand.com/ligandscout) [21]. Known inhibitors of the
a-synuclein (Figure 2) were employed as training sets having minimum inhibitory concentrations (ICso) between 0.2-4.8 uM
(£0.2>5uM). The structural formula and the smiles of the ligands were generated using ChemDraw Ultra 8.0 and reconverted
into standard data-file (sdf) using molecular Operating Environments obtained from Chemical Computing Groups Inc.
Pharmacophore features of the model were then generated by aligning most rigid molecules having same cluster-ID and highest
cluster scores. Subsequently, an independent model was created comprising chemical features present in the training set only
by applying OMEGA conformation modelling method, multiple acceptable comformers embedded in the LigandScout [21,
22]. Finally, an independent pharmacophore models were created. The pharmacophore model included only the chemical
features present in all the training set compounds. Each model will be validated before chosen the best one.

2.2 Pharmacophore and Model Validation

Using successive Guner-Henry scoring functions, the selected pharmacophore model was validated. A robust model should
display an optimum specificity and sensitivity for accuracy of the validation protocol. To detect active compounds, high SE is
seen that can discriminate it from inactive ligands (decoys). The SP indicated error reduction to which distinguishes between
active and inactive ligands. Here to discriminate between active and decoy compounds, the model generated consist of 16
actives and 328 decoy compounds. The decoy sets were generated from directorate of decoy finder (http://decoys.docking.org)
[23]. Using the LigandScout internal generator database, the compounds were converted to ligand database format (.1db) from
sdf format. To efficiently validate the pharmacophore model generated, parameters such as enrichement factor (EF) and Guner-
Henry’s goodness of hits (GH) scores were determined for accuracy of screened hits. In addition, area under the curve (AUC
100%) was determined. Moreover, external validation filters, especially, decoy and receiver operating characteristics (ROC)
were used as validation protocol. The validation parameters were expressed as follows:
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where Y is percentage yield, A total actives, D total decoys (inactives), H; is total hits and H, is true positive respectively. It
is important to note that the physicochemical properties of a decoy sets such as molecular weight (MW), hydrogen bond
acceptor (HBA), hydrogen bond donor (HBD), and number of rotatable bonds must be similar to the reported ligands [24-26].

2.3 Virtual Database Screening

Identification of potential hits that could selectively inhibit a-synuclein protein is crucial, here pharmacophore virtual screening
was utilised [27]. The 3D query of the validated model was transferred to the screening perspective emdeded in the ligandScout
to search for potential lead molecules from IBS database containing “877,337” natural compounds. The default parameters of
the LigandScout were used for the screening to check for scoring functions, retrieval mode which indicates “pharmacophore
fit” [21, 28].
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Figure 2. Molecular structures of 10 ligands used as training sets and their inhibitory concentrations

2.4 In Silico BBB Permeation and ADMET Studies of Clustering Candidates

It is essential to ensure that drugs reach the target sites adequately to elicit its pharmacological response. The predicted
parameters were used to quantify ADMET properties of the potential hit compounds and such parameters include solubility
(Logs), lipophilicity (LogP), molecular weight (MW), number of hydrogen bond acceptors (HBA), number of hydrogen bond
donors (HBD), topological polar surface area (TPSA), and number of rotatable bonds indicating flexibility. Moreover, the
Blood Brain Barrier (BBB) permeation together with ADMET studies of the hits were computed using in silico pkCSM-
pharmacokinetics server [29]. The smiles string of the ligands was uploaded into the software and ADMET prediction
parameters was run to obtain pharmacokinetics parameters such as in vivo absorption (water solubility in buffers, in vivo
Cacao2 cell permeability for human colorectal cancer), distribution, BBB permeability and CNS penetration, metabolism
including metabolic parameters using in vivo Cytochrome P450 substrate were all considered. Total clearance and toxicity
studies were computed for the compounds intended for further development [29].

2.5 Protein Preparation

The structure of a-synuclein protein was obtained from RCSB protein data bank DOI: 10.2210/pdb1XQ8/pdb (1XQ8). The
protein structure was prepared for docking using Maestro interface in Schrodinger software. Protein preparation Wizard was
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applied aimed at checking the structures of the protein to correct assignment of protein, peptide bond orders, charges, add
missing hydrogen atoms, ionization states, and optimize the structures of the protein [30]. OPLs2005 force field with implicit
solvation was used for energy minimization of the protein, until an average root means square deviation (RMSD) of heavy
atoms reached 0.3 A. All hetero atoms of the PDB structure were removed, hydrogen atoms were added. Grid centre and
dimensions of binding sites were identified [31-34].

2.6 Ligands Preparation

The 100 hit compounds obtained from the virtual screening, as well as the reference compound (Levodopa), and other known
inhibitors of a-synuclein were visualized in Schrodinger software using maestro interface. The structures of the ligands were
checked to correct the bond orders, add missing hydrogen atoms, and finally optimize the structures of the ligands.

2.7 Molecular Docking

Molecular docking panel was utilised in Maestro interface. The optimized and minimized a-synuclein structure was used in
molecular docking study. Initially, the protein structure was loaded, followed by locating the active sites [34]. After identifying
the active site, the ligands were loaded; and their energies were minimized using OPL2005 force field. Finally, the ligands
were docked using Glide standard precision into the identified active site of the target protein and a maximum of 20 poses per
ligand were retained. Ligands were ranked based on their docking scores, binding energies, and selectivity to a-synuclein.
Those that display poses with the most negative binding energies (favourable binding) against a-synuclein were identified as
the best poses. Levodopa was used as a standard for evaluating the affinity and selectivity of the hits.

2.8 Molecular Dynamics Simulations (MDS) Study

The top ranked ligand-receptor complexes having pass the ADMET prediction profiles was subjected to molecular dynamics
simulation using the academic version of Desmond 2020-3 (Maestro-Desmond Interoperability Tools, Schrodinger, New York,
NY, 2021) for 50 ns. The simulated complex’s binding free energy was calculated using 50 ns using MD trajectories [35-37].
Several trajectories were produced within 50 ns and analysed using simulation interaction diagram tool kit [37, 38].

3.RESULTS

3.1 Ligand-based Pharmacophore Modelling

In this study, the pharmacophore model represents steric and electronic features of chemical compounds that ensure exact
interactions with a-synuclein protein. The ligand-based pharmacophore (LBP) model was generated based on the
pharmacophoric features present in the training set compounds selected from literature [2, 12, 19]. LigandScout inserted
common pharmacophore properties for best-aligned solutions. Ten pharmacophore hypotheses were built with a tolerance
scale of 1.0 and ranked following the Pharmacophore-Fit score [39]. The generated LBP (Figure 3A) model comprised of
eleven pharmacophoric features (Figure 3B), six hydrogen bond acceptor (HBA), four hydrogen bond donor (HBD), and one
aromatic group (AR).

3.2 Pharmacophore Model Validation Using GH Scoring

Following the generation of LBP, the model retrieved 50% of active compounds, while none of the inactive (decoys) was
retrieved. The validation results (Table 1) suggest that the pharmacophore model recognized seven hits and all are true positives
while predicting none from the decoy sets as false positive compounds. The statistical parameters calculated include total hits,
H,, false negatives (FN), false positive (FP), the goodness of hit score (GH), and enrichment factor (E-value) using the decoy
set [40].

The generated model in this research has GH score of 0.87 and EF of 23.43, indicating a good model generated. The
efficiency of the pharmacophore model was evaluated by Receiver Operating Characteristic (ROC) curve (Figure 4), which
compares sensitivity versus selectivity, indicating good sensitivity to the actives from a large set of decoys against the target.

B

Figure 3. Indicating model with the aligned ligands (A) and features (B) of the generated ligand-based pharmacophore model
for a-synuclein protein, consisting of six HBA (red), four HBD (green), and one AR (blue)
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Table 1. Validation parameters of the shared feature pharmacophore model

S/N Parameters Value
1 Total molecules in database, D 342
2 Total number of actives in database, A 14
3 Total Hits, H; 7
4 True Positive, TP 7
5 %Yield of activities, (TP /H;) X 100 100
6 True negatives, TN 0
7 False-negative, FN = A—TP 7
8 False-positive, FP = H, — TP 0
9 Sensitivity, SE = TP/A 0.5
10 | Specificity, SP =TN/(D — A) 0
11 | Enrichment factor, EF = (TP X D)/(H, X A) 23.43
12 | Accuracy = (TP +TN)/(TP + FP + TN + FN) 0.5
13 | Guner-Henry’s goodness of hit scores, GH 0.87
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60.0%

40.0%

20.0%

Sensitivity (% retrieved actives)

20.0%6 40.0% 60.0% 80.0% 100.0%
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Figure 4. The ROC curve of the validated pharmacophore model

3.3 Pharmacophore-based Virtual Screening

Using pattern recognition, the 3D query of the pharmacophore model should match with conformation of a given molecule in
the database. The pharmacophore model with features HHHHHHDDDDA was used as a query to screen chemical libraries of
IBS database. The virtual screening resulted in screening a total of 100 hits matching the model.

3.4 In Silico BBB Permeation and ADMET Profiles of the Selected Hits

3.4.1 Assessments of Pharmacokinetics using ADMET
It is essential to ensure that drugs reach the target sites adequately, after absorption and then distributed through the body to
elicit its pharmacological response [41]. According to the ADMET prediction results, the pharmacokinetic properties of the
top five shortlisted compounds namely STOCK2S-85121, STOCK3S-13122, STOCK2S-57139, STOCK7S-07150, and
STOCK45-24924 were in desirable and acceptable range for drug-likeness (Table 2). The compounds demonstrated sufficient
physicochemical properties for drug like molecules and fall within Lipinski’s rule of 5. The selected hits have MW between
45-450, HBA < 10, LogP -1.2 to +1.7, TSPA 18-175 and rotatable bond between 0-9. Although, most of the hits have HBD
>5, STOCK7S-07150 and STOCK4S-24924 have HBD < 5 which is quite like Levodopa. This indicates that the selected hits
have potential physicochemical properties that could be considered for further evaluation as drugs [42].

In addition to chemical properties of selected compounds (Table 2), the pharmacokinetics, pharmacodynamics, and
toxicological properties of the top 5 ranked ligands are presented in Table 3. This will help provide sufficient evidence on how
the compound s could pass the BBB for as potential drugs for PD treatment.
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Table 2. Structure and chemical properties of best five screened compounds

Descriptor Compound name and values
STOCK2S- STOCK3S- STOCK2S- STOCKT7S- STOCK4S- Levodopa
85121 13122 57139 07150 24924
Molecular weight? 372.337 414.418 334.292 383.436 45.041 197.19
LogP® 0.4995 1.6698 -1.1799 0.9764 0.0762 0.0522
#Rotatable bonds® 6 9 5 5 0 3
#Acceptors? 8 8 8 9 2 4
#Donors® 6 6 6 4 1 4
Surface area’ 152.644 171.739 133.614 145.465 18.383 80.410
Lipinki’s Rule of 5 0 0 0 0 0 0

*Molecular weight (acceptable range < 500), PLipophilicity acceptable range 1.35-1.80), “Number of rotatable bonds
(acceptable range < 10), “Hydrogen bond acceptors (acceptable range < 10), “Hydrogen bond donors (acceptable range < 5),
fSurface area (acceptable range > 60 < 90 A passive diffusion & 140 A active diffusion.

Table 3. ADME properties of best five compounds from virtual screening

Compound QPlogS? AP Log VDss® QPlogKp! LogBB¢ LogPSf
STOCK2S-85121 -2.887 54.951 -0.037 -2.736 -1.376 -3.75
STOCK3S-13122 -3.184 62.405 0.108 -2.735 -1.526 -3.54
STOCK2S-57139 -2.67 45.532 -0.426 -2.735 -1.895 -5.241
STOCK7S-07150 -2.675 68.497 0.06 -2.746 -1.615 -3.361
STOCK4S-24924 0.826 97.546 -0.229 -3.221 -0.331 -2.627

*Predicted aqueous solubility S in mol 1! (acceptable range -6.5 to 0.5), "Predicted Human intestinal absorption (acceptable
range > 30%), “Predicted steady state volume of drug distribution (acceptable range -0.15 to 0.45), ‘Predicted skin permeability
(acceptable range < -2.5), °Predicted blood-brain barrier permeability (acceptable range -1.0 to 0.3), PPredicted central nervous
system permeability (acceptable range -3.0 to -2.0).

3.5 Molecular Docking Studies

The binding interactions of the selected hits against human a-synuclein protein were demonstrated, and the x-ray structure of
the protein has co-ordinates of 228.13, 2.81 and -18.89 A, within the X, y, and z and a length of 20 A of the receptor grid box
surface using ligand-receptor docking simulation. From the docking results (Table 4), the top hit compounds interact strongly
with amino acid residues via hydrogen bonding compared to the standard compound, and this could be due to conformational
flexibility of the compounds and the amino acid residues responsible for self-aggregation of the protein [43]. Finally, the
docking analyses of this study suggested that the top best five compounds with better docking scores could be selected for
further evaluations.

The binding interactions (Figure 5) between the selected compounds and amino acid residues further illustrated their
inhibitory potentials via occupying similar sub-active cavities of the receptor. The AA residues between 64 and 100 are crucial
for binding to a-synuclein protein [43].

Table 4. Amino acid interactions and binding energy of the best five compounds obtained from molecular docking

S/N Ligand Docking score Binding energy RMSD Amino acid interactions
(kcal/mol) A)

1 STOCK2S-85121 -4.789 -33.586 1.079 GLY101, LYS102, GLU104, GLU105
2 STOCK38-13122 -4.451 -33.138 0.726 LYS102, ASN103, GLU104
3 STOCK28-57139 -4.413 -28.249 2.129 LYS96, LYS97, LYS102
4 STOCK78-07150 -4.365 -36.57 2.453 LYS97, LEU100
5 STOCK48S-24924 -4.277 -30.003 1.252 GLY101, LYS102, GLU104, GLU105
6 Levodopa -3.556 -27.446 0.627 LYS96, LYS97 ASP98

128



S. Y. NAJIB ET AL., APPLICATIONS OF MODELLING AND SIMULATION, 6, 2022, 122-133

ﬁ By
|

o, N
NH
1/
A
0 s b
g
)\( 15
i

H ¢
~. HE

=
\ e
STOCK25-57139 o

STOCK75-07150 STOCK45-24924 Levodopa

Figure 5. Binding poses of the best five hits showing bonding and nonbonding interactions of the selected ligands with
amino acid residues. Hydrogen bonding (magenta arrow), 7 - cation (red line), salt bridge (blue line) and n - & stacking
(green line)

NCEN(Lig) fit on Prot

Protein RMSD (A)
(v) aswy puebi

0 10 20 3b 4b 50
Time (nsec)
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3.6 Molecular Docking Studies

The thermodynamic stability of the selected ligand-receptor complex was studied using MDS. Although MD run of < 10 ns is
sufficient for premilitary study of protein-ligand complex in silico [44]. However, here 50 ns MDS was run to observe an
independent biophysical and structural probe of the complex. The 2D graph of RMSD, RMSF and hydrogen bonds the top
docked compound were generated and studied for understanding stability of the system complex in a native motion (Figures 6
and 7). The RMSD of the ligand (STOCK2S-85121), indicated initial fluctuation at around 2.5 A, this demonstrates stability
of the ligand having small RMSF. Furthermore, the ligand-protein complex showed favourable contacts of the ligands with
Glul04, Glul01, and Lys102, where all amino acid residues indicate H-bond interactions which contributed to the binding
affinity of the ligand (Figure 8).

4. DISCUSSION

The pharmacophore model was optimized by changing the size and number of features. Consequently, one of the
pharmacophore hypotheses gave the best pharmacophoric features with reasonable specificity and selectivity as the LBP
model. EF reflects sensitivity and specificity of a model generated and specifies concentration of the active compounds in the
generated model relative to the decoy sets uses. GH score and EF are the most critical parameters for validation, the higher the
EF, the higher the acceptability and validity of a model. Generally, EF value from 20 is considered good for validation. The
GH scores ranges from 0 to 1, indicating null hypothesis and ideal model respectively. Moreover, a model with GH score from
0.6 and above is considered reliable for screening large set of databases. Many studies have reported a good model with GH
score from 0.67 [45, 46]. Importantly, the model generated in this study has GH score of 0.87 and EF of 23.43, indicating
validity and robustness of the model for screening.
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Compounds intended to be applied as potential anti-PD agents must be able to cross the BBB in the brain. Therefore, BBB
permeability of drugs is a complex process that involves passive transcellular diffusion of molecules and contributions of
active transport across the brain [47]. Compounds with MW > 500 Da, TSPA between <60-90 A and above 150 A are said to
cross the BBB through passive and active diffusion respectively [47, 48]. The selected hits have their MW and TPSA falls
within that range, comparable to the standard Levodopa. Moreover, most of the predicted values of the hit compounds were
found to be within the acceptable range, indicating that the selected compounds could possess favourable pharmacokinetic
properties [49]. Among the top hits, STOCK3S-13122 showed the highest volume of distribution (VDs) comparable to
Levodopa followed by STOCK7S-07150. The VDs reveals the theoretical dose needed to distribute any drug in plasma and
tissue. Moreover, STOCK4S-24924 indicated a better and favourable ability to cross the BBB and central nervous system
(CNS) compared to other compounds, ultimately, revealing lipophilic superiority of the ligands compared to STOCK4S-24924,
STOCK2S-85121, and STOCK7S-07150 respectively. Therefore, the compounds have potential to transit across the BBB in
order to elicit their pharmacological effect. Additionally, the presence of tertiary nitrogen in the desired compound is a
predictor indicating CNS penetration and a higher degree of permeability to BBB [49]. The compounds were predicted to have
good total drug clearance, suggesting their inability to cause renal system toxicity.

Molecular docking study plays a vital key role in a selection of compounds in silico. It identifies correct conformation of
ligands in relation to binding site at the protein and prediction of affinity between ligands and protein [41]. The a-synuclein
protein is a small protein having 140 amino acid residues with no crystal structure [3]. Therefore, dopamine was used as a
positive control while some decoy sets were used as negative control to validate the docking scores. The positive control
compound has high docking score of -4.786 kcal/mol, while some decoys set (negative control) display docking scores of less
than one. The docking score suggested that compounds such as STOCK2S-85121, STOCK3S-13122, and STOCK2S-57139,
have produced good conformation of binding to the protein compare with the positive control. Other hit compounds also
produce good docking scores against the receptor, thereby validating the docking protocols as good [50, 51]. Interestingly,
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other known inhibitors (Thiazole-5-carboxamide, Epigallo catechin gallate) of a-synuclein are known to have activity against
the protein and used to compare the docking score obtained from the hits and their binding poses. Currently, Levodopa is used
to manage PD, thiazol-5-carboxamide is in phase II clinical trial while epicatechin produced the highest docking scores among
known inhibitors of a-synuclein [52, 53].

From the binding poses (Figure 5), all ligands have strong H-bonding with Lys102 except for STOCK7S-07150 that
interacted with Lys 97and Leu 100. Two of the selected ligands (STOCK2S-57139 and STOCK4S-24924) have pie cation and
salt bridge bonding with Lys 102 and Lys 96, respectively, while other ligands expressed H-bonding only. The reference
compound levodopa display interaction with AA Lys 96, and Lys 97 like STOCK2S-57139 and STOCK7S-07150. On the
other hand, thiazole-5-carboxamide and STOCK2S-85121 had good hydrogen bonding interaction with Gly 101. Other
selected ligands display interactions with other amino acid residues such as Gln 99, Asn 103, Glul104, Glul05 through strong
H-bonding and Lys102 mainly through pie cation interaction, and this is a strong indication of electrostatic interactions for
better inhibitory potentials against the receptor in references to the standards used [52]. Therefore, the top five highlighted
ligands could serve as potent inhibitors of a-synuclein protein for further studies. Typically, it was observed that N- and C-
terminals fluctuates more than the NAC-region, where secondary elements like alpha-helices and beta strands are more rigid.
Thus, the NAC region fluctuates less due to its important for aggregation of the protein and subsequent formation of -sheet
structures essential for formation of fibrils [2, 7]. The essential H-bond interaction with STOCK2S-85121 support the potential
inhibition of the compound against a-synuclein aggregation process.

5. CONCLUSION

In summary this study, succesfully built a pharmacophore model that consist of eleven features, including six HBA, four
HBD, and one AR, with significant statistical parameters. The model generated was validated using GH scoring functions, this
is indicated by the ability of the model to pick 100 hit compounds after performing 3D query to screen more than eight
hundred thousand molecules, indicating powerful ability of the model to discriinate active ligands from decoy sets. We
collected 100 similar analogs that matched the model from virtual screening using IBS database,. Top docked compounds
demonstrated good docking scores, potential BBB permeability and ADMET profiles. Based on lipophilic properties, ability
to cross the BBB and CNS, produce good conformation of binding to the protein, and displaying acceptable ADMET profiles,
compounds STOCK2S-85121 could be the final compounds to be evaluated for further studies. MDS study of the compound
suggested that comples was stable for 50 ns. The compound showed crucial H-bond interaction with Glu104, Lys102 residues
at the C-termnal chain. Thus, it can be concluded that this molecule could be potential inhibitors of a-synuclein aggregation.
This research shade more light on a better understanding of potential active inhibitors of a-synuclein aggregation and develop
druggable compounds that could be translated upon further evaluations for treatment of synucleinopathies, especially
Parkison's disease.
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