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Abstract: Alzheimer’s disease (AD) and Parkinson’s disease (PD) are the most prevalent and
irreversible neurological disorders that primarily affect the aged population. These conditions lead
to disability and mortality as there is currently no medication for a complete cure. Existing drugs
only provide symptomatic relief of the disease. Inhibition of Acetylcholinesterase (AChE) and
Butyrylcholinesterase (BuChE) will reduce the hydroxylation of Acetylcholine, a molecule
possessing a significant role in the neurotransmission pathways and is accounted as a remedial
objective for the treatment of AD and PD. This study aimed to identify potent lead molecules from
plants that could inhibit AChE and BuChE. We employed molecular docking, molecular dynamic
simulation, and MMPBSA approaches to screen and evaluate potential compounds. The docking
results were analysed based on binding affinity and hydrogen bond interactions at the active-site
residues of the targets. From the analysis, four phytocompounds - Tricetin, Luteolin,
Withasomniferol C, and Withanolide were identified as potential hits. These compounds
demonstrated strong binding affinities of -8.49, -9.85, -25.26, and -24.1 kcal/mol, respectively. The
significant binding affinity suggests that these compounds may effectively inhibit the activity of
AChE and BuCheE, potentially leading to therapeutic benefits for AD and PD. However, further in-
vitro analysis is recommended to validate the activity of these compounds. In-vitro experiments
will provide a better understanding of their efficacy, safety, and potential as drug candidates for
treating AD and PD.

Keywords: ayurinformatics; neurodegenerative diseases; Alzheimer’s disease; Parkinson’s disease;
acetylcholinesterase; butyrylcholinesterase

1. Introduction

Neurodegenerative diseases (NDD), are a globally distributed category of diseases that threaten
the physical and mental lifestyles of a significant percentage of the aged population. NDDs are
characterized by the progressive degeneration of the structure and function of cells and the central
or peripheral nervous system that are crucial for coordination, sensation, mobility, and cognition
(Marcos-Rabal et al., 2021; Baumard et al., 2021; H Ferreira-Vieira et al., 2016). Alzheimer’s disease
and Parkinson’s disease are the most commonly reported condition among NDDs. Alzheimer’s
disease (AD) is generally distinguished by the presence of neuron apoptosis, neurofibrillary tangles
(NFTs), and amyloid plaques (A3) (Hyman et al., 1989), Parkinson’s disease (PD) is a progressive
multifactorial NDD that leads to the disablement of voluntary motor control. These disorders are
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debilitating and incurable, affecting an individual’s speech, movement, intelligence, and memory
leading to movement disorders, moodiness, memory loss, agitation, depression, and
anxiety(Balestrino and Schapira, 2020).

Acetylcholine (ACh), is the chief neurotransmitter that blocks and stimulates a response,
escalates bodily secretions, dilates blood vessels, and contracts muscles, proving the significance of
the molecule in neurotransmission pathways. Healthy individuals have balanced dopamine and ACh
levels (Gu and Wang, 2021). Studies reported that decreased levels of ACh further develop to cause
AD and PD. In PD, the increase in the level of ACh gradually leads to the death of the dopaminergic
neurons, thus a decrease in dopamine levels which are considered a crucial neurochemical
impairment (Ha, Mathew and Yeong, 2020). Homologous enzymes, Acetylcholinesterase (AChE),
and Butyrylcholinesterase (BuChE) were reported for the hydrolyzation of Ach (Alves et al., 2022).
AChE, the primary cholinesterase member of the serine hydrolase family, plays a significant part in
the CNS and PNS (peripheral nervous system) by catalyzing the hydrolysis of ACh into acetate ions
and choline under normal circumstances (Vanessa and Mah, 2021). BuChE is a non-specific serine
cholinesterase enzyme that can hydrolyze choline-based esters. The potential significance of BuChE
recompense the deficit of AChE in AChE knocked out mice model by sustaining the usual cholinergic
pathways. Another study confirms these by substituting AChE with BuChE in nullizygous animals.
Thus, BuChE can surrogate AChE and hydrolyze ACh in deficient AChE conditions (Pagano et al.,
2015), (Emamzadeh and Surguchov, 2018). The inhibited enzymatic activity of AChE and BuChE can
lead to increased ACh levels, a major therapeutic strategy for treating AD and PD. On this account,
AChE and BuChE can be considered potential therapeutic targets. Several medications and drugs are
adopted for the treatment of the diseases but the main challenge is the absence of a completely curing
drug. Current drugs focus on the symptomatic relief of the disease and were reported for side effects
(Breijyeh and Karaman, 2020). Hence, it is necessary to discover and design effective AChE and
BuChE inhibitors without/less side effects in treating Alzheimer’s and Parkinson’s diseases.

Diverse herbal medicines have been used for centuries to treat severe illnesses and medical
conditions worldwide. An integrative approach of traditional and western medicine has improved
the treatment of NDDs (Tanaka and Kashiwada, 2021). A study demonstrated that Western medicine
combined with Chinese western medicine had reduced non-motor disorders (Chen and Pan, 2014).
Withania somnifera, Bacopa monnieri, Cannabis sativa, Ginkgo bilobo, and Clitoria ternatea are reported to
have potential activities and are used in treating NDDs. Withania somnifera was used to treat loss of
memory, nervous exhaustion, insomnia, and general disability (Kuboyama, Tohda and Komatsu,
2014). Bacopa monnieri had reported the cholinergic and neuroprotective effects of the secondary
metabolites on AD, similar to the mechanism of the current medications (Basheer et al., 2022).
Phytocannabinoids from Cannabis sativa were nonpsychoactive, having high anti-inflammatory and
antioxidant activity and anxiolytic, neuroprotective, and anticonvulsant properties (de Barros Viana
et al, 2022). Ginkgo bilobo (a tree native to China) has exhibited protective effects against
amyloidogenesis and A aggregation and is studied for its anti-inflammatory, anti-apoptotic and
antioxidant activities (Arunima, Julia and Prasobh, 2021). The roots of Clitoria ternatea had been
proven to enhance memory (by escalating memory retention and memory power) and reduce
psychotic stress ( Murugesan et al., 2022).

The study attempts an ayurinformatics approach in which the traditional medicine system -
Ayurveda incorporates bioinformatics to identify the capacity of natural compounds with
innumerable therapeutic properties. Herein, the neuroprotective and regenerating potential
phytocompounds from the five herbal plants extensively used in traditional medicines were
evaluated in silico to inhibit AChE and BuChE.

2. Materials and Methods

2.1. Target

AChE and BuChE are the targets considered for the study. The crystal 3D structures of
Recombinant Human Acetylcholinesterase in Complex with (-)-galantamine (PDB ID: 4EY6) (Cheung
et al., 2013) and Human butyrylcholinesterase (PDB ID:1P0I) (Nicolet et al., 2003) were downloaded
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from PDB (http://www.rcsb.org). The A chains of the structure 4EY6 with 542 amino acid residues
and 1P0I with 529 amino acid residues were considered for analysis. The secondary structure
information (Table 1) and the physicochemical properties (Table 2) of the protein 4EY6 and 1P0I were
calculated using SOPMA (https://mpsa-prabi.ibep.fr/cgi-
bin/npsa automat.pl?page=/NPSA/npsa _sopma.html) (Geourjon and Deleage, 1995) and Protparam
4(web.expasy.org/protparam/) ( Johansson et al, 2012), respectively. Protein purification was
performed using discovery studio visualizer software (2021 Client). The missing residues were added
using the Swiss PDB viewer v4.1.0 (Laskowski, 2001). The active sites residues identified from
pdbsum ligplots (Kim et al., 2021) and literature survey - Tyr 72, Asp74, Trp86, Tyr 124, Ser 203, Trp
286, Glu 334, Tyr 337, Phe338, Tyr 341, His447 and Asn68, Asp70, Trp82, GIn119, Ser198, Ala277,
Leu286, Glu 325, Ala328, Phe329, His438, Val288 were defined for the protein 4EY6 and 1POI
respectively.

Table 1. Physicochemical properties of the targets.

Mol.  No. Half Life Extinction
Weig of GV Coefficient
PDB Al . II
T-PI ht amin
Db o Mammal Cystei Cys
. Yeast E-coli reduc
acids ian ne

ed
AEY6 583 84.0 59390.4 540 041 40.0 30 hours >20 >10 100185 99810

0 6 0 7 hours hours
ot 722 70 938 og 07 B3 qhours 0 710 jpaq95 10382
0 7 5 2 min hours 0

*T-PI - Theoretical PI, *Al- Aliphatic sIndex, *MW- Molecular Weight, *GV- Gravy Value, *II - Instability index.

Table 2. Secondary structure prediction of targets.

Alpha helix Beta turn Random Extended
PDB _ID percent Percent Coil strand
4EY6 29.11% 4.73% 48.02% 18.15%
1P0I 28.04% 5.35% 48.15% 18.45%

2.2. Ligands

The phytocompounds from Clitoria ternatea, Cannabis Sativa, Bacopa monnieri, Withania Somnifera,
and Ginkgo Biloba were listed and subjected to property calculation. The phytocompounds were
screened based on Lipinski’s rule of five and ADMET (Absorption, Distribution, Metabolism &
Excretion) properties. The 2D structure of the selected phytocompounds was downloaded from the
small molecule database PubChem (https://pubchem.ncbi.nlm.nih.gov/) () in .sdf format. Ligands
were converted into. pdbqt format using OpenBabel (http://openbabel.org) (O’Boyle et al., 2011).

2.3. Molecular Docking

Molecular docking of the selected phytocompounds against the targets 4EY6 and 1P0OI was
executed in the Autodock Vina software (v.1.2.0.) (Trott and Olson, 2010; Vanessa and Mah, 2021).
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Pre-docking steps, like the addition of polar hydrogen, the addition of Kolmann charges, and
defining the binding site, were performed in the purified protein structure using Autodock Tools
1.5.7 and the prepared structure was saved in. pdbqt format. Autodock vina calculates and results,
in the top 10 poses of protein-ligand interaction based on the binding affinity. The poses with the
least binding affinity and the greatest number of H bonds were considered favourable interactions.
The molecular interaction between protein and ligands complex was analyzed using Discovery
Studio Visualizer 2017. The selected poses of protein-ligand complexes were further subjected to
molecular dynamics simulation.

2.4 Molecular Dynamics Simulation

MD simulations of selected complexes were performed using GROMACS version 2020.1
(Valdés-Tresanco et al., 2021; Bauer, Hess, and Lindahl, 2022). MD package in Ubuntu 20.04.2 (AMD®
Ryzen 9 3900x 12-core processor x 24). The topology file of selected ligands was created using the
CGenFf server, followed by solvation, the addition of ions, Energy minimization, and Equilibration
using NVT (300 K), and NPT (1 atm) ensemble. Protein-ligand complexes were subjected to MDS for
100 ns. Trajectory analyses, including the RMSD, RMSF, SASA, Rg, and Hbond interactions were
performed using the GROMACS version 2020.1 package. Visualization of the complexes after MD
simulation was performed using DS Visualizer, Visual Molecular Dynamics, and Pymol. The
trajectory plot analysis was performed using Xmgrace.

2.4.1. MMPBSA

The poses of docked complexes considered for Molecular Dynamics simulation were also
subjected to MMPBSA, to estimate the binding free energy calculations. gmx_mmpbsa tool (Valdés-
Tresanco et al., 2021) developed for GROMACS was employed for MMPBSA calculations. The
binding energy was further decomposed on the per-residue basis to estimate the binding free energy
of individual residue to the MGAM-TW/WA interaction. The estimation of binding free energy of
ligand-protein complexes in a solvent can be calculated by

AG bind = AG complex - [AG protein + AG lig],

AG complex - overall free energy of the complex, AG protein - free energy of isolate protein, AG
lig - free energy of isolate ligand,

Conceptually, the MM-PBSA approach can be explained as

AG bind = AE gas + AG sol = AE vdw + AE ele + AG polar + AG nonpolar
where AE gas (gas-free energy) = average molecular mechanic potential energy in a vacuum (van
der Waals (AE vdw ) + electrostatic ( AE ele ) interactions),

AG sol = polar solvation (AG polar) energy + nonpolar solvation (AG nonpolar) energy.

3. Result and Discussion

In this study, the neuroprotective and regenerative potentiality of phytocompounds from the
plants Clitoria ternatea, Cannabis Sativa, Bacopa monnieri, Withania Somnifera, and Ginkgo Biloba against
targets Acetylcholinesterase (AChE) and Butyrylcholinesterase (BuChE) from Alzheimer’s disease
and Parkinson’s disease has been investigated through insilico approaches. The research protocol
includes Data retrieval, Molecular property calculation, ADMET prediction, Molecular docking,
Interaction analysis, Molecular Dynamic Simulation, and MMPBSA calculation.

The selected targets, AChE and BuChE play an important role in cholinergic mediation and were
also found to be the targets of many clinically approved drugs (Kandiah et al., 2017). The
Recombinant Human Acetylcholinesterase in Complex with (-)-galantamine (PDB ID: 4EY6) and
Human butyrylcholinesterase (PDB ID:1P0I) were the considered target structures. A total of 196
phytocompounds from five plants were listed and subjected to molecular property and ADMET
prediction. Among that 190 phytocompounds, satisfied Lipinski’s rule of 5 and ADMET properties.
The selected target was also subjected to physiochemical properties and secondary structure
prediction. Table 1 shows the estimated physiochemical properties, and Table 2 shows the secondary
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structure prediction values of target proteins to conclude the feasibility of these protein structures.
The screening/training dataset is composed of 2 targets and 190 ligand molecules.

Molecular docking of the selected targets and ligands was carried out. The complexes with 1870
poses were obtained separately for each target and 187 phytocompounds out of 190 were docked
with the targets. Interaction analysis of the docked complexes was carried out and the poses were
ranked based on the most number of Hydrogen bond interactions at active sites and binding affinity
(supplementary data). Top-ranked poses from each target were screened and three ligands from each
target were shortlisted. A total of 6 poses (Acetyl-4ey6_490802, Acetyl-4ey6_5281701, Acetyl 5280445,
Butryl-1P0I_44259428, Butryl-1P0I_101710597, and Butryl-1P0I_118701104) were selected for the
molecular dynamics simulation to validate the stability of interactions.

From the 6 poses, Acetyl-4ey6_490802 shows H bond interaction at the active site TYR 72, ASP
74, ASN 87 with a binding energy of -10.9, Acetyl_5280445 form Hydrogen bond with the active site
residues GLN 71, TRP 86, GLU 202, HIS 447, TYR 72, and ASP 74 possessing binding energy of -10.6
were illustrated in Figure 1. Whereas Butryl-1P0I_44259428 interacts with the active sites SER 198,
GLY 116, PRO 285, and ASN 289 with a binding score of -11, and Butryl-1P0I_101710597 acquire
binding energy of -11 which interacts with ASN 289, SER 198, GLY 117, and GLY 116 were shown in
Figure 2. Comparatively, the binding energy of ligands in the present study with acetylcholinesterase
with the binding energy of approved drugs like Donepezil (-5.1), Rivastigmine (-3.3), and
Chlorzoxazone (-6.0) calculated using Autodock in other studies, it is found that Tricetin and Luteolin
have good potency against the Acetylcholinesterase (Baskaran et al, 2020). Similarly,
Withasomniferol C and Withanolide show similar and satisfiable binding energy with
Butyrylcholinesterase when compared with docked results in other studies (Khare, Maheshwari, and
Jha, 2021).
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Figure 1. Molecular interaction between ligands and Acetylcholinesterase (4EY6). (a) Interaction of
Tricetin - 4EY6 complex after molecular docking. (B) Interaction of Luteolin - 4EY6 complex after
molecular docking.
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Figure 2. Molecular interaction between ligands and Butyrylcholinesterase (1P0I). (a) Interaction of
Withasomniferol C - 1P0I complex after molecular docking. (b) Interaction of Withanolide-1P0I
complex after molecular docking.

After the MD simulation, the interaction analysis of the complexes and the trajectory plot
analysis (RMSD, RMSF, RoG, SASA, Hbond distribution) were performed (Khare, Maheshwari, and
Jha, 2021). RMSD provides inference on the extent of deviation for a group of atoms from the
corresponding initial reference structure (Schreiner et al., 2012). Thus high RMSD deviation points
out the instability of the structure. The ligands with high RMSD for their corresponding protein-
ligand complex indicates the inadequate accommodation of ligand in the binding pocket of protein
over the given Molecular Dynamics simulation time frames (Al-Karmalawy et al., 2021). The RMSF
plot determines the average deviation of each residue over time from its reference position (Benson
and Daggett, 2012). The notable changes within structural movements could be estimated using an
RMSF cut-off value of 0.30 A, where residues with values >0.30 were considered to have decreased
mobility (de Souza et al., 2019). RoG is used to determine the compactness of a protein. An increase
in RoG values implies a decrease in protein structure compactness, thereby suggesting increased
flexibility and less stability. When a protein is very compact, it tends not to fold easily. SASA often
correlates to the molecular surface area that can be measured by solvent molecules, providing a
quantitative assessment of the degree of protein/solvent interaction (Pirolli et al., 2014). The result
includes both stable (interaction in amino residues remains the same as in the docking result) and
unstable interactions (bond breakage, variation in residue, movement to alternate sites, etc). The
ligands that exhibit better interaction and stability with the target protein were selected were
illustrated in Table 3. The relative binding affinity of ligands towards the protein was also calculated
using the MMPBSA approach. The binding energy for each molecule with its corresponding targets
is tabulated in Table 4.

Table 3. Interaction of selected compounds with targets.

Binding  H-bond

Targe Licand Name H-Bond No. of Affinity interaction ]il:img
t gand_ Interaction (kcal/mol after MD 8Y
Bonds . . (kcal/mol)
) Simulation
. TYR 72, ASP 74,
4EY6 Tricetin ASN 87 3 -10.9 ASP 74 -8.49
GLN 71, TRP 86,
4EY6 Luteolin GLU 202, HIS 447, 6 -10.6 2?; E:;’ -9.85
TYR 72, ASP 74
Withasomnifer SER 198, GLY 116,
1P01 ol C PRO 285, ASN 289 4 -11 TRP 231 -25.26
1P01 . . ASN 289, SER 198,
Withanolide GLY 117, GLY 116 4 -11 TYR 332 -24.1

Table 4. Lipinski’s Rule of Five.

Ligand_Name MW  H-Bond Donor H-Bond Acceptor LogP MR

Tricetin 302.24 5 7 133 78.04
Luteolin 286.24 4 6 1.86 76.01
Withasomniferol - ¢ 3 6 349 12928

C
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Withanolide 470.6 2 6 3.78 127.53

From the in silico results, the phytocompounds Tricetin, Luteolin, and Withasomniferol C,
Withanolide are found to be the potential molecules that exhibit better interaction and good binding
energy with AChE and BuChE respectively were shown in Table 3. The calculated molecular
properties summarise the potentiality of these phytocompounds as drug molecules (Rivera-Pérez,
Yépes-Pérez, and Martinez-Pabdn, 2019). From Tables 4 and 5, it is evident that these
phytocompounds obey Lipinski’s Rule of Five and satisfy ADMET properties.

Table 5. ADMET Properties.

Property Model Name Tricetin Luteolin Wlt::oslogmf Withanolide
Absorbtion = Water solubility -3.028 -3.094 -5.269 -5.127
Caco2 0272 009  0.769 0.831
permeability
Intestinal
absorption 78.366  81.13 97.917 99.2
(human)
Skin Permeability -2.735 -2.735 -3.764 -3.267
P-glycoprotein Yes Yes Yes Yes
substrate
P-glycoprotein I
A No No No Yes
inhibitor
P-glyco.pljotem II No No No Yes
inhibitor
Distribution =~ VDss (human) 0932 1.153 0.142 -0.048
Fractionunbound 50 54 0.23 0.093
(human)
BBB permeability -1.38 -0.907 -0.774 -0.315
CNS permeability -3.557 -2.251 -3.008 -2.696
Metabolilsm CYP2D6 substrate  No No No No
CYP3A4 substrate  No No Yes Yes
CYP1A2 inhibitior Yes Yes No No
CYP2C19
inhibitior No  No No No
CYP2C9 inhibitior No Yes No No
CYP2D6 inhibitior =~ No No No No
CYP3A4 inhibitior No No No No
Excretion Total Clearance  0.513  0.495 0.43 0.347
Renal OCT2 No No No No
substrate
Toxicity AMES toxicity No No No No
Max. tolerated = 5\ 499 L0722 -0.867
dose (human)
hERG I inhibitor No No No No
hERG II inhibitor ~ No No No No
Hepatotoxicity No No No No

Skin Sensitisation = No No No No
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In the trajectory analysis of Tricetin (Acetyl-4ey6_5281701), the average RMSD was calculated as
0.20333 nm. The total RMSD varied between 0.099378 nm and 0.245959 nm at 0.2 ns and 97.9 ns
respectively exhibiting the stability of the complex (Figure 3(a)). The RMSF graph implies the
fluctuation of the protein residues, with residue 198 having the lowest RMSF value of 0.0331 nm,
residue 4 having the highest RMSF value of 0.5093 nm, and residue 542 having the second highest
RMSF value of 0.4966 nm. Unlike the previous complex, residues from 250-400 showed fluctuations
between 0.1nm and 0.3 nm (Figure 3(b)). The lowest RoG value was 2.29377 nm at 800 ps, the highest
value was 2.33971 nm at 81.6 ns, and an average of 2.321226 nm were calculated for the whole
simulation period (Figure 3(c)). The Acetylcholinesterase-Tricetin complex showed an ascent in the
SASA up to 40 ns and continued at a stable progression till 100 ns. An average SASA value of 226.5834
nm? ranging from 207.686 nm? to 238.012 nm? is calculated from the trajectory. Residue TYR 72 and
ASN 87 broke H bonds with the receptor while ASP 74 remained stable in the active site (Figure 3(d)).

Haxibonc:
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Figure 3. Trajectory plots of Tricetin - 4EY6 MD simulation. (a) RMSD plot of Tricetin - 4EY6 MD
simulation. (b) RMSF plot Tricetin - 4EY6 MD simulation. (c) Radius of Gyration plot of Tricetin -
4EY6 MD simulation. (d) H-bond distribution plot of Tricetin - 4EY6 MD simulation.

In the trajectory analysis of Luteolin (Acetyl-4ey6_5280445), the average RMSD was calculated
as 0.180523 nm. The total RMSD varied between 0.095933 nm and 0.219514 nm at the beginning of
the simulation and 35.1 ns respectively exhibiting the stability of the complex (Figure 4(a)). The RMSF
graph implies the fluctuation of the protein residues, with residue 147 having the lowest RMSF value
of 0.033 nm, residue 76 having the highest RMSF value of 0.4422 nm, and residue 4 having the second
highest RMSF value of 0.5697 nm. Residues from 250-400 showed fluctuations between 0.1Inm and
0.25 nm (Figure 4(b)). The lowest RoG value, 2.29549 nm at 100 ps, the highest value, 2.33899 nm at
47 4 ns, and an average of 2.31743 nm were calculated for the whole simulation period (Figure 4(c)).
The Acetyl-Luteolin complex has an average SASA value of 221.2316 nm? and ranges from 207.32
nm?2 to 232.759 nm?2. Apart from HIS 447 all other H bonds were either shifted or broken from the
active site(Figure 4(d)).


https://doi.org/10.20944/preprints202410.1378.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 October 2024 d0i:10.20944/preprints202410.1378.v1

RMSD RMS fluctuation
Backbone after I fit 1o Baclbone

RMSID ()

B e O

=

L i L
50 [ ' 100 200 00
Thime dns) Hesidue

(a) (b)

Radius of gyration (total and around axes)

=

| [ Hydopmvesd] ‘

Rg fam)

Figure 4. Trajectory plots of Luteolin -4EY6 ~ MD simulation. (a) RMSD plot of Luteolin - 4EY6 MD
simulation. (b) RMSF plot Luteolin - 4EY6 MD simulation. (c) Radius of Gyration plot of Luteolin -
4EY6 MD simulation. (d) H-bond distribution plot of Luteolin - 4EY6 MD simulation.

In the trajectory analysis of Withanosomniferol C (Butryl-1P0I_101710597), the plot shifted after
the first half of the simulation time with an average RMSD calculated as 0.173959 nm. The total RMSD
varied between 0.086082 nm and 0.244917 nm at 200 ps and 95.3 ns respectively exhibiting the
stability of the complex (Figure 5(a)). The RMSF graph implies the fluctuation of the protein residues,
with residue 142 having the lowest RMSF value of 0.0349 nm, residue 376 having the highest RMSF
value of 0.2762 nm, and residue 529 having the second highest RMSF value of 0.4223 nm (Figure 5(b)).
As in the RMSD plot, the RoG plot too exhibited a sight upwards after 50 ns. The lowest RoG value
2.29755 nm at 45.9 ns, the highest value was 2.37108 nm at 58.6 ns and an average of 2.327914 nm
were calculated for the whole simulation period(Figure 5(c)). The Butryl-Withanosomniferol C
complex has an average SASA value of 221.0537 nm? and ranges from 212.376 nm? to 231.462 nm?
showing an unfluctuating plot over the simulation time(Figure 5(d)).

T i
T b

Figure 5. Trajectory plots of 1P0I- Withasomniferol C MD simulation. (a) RMSD plot of 1P0I-
Withasomniferol C MD simulation. (b) RMSF plot 1P0I- Withasomniferol C MD simulation. (c)
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Radjius of Gyration plot of 1P0I- Withasomniferol C MD simulation. (d) H-bond distribution plot of
1P0I- Withasomniferol C MD simulation.

In the trajectory analysis of Withanolide (Butryl-1P0I_118701104), The RMSD plot had a slanting
nature, and the average RMSD was calculated as 0.17939 nm. The total RMSD varied between
0.109934 nm and 0.242825 nm at 100 ps and 96.8 ns respectively exhibiting the stability of the complex
(Figure 6(a)). The RMSF graph implies the fluctuation of the protein residues, with residue 142 having
the lowest RMSF value of 0.035 nm, residue 73 having the highest RMSF value of 0.3084 nm, and
residue 74 having the second highest RMSF value of 0.3055 nm. Residues between 200 and 500 were
more fluctuating in comparison with the other complexes (Figure 6(b)). The lowest RoG value was
2.30033 nm at 0.8 ns, the highest value was 2.34204 nm at 99.3 ns, and an average of 2.323457 nm were
calculated for the whole simulation period(Figure 6(c)). The Butryl- Withanolide complex has an
average SASA value of 224.917 nm? and ranges from 216.28 nm? to 234.712 nm? (Figure 6(d)).
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Figure 6. Trajectory plots of 1P0I- Withanolide MD simulation. (a) RMSD plot of 1P0I- Withanolide
MD simulation. (b) RMSF plot 1P0I- Withanolide MD simulation. (c) Radius of Gyration plot of 1P0I-
Withanolide MD simulation. (d) H-bond distribution plot of 1P0I- Withanolide MD simulation.

The computational approaches carried out in this study for protein-ligand interaction prediction
led to the identification of novel interactions. Based on the binding affinity, stability, and molecular
properties of four phytocompounds Tricetin, Luteolin, and Withasomniferol C, Withanolide can be
suggested as lead molecules from this analysis for the inhibition of therapeutic targets of Alzheimer’s
and Parkinson’s disease.

4. Conclusion

The current work is an ayurinformatics study to identify potential lead molecules against the
therapeutic targets (AChE and BuChE) of Alzheimer’s disease and Parkinson’s disease.
Phytocompounds from five plants reported for neuroprotective and regenerative activity were
considered ligands. Molecular interaction analysis, Molecular Dynamic simulation, and MMPBSA
calculations were performed using Autodock Vina and GROMACS respectively. Four
phytocompounds; Tricetin, Luteolin, Withasomniferol C, and Withanolide exhibited stable
interaction even after molecular dynamics simulation. They possess favorable binding affinity in
molecular docking as well as MMPBSA calculations. The molecular properties and descriptors of
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these molecules point to the qualification of these molecules as lead molecules by obeying the
Lipinski rule of 5. ADMET prediction supports the above statement. The insilico analysis supports
and suggests these lead molecules for the inhibition of therapeutic targets Acetylcholinesterase and
butyrylcholinesterase of Alzheimer’s and Parkinson’s disease. Future wet lab experiments have to be
performed to validate the activity of these lead molecules.
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