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BACE-1 is a transmembrane protein occurring in the endoplasmic reticulum that is responsible for generation of beta
amyloid (AB) by cleavage of amyloid precursor protein (APP). Deposition and aggregation of Af in the brain results
in the onset of Alzheimer’s disease (AD). The process of drug discovery in this area is sluggish and most of the
developed molecules fail due to toxicity. Research related to phytochemicals has taken pace in drug discovery process
due to associated low toxicity comparatively. The development of low toxicity BACE-1 inhibitors has proven to be
a promising treatment strategy for AD. In the current study, in-silico drug repurposing techniques were employed
to identify small natural molecules from the ZINC database as potential BACE-1 inhibitors. Molecular docking
studies (both rigid and flexible) were conducted via high-throughput virtual screening, standard-precision and extra
precision mode and protein ligand interactions were observed. Top compounds were undertaken for molecular
mechanics with generalized Born and surface area solvation (MMGBSA) calculations and absorption distribution
metabolism elimination properties analysis. ZINC000014945921, ZINC000150351431, and ZINC000069488328
were selected as leads and these compounds with the co-crystallized ligand were subjected to molecular dynamic
simulations. The final findings of this study suggested that ZINC000150351431 and ZINC000069488328 can be
considered as potential leads in the development of drugs for therapeutic use for AD.

INTRODUCTION

dementias increases [3]. Discovery and development of drugs

Alzheimer’s disease (AD) is a neurodegenerative
disease and is the primary cause of dementia [1], which can
be described as a constant, and continuous loss of memory
combined with cognitive impairment and change in personality.
It is currently one of the chief causes of death and has affected
more than 44 million people around the world [2]. AD mainly
affects people of old age (>65 years), hence as the demographics
of society changes, the prevalence of AD and other age-related
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for AD is a tedious process [4]. In 2023 FDA had approved
a new category of drug lecanemab, only for people with mild
cognitive impairment however studies are stating the patients
who received drug are experiencing edema, or fluid formation
on the brain [5] Currently there are only six FDA (Food and
Drug Administration) approved prescriptions drugs available
to treat the symptoms associated with AD. These include
Tacrine, Donepezil, Galantamine, and Rivastigmine which
are acetylcholinesterase (AChE) inhibitors, Memantine which
is an N-methyl-Daspartate receptor antagonist (NMDA), and
Suvorexant which is an orexin receptor antagonist [6].

The brains of AD patients are characterized mainly by
two histopathological features, which are amyloid (Ap) plaques
consisting of B-amyloid (AB) peptides located outside the cells
and neurofibrillary tangles made up of hyper phosphorylated tau
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protein located within the neurons [7]. Evidence has emerged
indicating that AB3 peptide and its aggregation forms a vital aspect
of the development of AD. BACE1 (B-secretase) is an aspartic
protease mainly present in the central nervous system (CNS) and
contained in the presynaptic terminals [8]. It is responsible for
generating A3 by breaking down the transmembrane protein APP
(B-amyloid precursor protein [9]. Usually, a-secretase governs
proteolytic processing of APP in a healthy brain, however,
when a-secretase is inhibited, - and y-secretases take over and
bring about the formation of neurotoxic AB 1-40 and AR 1-42
[10]. AB 140 and A 1-42 aggregate easily and get deposited.
These are the main components of AP plaques. The production
and deposition of AR are considered to be the factors leading
to pathological changes in AD, such as neurofibrillary tangles,
neuron loss, vascular injury, dementia, and many more [6].

BACEl is considered a major target for the
development of drugs that can decrease cerebral AR levels for
the treatment and prevention of AD. BACEI inhibition would
stop AB production and curb the occurance of AB-associated
pathologies. Also, the studies on BACEl knockout mice
showed that the initial reports were free of any harsh phenotype
and didn’t exhibit any pathological abnormalities [ 11]. Over the
last few years, various BACEI inhibitors underwent clinical
assessment. Initially, many BACE] inhibitors were discontinued
during Phase 1 or early Phase 2 trials due to liver (LY2886721),
ocular (LY2811376), or cardiac (AZD-3839) toxicity.
Some BACE] inhibitors such as verubecestat, atabecestat,
lanabecestat, 1Y3202626, and umibecestat advanced well in
clinical trials but failed to display improvement in cognition
and function in placebo-oriented studies. Elenbecestat was the
final BACEI inhibitor to be discontinued in Phase 3 trials [8].

BACEI is a transmembrane protein of the type 1
category. It consists of a sequence of 82 amino acids running
C-terminally to the homologous pepsin carboxyl terminus,
including a lumenal expansion, a hydrophobic site carrying
the transmembrane and cytosolic areas. The lumenal extension
spans up to about 35 amino acids and is comprised of secondary
structures that directly interact with it by fixing to the pepsin
globular catalytic region. Disulfide bonds are attached to both
extremes of the lumenal expansion and are directly connected
to the catalytic domain. A small sequence of about 11 amino
acids secures the catalytic site of BACE] to the lipid bilayer
membrane, C-terminally of the last disulfide bonded cysteine
of the luminal expansion. Distant from a hydrophobic region
of length of 26 amino acids including the transmembrane area,
another sequence of 21 amino acids expands into the cytoplasm
(residues 494-501). This small stretch contains a dileucine
chain that interacts with the cytosolic region of APP. BACE1
action can also be controlled by the location of the “beta flap”, a
B-sheet hairpin loop that is present over the active site [12]. The
active site of B-secretase is located within the lumen of acidic
intracellular compartments. BACEI is resistant to the inhibitory
effect of pepstatin and shows optimal activity at approximately
pH4.5[11].

In this study, the aim was to carry out drug repurposing
by identification of some existing small molecules of unrelated
purpose, as potential BACE]1 inhibitors using modern in silico
tools of drug discovery. Here, we have considered natural
compounds imported from ZINC database. Natural products

refer to chemical compounds or substances produced by living
organisms thatis present in the nature. These can be classified into
small molecules resulting from metabolic reactions and those
obtained as a result of secondary or non-essential metabolism
[13]. Natural products are associated with low toxicity [14].
In 2019, nearly 30% of drugs were approved in the US on the
basis of drug repurposing. This practice of drug repurposing
has previously been adopted for various disorders such as
cardiovascular problems, cancer, obesity, erectile dysfunction,
ceasing smoking habits, stress, psychosis, and many other
health problems. Repurposing of drugs decreases the time and
cost required for initial screening, toxicity analysis, clinical
trials, large-scale manufacturing, and formulation process [15].
In silico-based studies provide much acceptable and results.
Although in-silicon drug repurposing methods also have their
own advantages, on the other side it has few disadvantages
and limitations also. Limitations are related to the data we
select for the study. If the volume of data is very less, a proper
model cannot be generated, second, it is difficult to understand
vague descriptions, third a lack of comprehensive data. These
challenges are associated with drug repurposing methods but
can be controlled by software engineering techniques.

MATERIALS AND METHODS

The study was conducted using Schrodinger’s Maestro
Molecular platform (Version 12.1) (Schrodinger, LLC, New
York) molecular docking and stimulation studies on the co-
crystallized protein 4-LXM were carried out on a HP desktop
with Linux (Ubuntu, version 18.04.1) as the operating system.
The following tools like Protein Preparation Wizard, LigPrep,
Glide, induced fit docking, MM-GBSA, QikProp, Desmond
was used in this study.

Protein preparation

From the Research Collaboratory for Structural
Bioinformatics Protein Data Bank, the protein structure PBD ID
4LXM was downloaded. This is an X-Ray diffraction structure
of human Beta secretase which has a compound (1S,3S,4S,5R)-
3-{4-amino-3-fluoro-5-[(1,1,1,3,3,3-hexafluoropropan-2-yl)
oxy|benzyl}-5-[(3-tert-butylbenzyl)amino]tetrahydro-2H-
thiopyran-4-ol  1-oxide(CHEMBL2425609) complexed to
it. The co-crystallized protein structure had a resolution
of 2.30 A. Once the protein was downloaded then using the
protein preparation wizard of the Schrédinger suit, the protein
preparation process was carried out. In this preparation, the
downloaded protein was refined and then reviewed and modified
by removing all solvents (mostly water) except the ones that
were found to be interacting with the active site and within 5
A were retained and hydrogens molecules were added. Low-
energy protein molecules are stable, therefore using OPLS3e
(Optimized potential for liquid stimulation) energy minimized
protein molecule was generated by the energy minimization
process of the wizard. Missing chains in the downloaded
protein structure were incorporated using the prime module of
the protein preparation wizard [15,16].

Receptor grid generation

The co-crystallized ligand (18S,3S,4S,5R)-3-{4-amino-
3-fluoro-5-[(1,1,1,3,3,3-hexafluoropropan-2-yl)oxy] benzyl}-
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5-[(3-tert-butylbenzyl)amino]tetrahydro-2H-thiopyran-4-o1-
oxide binding site was identified as the active site. The active
site of the co-crystallized ligand was taken as the centroid and by
using the Grid-based ligand docking with energetics (GLIDE)
module receptor grid box was generated [15,16]. The size of
the grid box was of 10 x 10 x 10A [radius] and the distance
between the grid points was set to a default of 2A [16,17].

Ligand preparation

The compounds from the zinc database were
downloaded. These structures were subjected to pre-processing
using the LigPrep module of Schrodinger. This led to the
generation of 3-D structures at pH 7.0 + 2.0 under the OPLS3e
force field [15,16]. This step basically adds hydrogens, converts
structures from 2-D to 3-D, makes the bond lengths and angles
realistic, and reduces the energy of the structures with correct
parameters such as their ring conformations, chiralities,
tautomers, stereochemistry, and ionization states [18].

Ligand docking

The docking of the Lig-Prep zinc database compounds
to the receptor was carried out using the GLIDE tool [15,16].
The GLIDE tool determines the binding capability of the
compound to the protein and finds the favorable interactions
between the protein and the ligand, using this information it also
assigns the docking score for each compound. The GLIDE tool
also organizes the compounds in the decreasing order of their
docking score. The tool has different scoring functions based
on their precision namely High-Throughput Virtual Screening
(HTVS), Standard precision (SP), and extra precision (XP)
[most accurate]. First, all the drugs were screened via HTVS,
and the best molecules were selected for further analysis by
SP and XP screening, respectively, as HTVS is less accurate
[15,16,19].

Binding energy calculation

The GLIDE docking tool helps us to determine if the
protein interacts with the ligand but the timeperiod for which
the interaction lasts [absolute binding] is dependent on the
binding energy which is determined by using the prime module
[20]. The prime module uses the Molecular Mechanics energies
generalized Born and surface area solvation (MM/GBSA)
method. This method depends on the Variable-dielectric
generalized Bron salvation model which uses water as a solvent
under the OPLS3e field and thereby calculates the binding
energy of the interactions [15,16]. The top eight compounds
according to their docking score after performing XP docking
were selected and these compounds were subjected to MM/
GBSA.

ADMET analysis

The analysis of absorption distribution metabolism
elimination (ADME) was performed using the QikProp tool of
the maestro model. ADME is a measure of the drug likeness
of a compound. Thus, prediction of ADME properties through
in silico approach has emerged as an attractive and cost-saving
method. The Lipinski rule was followed for assessing the drug

likeness of molecules. It is expected that it helps in reducing
failure rate in drug development process and drug recalling.
Also, the gap is decreased between R&D to market and cost
is reduced at later stage of drug development. Although this is
a well-established method for filtering suitable molecules but
on the other hand it is unable to predict whether the compound
would be effective as a therapeutic agent or not. The QikProp tool
was used to predict various properties such as molecular weight
of the compounds (MW), octanol/ water partition coefficient
(QPlogPo/w), the number of hydrogen bond donors (donorHB),
hydrogen bond acceptors (acceptHB), predicted brain/blood
partition coefficient (QPlogBB), Polar Surface Area (PSA),
Lipinski’s rule of 5 [15,16]. Default settings were employed
for these calculations. The compound’s bioavailability relies
on its absorption process and first-pass liver metabolism. The
absorption of the compounds, on the other hand, is determined
by their solubility and permeability characteristics and also
how the compound interacts with the transporting system and
enzymes responsible for the metabolism in the gut wall. The
parameter to assess oral absorption of the molecules is the
QPlogS i.e., Predicted aqueous solubility. The toxicity studies
of top-hit molecules were executed through ADMETIab2.0
integrated online platform.

Induced fit docking

Based on the docking score (XP), MMGBSA
calculations, and the druggability analysis, eight compounds
were selected for IFD (Induced Fit Docking) XP, the process
uses Glide and Prime modules which accurately predicts the
behavior of the ligand inside a receptor which includes the
ligands modes of binding and its structural movements in the
receptor. The ligand undergoes conformational changes when
it binds to the protein pocket which allows the ligand to bind
better. The prepared protein was included in the workspace
and then ligands were selected in the project table. Standard
protocol was followed which generates up to 20 poses and van
der Waal’s scaling was done at a default factor of 0.50 [16,18].
Finally, IFD score was generated, this score is generated as
a function of the docking score, glide energy, glide emodel
values, and types of interactions [21].

Molecular dynamics (MD)

MD studies were carried out using Desmond module
from Schrodinger on a workstation having specifications of
the desktop PC; Operating system (Linux), Version (Ubuntu
18.04.5 LTS), Graphics card (Intel HD graphics 2500 (IVB
GT1), Processor (Intel core i3-3240 processor), RAM of 8GB
[20,21]. Compound ZINCO000150351431 (Phytosulfokine B)
along with ZINC000069488328, ZINC000014945921 dock
complex was selected on the basis of the previous results and
was further subjected for MD at 100ns. The co crystallized
ligand was also subjected to the MD simulation studies as a
reference compound. MD included following steps; initially
the complex of protein and the docked ligand were selected,
then a periodic boundary condition of size 10 x 10 x 10 A with
an orthorhombic shape was created around it and the system
was made isoosmotic by adding Na ions using System Builder
[22]. The solvent model selected wad simple point charge. The
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system model was subjected to energy minimization until a
gradient threshold reached 25 kcal/mol/A and the system was
balanced at a temperature of 300K and 1 bar pressure via NPT
(Normal temperature and Pressure) ensemble [15,16]. The
solvated system was minimized using the maximum iterations
0f 2,000 and 1.0 (kcal/mol/A) convergence threshold for 100 ns.
MD simulation was performed at 300K at atmospheric pressure
of 1.01325Bar and a total of 1,000 frames were recorded during
the 100-nsec simulation. Simulation interaction diagram was
used for further analysis of MD results [23].

RESULTS AND DISCUSSION

Based on molecular docking, ADME, and MMGBSA,
eight hit compounds were selected from a virtual screening of
35,711 natural compounds. The binding affinity (docking-score)
of these compounds was higher than that of the co crystallized
ligand. The interactions of co-crystallized ligand with the
protein and the top compounds interactions were compared at
the particular binding site.

Molecular docking

In the present study, ZINC database was used
to download the dataset. Here, three lakh molecules were
screened after applying Log P filter. The docking process was
done by using different modes available in the GLIDE panel.
The selected compounds from the Zinc database chosen were
subjected for docking in HTVS mode, which summed up to
35,711 compounds. HTVS is used when a large number of
compounds are to be screened as it is less time taking compared
to SP and XP docking. Conformational sampling in HTVS
mode is much more constrained than SP docking, and it cannot
be used with score-in-place. The top 10 % of the resultant
compounds from HTVS docking were filtered based on their
dock score and were further subjected for docking in SP mode,

which totaled up to 4,117 compounds. SP docking maintains
a balance between speed and accuracy. The top 10 % of the
resultant compounds from SP docking were further subjected
for docking in XP mode, which totaled up to 509 compounds.
XP docking uses descriptors and explicit water technology, is
most accurate but time taking and is used to elude any chances
of false-positive results and therefore the resultant compounds
from this docking ensure a proper correlation between the
docking score and binding pose of drugs [24]. Finally, the top
eight compounds were chosen based on their XP docking score
and protein—ligand interactions. All of the eight compounds
had a docking score ranging between —12.333 Kcal/mol and
—11.206 Kcal/mol. BACE1’s binding pocket is made up of three
main components: a, the catalytic aspartic acid residues that are
important for BACE1’s proteolytic activity; B, the flap, which is
the most flexible part of the binding site and regulates substrate
access; and C, the 10 s loop near the S3 pocket. A: The catalytic
dyad of Asp32 and Asp228 is found in the ligand binding sites
and is important for the enzyme’s proteolytic action. As a ligand
binds to these two amino acids, it increases its binding affinity
and, as a result, its potency [25]. H-bond with GLN73, in
addition to the aspartic dyad, was discovered to be essential for
inhibition [10]. All the interactions like H-bond, hydrophobic
interactions, polar interactions, m-cation, and charged positive
and negative interactions for nine hits have been summarized
in Table 1.

Out of the top ligands and the cocrystallizedstructure,
ZINC000069488328, ZINC000049089131,
ZINC000261496860 made Hydrogenbonding interactions
with the Aspartic Dyads ASP228 and ASP32, as well as
GLN73, while ZINC000150351431, ZINC000014945921,
ZINC000069488195, CHEMBL2425609(cocrystallised
ligand), made H-bond interactions with only the aspartic dyad
except for ZINC000040164523, which formed H-bonding with

Table 1. 2-D interaction diagrams with an illustration of all interacting residues.

S.No Drug 2D interaction diagram Interacting residues
1 CHEMBL2425609 H- bonding: ASP32, GLY34, ASP228, PHE108
Salt bridges: ASP228
Hydrophobic: TYRI115, ILE118, LEU30, ILE126, ILE226,
TYR198, VAL69, PRO70, TYR71, VAL332, ILE110, PHE108
Polar: GLN12, SER35, SER36, GLN73, THR72, THR232,
THR231
n-m stacking: TYR71
Charged positive: ARG128, LYS107
Charged negative: ASP228, ASP32
2 ZINC000150351431 g H-bond: ARG235, THR232, GLY230, ASP228, ARG128,

ASP32, THR72
Salt bridges: ARG235, ASP228, ARG128, ASP32

Hydrophobic: ILE126, VAL69, TYR198, PRO70, TYR71,
@ LEU30, ILE118, PHE108, TRP115, ILE110
Polar: GLN326, SER325, ASN233, THR232, THR231,

SER229, THR72, GLN73, GLN12, SER35
Vi n-x stacking: TYR71
Charged positive: ARG128, LYS107,ARG235

Charged negative: ASP228, ASP32

(Continued)
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S.No

Drug

2D interaction diagram

Interacting residues

ZINC000040164523

ZINC000069488328

ZINCO000014945921

ZINC000049089131

ZINC000261496860

ZINC000069488195

ZINC000261496858

Daa

)“\
S ’@

H-bond: PHE108, GLY34, TYR198, ASP228, GLY230,
THR232, GLY 11, ARG307
Salt bridges: ASP228, ARG307
Hydrophobic: PHE108, PHE109, ILE110, TRP115, VAL332,
ILE118, LEU30, TYR71, PRO70, ILE226, TYR198
Polar: GLN73, THR72, SER35, THR231, THR232, ASN233,
GLN12
Charged positive: ARG235, ARG307, Lys107
Charged negative: ASP32, ASP228

H-bond: LYS107, GLN73,
GLY230, ASP228, ASP32
Salt bridges: ASP32, ASP228
n-m stacking: PHE108
Hydrophobic: TRP115, ILE118, TYR71, ILE110, PHE108,
LEU30
Polar: GLN73, THR72, THR231, SER35
Charged positive: LYS107
Charged negative: ASP32, ASP228

H-bond: ASP228, ASP32, GLY34, THR72
Salt bridges: ASP32, ASP228

Hydrophobic: VAL332, TYR71, PRO70, VAL69, ALA127,

ILE126, TYR198, ILE126, ILE118
Polar: GLN73, THR72, THR329, THR231, SER35, SER36,

ASN37
Charged positive: ARG128
Charged negative: ASP32, ASP228

H-bond: GLN73, ASP32, ASP228, GLY 11
Salt bridges: ASP32, ASP228
Hydrophobic: ILE110, PHE108, TYR71, LEU30, TRP115,
ILE118
n-m stacking: TYR71
Polar: GLN73, SER35, THR231, THR232, GLN12
Charged positive: LYS107
Charged negative: ASP32, ASP228

H-bond: ARG307, ASN233, THR232, GLN73, ASP228,
LYS224, ASP32, TYR198
Salt bridges: LYS224, ARG307
Hydrophobic: TYR71, VAL332, TYR198, ILE226, ILE118,
LEU30, ALA323
Polar: GLN73, THR72, THR329, THR231, THR232,

ASN233, SER35

Charged positive: LYS224, ARG307, ARG235, LYS321

Charged negative: ASP228, ASP32

H-bond: ASP32, GLY34, THR72, ASP228
Salt bridges: ASP32, ASP228
Hydrophobic: THE108, TRP115, ILE118, VAL332, TYR198,
ILE126, LEU30, TYR71, PRO70, VAL69, ILE226
Polar: THR329, GLN73, THR72, SER35, THR231
Charged positive: ARG235, LYS107
Charged negative: ASP32, ASP228

H-bond: GLN73, ARG128, TYR198, ASP228, ASP32,
THR232, ASN233, ARG307
Salt bridges: ARG128, ARG307, LYS321
Hydrophobic: TYR71, PRO70, TYR198, ILE226, LEU30,
ILE118, ALA323
Polar: GLN73, THR72, SER35, THR231, THR232, ASN233
Charged positive: LYS321, ARG307, ARG235, ARG128,
LYS224
Charged negative: ASP228, ASP32
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ASP228 but not with ASP32. Other common hydrophobic
residues were found to be ILE118, TYR71, TYR198, and
LEU30. The cocrystal exhibited aromatic n-m stacking
interactions with TYR71, with only two out of the eight ligands,
specifically ZINC000150351431 and ZINC000049089131,
displaying this characteristic. However, aromatic n-n stacking
involving ZINC000069488328 was observed in conjunction
with PHE108. Cocrystallised ligand (CHEMBL2425609) is
exhibiting hydrophobic interactions with amino acids such
as TYRI115, ILE118, LEU30, ILE126, ILE226, TYR19S,
VAL69, PRO70, TYR71, VAL332, ILE110, and PHE108.
CHEMBL2425609 and ligands displayed similar hydrophobic
interactions with specific amino acids, including ILE118S,
TYR71, TYR198, and LEU30.

MMGBSA

The selected compounds were subjected to prime
MMGBSA analysis in selected docked poses to measure the
protein-ligand complex stability in the form of binding energy
and their dG binding energy was found to be > —47 kcal/
mol (Table 2). The dG binding energy of the cocrystallised
drug CHEMBL2425609 was discovered to be —103.74 kcal/
mol. Therefore, these results suggest that all the ligands show
stability in their docked poses and can act as potential BACE
1 inhibitors. ZINC000150351431 showed the most favorable
binding energy of —106.63 kcal/mol.

ADMET analysis

ADME properties of the top nine hits were studied
using the QikProp module. The ADME properties included
molecular weight, total solvent accessible surface area,
number of H-bond donors, number of H-bond acceptor,
predicted octanol/water partition coefficient (Log Po/w),
predicted aqueous solubility (QPLog S), predicted blood/
brain partition coefficient (Log BB), PSA and Lipinski rule
of five (Table 3). The rule of five stipulates that no more
than one of the five properties of an orally active medication
can be violated [26]. Only four hits were in accordance
with this rule ZINC000069488328, ZINC000014945921,
ZINC000049089131, and ZINC000261496858. The co-
crystallised ligand was found to violate the rule of five.

One of the most important elements in drug
development for CNS illnesses is the presence of a blood—-brain
barrier (BBB) that limits the movement of chemicals to the brain.
A compound must have significant properties like QlogBB and
PSA to be regarded as a CNS leading candidate. For a drug
to pass the BBB, which is required for Alzheimer’s treatment,
the QlogBB value must fall within the agreed-upon range of
—3.0—1.2. Many researchers have employed PSA as a predictor
of BBB penetration [26]. In addition, the prediction of binding
to human serum albumin was also taken into account. After
thorough analysis, it was found that only ZINC000069488328
was in accordance to the range of QPlogKhsa for prediction of
binding to human serum albumin, QlogBB for BBB penetration,
and PSA. QP log S values for most of the compounds were
acceptable. Oral bioavailability (F) results (Table 4) were found
to be favorable for ZINC000069488328, ZINC000014945921,
ZINC000150351431, ZINC000694881954 and co-crystallized
ligand. The remaining compounds showed very poor
bioavailability. AMES test (Salmonella typhimurium reverse
mutation assay) results indicate that none of the top hit
molecules were toxic, also 0 alerts were found for acute toxicity
results of these molecules.

Induced fit docking

Traditionally, ligands are docked into the binding
site of the receptor while the receptor is kept stiff and the
ligand is free to move in virtual docking experiments. Because
proteins in the body naturally undergo side-chain or backbone
movement, or both, when they connect to a ligand, therefore
presuming a rigid receptor can lead to erroneous conclusions.
These changes allow the receptor to better adjust its binding site
to the shape and binding mode of the ligand. A glide application
known as induced fit docking may be used to reliably estimate
the binding affinity of new inhibitors to the produced protein
crystal, simulating this process. It is primarily used to develop
an accurate complex structure for a ligand that is known to be
active but cannot dock in a receptor’s rigid structure, and false
negatives can be filtered out by using additional conformations
obtained with the induced fit protocol rather than screening
against a single receptor conformation. It promotes the docking
of ligands in various conformations and determines the better
binding capacity of the ligand [27]. During this study, the

Table 2. Prime MMGBSA score and docking score of top nine compounds.

Dock score (XP)

S.no Compounds (keal/mol) MMGBSA dG bind (kcal/mol)

1 CHEMBL2425609 -9.824 —-103.74
2 ZINC000150351431 —12.333 -106.63
3 ZINC000040164523 —-12.051 -91.70
4 ZINC000069488328 -11.821 —76.56
5 ZINC000014945921 -11.477 —80.68

6 ZINC000049089131 —11.473 —65.21

7 ZINC000261496860 —11.425 —48.91

8 ZINC000069488195 -11.419 —72.44
9 ZINC000261496858 —-11.206 —47.30
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Table 3. Analysis of ADME of the top nine compounds using QikProp.

Compounds nlan\(;:a DI;’I';‘I;F ‘:g:t QPlogPo/wd  QPlogKhsae  QPlogSf  QPlogBBg PSAh l:f“;‘l’
CHEMBL2425609 584591 3.500 8.200 5.261 0.796 ~5.399 0.420 84.797 2
ZINC000150351431 718747 5750  17.950 2254 2,056 3723 6.867 328.737 3
ZINC000040164523 609.592  9.500 17250 6583 3233 0.841 6.168 372.704 3
ZINC000069488328 309364 6.250 6.500 2326 1,149 0.495 ~0.974 129.543 1
ZINC000014945921 341369 5.250 6.250 ~1.056 0.736 2,260 1519 140.969 1
ZINC000049089131 337381 6.000 12.100 ~1.871 0.898 0.024 1514 141.198 1
ZINC000261496860 719279 7.000 30.200 3.859 3919 ~0.544 8759 387.996 3
ZINC000069488195 341369 5.250 6.250 1,044 -0.705 2339 -1.701 147.732 3
ZINC000261496858 719279 7.000 30.200 3.974 3.923 -0.623 -9.088 392.105 1

Molecular weight of the molecule (range 130.0 —725.0), Estimated number of hydrogen bonds that would be donated by the solute to water molecules in an aqueous
solution (range 0.0-6.0), Estimated number of hydrogen bonds that would be accepted by the solute from water molecules inan aqueous solution (range 2.0-20.0),
Predicted octanol/water partition coefficient (range —2.0-6.5), Prediction of binding to human serum albumin (range —1.5-1.5), Predicted aqueous solubility (range
—6.5-0.50), Predicted brain/blood partition coefficient (range —3.0—1.2), PSA Van der Waals surface area of polar nitrogen and oxygen atoms (range 7.0-200.0),
Number of violations of Lipinski’s rule of five. The rules are: mol MW <500, QPlogPo/w <5,donorHB <5, accptHB <10 (range > 4.

Table 4. Toxicity prediction.

Compounds AMES toxicity Acute toxicity rule (during oral absorption Oral bll?;g;l lability
0
CHEMBL2425609 No 0 Alerts 0.001
ZINC000150351431 No 0 Alerts 0.158
ZINC000014945921 No 0 Alerts 0.003
ZINC000069488328 No 0 Alerts 0.003

ligand and van der Waals scaling was kept constant at 0.50. The
calculations were performed by following the SP protocol. A
maximum of 20 poses of the protein with ligands were generated
and each pose was analyzed thoroughly. The pose that showed
maximum interactions with required residues was further taken
for MD studies. ZINC000040164523 showed the highest IFD
score (—807.13) amongst the top nine compounds (Table 5). 3-D
interactions of the few compounds are shown in (Fig. 1)

MOLECULAR DYNAMICS

MD is utilized to model ligand-protein complexes
when physiologically relevant structures are present. MD
stimulation has the advantage of accurately reflecting the real-
world conditions of the biological system. Throughout the
protein, explicit solvent representation is visible. It forms a
highly dynamic protein structure, and the ligand protein complex
is solvated with water in the same way that it is in nature. To
obtain insight into binding stability and interactions with key
amino acids within BACE 1 protein’s drug-binding pocket in
a dynamic state. MD simulations were performed for three
ligand-protein complexes viz., ZINC000150351431-BACE
1 docked complex (complex 1), ZINC000014945921-BACE
1 docked complex (complex 2), ZINC000069488328-BACE
1 docked complex (complex 3) based on molecular docking
score, binding energy, IFD score, and oral bioavailability
studies. ZINC000049089131, ZINC000261496860,
ZINC000069488195, and ZINC000261496858 showed
comparatively less binding energy to the target protein.

ZINC000040164523 was found to have poor oral bioavailability.
This study was also conducted for the co-crystallized ligand
to compare the stability of the ligand-protein complex with
the CHEMBL2425609 — protein complex. The frame was
captured for 100ps in MD simulation, resulting in 1,000 frames
being produced for a 100ns stimulation period and saved
in a trajectory. In addition, the stability of the ligand-protein
complex was estimated using an RMSD plot (Root mean square
deviation) for BACE 1 (4LXM) protein and ‘Lig Fit Prot’ for
the ligands.

For Complex 1 the protein and ligand RMSD values
were determined to be within the range of 1.17 A —2.00 A and
1.02 — 4.26, respectively. The complex was stable throughout
the study, but a slight drift was observed for a period of 79.6 —
82 ns after which the complex stabilized in the later part of the
study (Fig. 2 a). For complex 2, the protein and ligand RMSD
values were determined to be within the range of 1.04 A —2.07
Aand 1.15 A —8.41 A, respectively, major drifts were observed
for 5 — 43 ns and 60 — 100 ns, and during this period the RMSD
values were found to be more than the acceptable range of 1-3
A (Fig. 2b). For complex 3 the protein and ligand RMSD values
were determined to be within the range of 1.02 A — 1.77 A and
1.18 A — 5.81 A, respectively, initial drift from 0-11 ns was
observed due to the initial stabilization of the protein structure
with respect to ZINC000069488328 — protein complex and
a major drift was observed from 51-53 ns after which the
complex stabilized towards the end of the study (Fig. 2c). For
co-crystallised ligand — BACE 1 complex, the protein and
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Figure 1. 3-D Induced fit docking ligand interactions of a) ZINC000040164523 b) ZINC000014945921 c) CHEMBL2425609 d) ZINC000069488328
e) ZINC000150351431 BACE 1 (4LXM) protein and ‘Lig Fit Prot’ for the ligands.
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Figure 2. a) RMSD plot of ZINC000150351431 and BACE 1 protein complex b) RMSD plot of ZINC000014945921 and BACE 1 protein complex ¢) RMSD plot of
ZINC000069488328 and BACE 1 protein complex d) RMSD plot of CHEMBL2425609 (co-crystallised ligand) and BACE 1 protein complex.

ligand RMSD values were determined to be within the range of
1.14 A -2.02 A and 1.14 A — 2.02 A, respectively, and slight
drift was observed at 93 ns after which the complex stabilized
(Fig. 2d).

Throughout the simulation study, the protein-ligand
interactions were also monitored, and an analysis report was

generated for the potential protein-ligand interactions. In the
chosen trajectory, interactions that occur more than 30.0% of
the simulation time were noted. Complex 1 made hydrogen
bond interactions with ARG128, SER325, ARG235, GLN73,
THR232, GLY230, THR231, ASP228, ASP32, and THR72.
The n-cation interaction was made with ARG235. Hydrophobic
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Figure 3. Histogram of protein-ligand interactions. (a) Interaction of ZINC000150351431 with various BACE 1 protein residues (b) Interaction of ZINC000014945921
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Lodha et al. / Journal of Applied Pharmaceutical Science 14 (09); 2024: 292-304

301

Table 5. New and missing interactions of the top nine hits during induced fit docking in comparison to XP docking interactions
and their IFD scores.

H-bond interactions Hydrophobic interactions n-m stacking IFD
S.No Compounds
New Missing New Missing New Missing Score(kcal/mol)
1 CHEMBL2425609 ARG235 ASP32 - TYR198 - —794.42
2 ZINC000150351431 SER325 ASP228 TYR71 —-803.50
GLY11 o o o
GLN73
3 ZINC000040164523 GLNI12 PHE108 PHE109 TRP115
GLN73 GLY34 o PRO70 o —807.13
THR72 TYR19
LYS107
4 ZINC000069488328 THR72 GLN73 PRO70 PHE108 —794.29
ARG235 LYS107 VALG69 o o
PRO70 TYR198
ILE226
VAL332
5 ZINC000014945921 ARG235 PHE108 VAL332 TYR71 —795.24
PHE108 ILEL10 ALA127 -
TRP115
LEU30
6 ZINC000049089131 LYS107 ASP228 TYR71 —793.26
7 ZINC000261496860 LYS321 LYS224 PRO70 VAL332 —-803.30
ARG235 ASP228 PHE322 ILE226 - -
THR72 ILEL10
GLY264
8 ZINC000069488195 GLN73 ILE126 TYR71 - ~794.92
9 ZINC000261496858 ARG235 GLN73 VAL332 LEU30 —804.80
THR72 TYR198 ILEL10 ALA323 o o
ILE126 ASP228 ALA127
ARG307 VALG69
TYR71

interactions were also present but with weaker occupancy with
LEU30, TYR71, and ARG235 (Fig. 3a). Complex 2 made
hydrogen bond interactions with Thr232 and Asp32. Water
bridged interactions were seen with LYS107 and THR72,
also hydrophobic interactions with weaker occupancy were
seen with LEU30, TYR71, PHE108, ILE110, and TRP115
(Fig. 3b). Complex 3 made hydrogen bond interactions with
Thr72, Asp32, ASP228, and PRO70. It made water bridges
interaction with ASP228 and =n-m stacking interactions with
TYR?71. Hydrophobic interactions were observed with TYR71
and PRO70 (Fig. 3c). Co-crystallised ligand—-BACE 1 complex
made hydrogen-bonding interactions with ASP228, ASP32,
GLY34, and PHE108. n-n stacking was observed with TYR71
and hydrophobic interactions were seen with PHR108 and
TYR71 (Fig. 3d).

P-RMSF (Protein root mean square fluctuations) was
utilized to visualize the fluctuations of each protein residue
across the simulated time period. The protein amino acid
residue that fluctuates more is represented by higher peaks. For
complex 1, the most fluctuating residues were observed to be
ALA313 with an RMSF value of 2.58 A, GLN73 with RMSF
value of 2.55 A and GLY273 with RMSF value of 2.56 A.
RMSF of the remaining protein was found within the range of

1.02 A to 2.58A (Fig. 4a). For complex 2, the most fluctuating
residues were observed to be VAL312 with RMSF value of
3.42 A, SER46 with RMSF value of 3.00 A and ALA157 with
RMSEF value of 3.00 A. RMSF values of remaining protein was
found within the range of 0.67 A-3.42 A (Fig. 4b). For complex
3, the most volatile residues were observed to be SER46
with RMSF value of 2.32 A and ALA313 with RMSF value
of 2.40 A. RMSF volatility for remaining protein was found
within the range of 0.56 A-3.32 A (Fig. 4c). For complex 4,
the most volatile residues were observed to be THR314 with
RMSF value of 4.06 A, ASP311 with RMSF value of 2.89 A
and LEU167. RMSF volatility for remaining protein was found
within the range of 0.60 A—4.06 A (Fig. 4d).

Ligand root mean square fluctuation (L-RMSF)
could reveal how ligand fragments interact with proteins
and have an entropic function in the binding process. For
complex 1, O groups at position 34 and position 35 of the
ring B of the structure were found to be the most volatile with
an RMSF value of 4.43 A and 4.37 A, respectively. Other
major fluctuations were seen with O atom at position 36 of
ring B with an RMSF value of 4.01 A. Overall the RMSF
value of complex 1 with respect to protein ligand complex
was observed within the range of 0.94 A—4.43 A (Fig. 5a).
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For complex 2, major volatility was seen with C alkene
(position 7) of the imidazolinium ring with an RMSF value
of 3.64 A and with NH ion (position 6) of the imidazolinium
ring with an RMSF value of 3.59 A. Overall the RMSF
value of complex 2 with respect to protein ligand complex
was observed within the range of 2.14 A-3.64 A (Fig. 5b).
For complex 3 major volatility was seen with NH group at
position 1 with an RMSF value of 6.73 A and with C atoms at
positions 2, 3 and 4 with RMSF values of 5.78 A, 4.88 A and
3.80 A, respectively. Overall, the RMSF value of complex 2
with respect to protein ligand complex was observed within
the range of 0.67 A-6.73 A (Fig. 5¢). For co-crystallized
ligand—BACE 1, complex major volatility was seen with F
(fluorine) atoms at position 1, 3, 4 with RMSF values of 2.29
A, 234 A, 2.15 A, respectively. Overall, the RMSF value
of co-crystallized ligand—BACE 1 complex with respect to
protein ligand complex was observed within the range of
0.53 A-2.36 A (Fig. 5d). After a thorough analysis it was
found out that aromatic ring, amine, and ketone groups were
important structural features required for good interactions
with the protein complex.

CONCLUSION

In the present work, rational approach receptor-based
virtual screening was employed on the target (4LXM) to identify
potential BACE 1 inhibitors. A library of natural products
was prepared from ZINC 15 database. The hits were further
analysed and ranked by using docking score, binding energy,
fitness score, ADMET parameters and MD simulations. Thus,
from these studies we suggest that ZINC000150351431 and
ZINC000069488328 can act as possible leads for the treatment
of AD. ZINC000014945921 comparatively was found to be
less stable during MD studies as evident from RMSD plot data.
However, the compounds need to be subjected to in vitro and
in vivo studies to further strengthen our results.
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