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INTRODUCTION

Alzheimer's disease (AD) is a debilitating
neurodegenerative disorder in older persons be-
cause it relentlessly, progressively and irreversibly
destroys the brain. Neurons are the chief cells
which are destroyed by disease. It is mostly seen
in persons over the age of 65 years and is charac-
terized by progressive cognitive deterioration to-
gether with declining activities of daily living,
memory and intellectual performance.1-3 It remains
as a global challenge for which no treatment is
currently available.

One of the hallmarks of AD is the accumulation of
amyloid plaques between nerve cells (neurons) in
the brain. The -amyloid is a fragment of a pro-

tein that is snipped from another protein amyloid
precursor protein (APP). In a healthy brain, these
protein fragments would be broken down and
eliminated. In AD these fragments accumulate to
form hard, insoluble plaques. The -secretase is
also known as -site amyloid precursor protein
cleaving enzyme (BACE-1) memapsin-2 or as-
partyl protease-2. The -secretase is a type 1
transmembrane aspartic protease with the high
activity in neuronal cells in the brain.4-6  In majority
of the cases -secretase protein is detected in the
golgi and in endosomal compartments where APP
is located.7 Recently, soluble A-oligomers of 56
kDa were detected in Tg2576 mice and were
shown to contribute to cognitive deficits associ-
ated with AD.8 -secretase was also observed  to
be  elevated  in  AD.9   Therefore, -secretase
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appears to be an important therapeutic target for
treatment of AD.10,11 Inhibition of -secretase
would stop amyloid plaque formation.
Thiazolidinediones, rosiglitazone, pioglitazone and
SC7 are the recently reported inhibitors for AD,
however, these compounds revealed poor phar-
macological properties. In the present study, po-
tent antagonists of -secretase were identified
through structure based virtual screening.

MATERIAL AND METHODS

Protein preparation

The three dimensional structure of human -
secretase in complex with the inhibitor N'-
{(1S,2R)-1-(3,5-Difluorobenzyl)-2-[(2R,4S)-4-
Ethoxypiperidin-2-YL]-2-Hydroxyethyl}-5-Me-
thyl-N, N-Dipropylisophthalamide [SC7;protein
database (PDB) code: 2QP8] was retrieved from
the protein data bank.12 The inhibitor binding site
of -secretase was determined through analysis
of 2QP8 using PyMOL, an open viewer molecu-
lar software.13 The protein preparation wizard of
Schrodinger 2011 was used to prepare the pro-
tein.14 The protein was preprocessed by deleting
inhibitor and the crystallographically observed
water molecules (water without H-bonds) beyond
5 Å of the inhibitor. The hydrogen atoms were
added and atomic charges were assigned. Opti-
mized potential for liquid simulation-2005 (OPLS-
2005) force field was utilized to optimize the ge-
ometry and minimize the energy of the protein.

Ligand preparation

Ligand.Info Meta-database tool retrieves struc-
tural analogues for the queried small molecule by
implementing 2D geometry search techniques from
eight renowned small molecule databases such as
Havard's ChemBank, ChemPDB, Kyoto ency-
clopedia of genes and genomes (KEGG) Ligand,
Druglikeliness National Cancer Institute (NCI),
Anti-HIV NCI, Unannotated NCI, AkoS GmhB,
Asinex Ltd etc.15 Five recently reported -
secretase inhibitors (thiazolidinediones,
rosiglitazone, pioglitazone, SC7 and tartaric acid)
were searched for structural analogs from

Ligand.Info Meta-database tool.16-22 Maximum of
50 structural analogues of each -secretase in-
hibitors were retrieved from each of eight struc-
tural databases of Ligand.Info.16-22 Consequently,
an in-house library of structural analogues of -
secretase inhibitors was compiled.

LigPrep23 is an application tool in Schrödinger
software suite that combines tools for generating
three-dimensional (3D) structures from one-di-
mensional (1D) (SMILES) and two-dimensional
(2D) (SDF) representation, ionization states using
Epik24 and searching for tautomers and steric iso-
mers to generate broad chemical and structural
diversity compounds from a single input structure.
The structural analogs of five human -secretase
inhibitors such as thiazolidinediones, rosiglitazone,
pioglitazone, SC7 and tartaric acid were prepared
using LigPrep. The ligands with poor pharmaco-
logical properties and reactive functional groups
were discarded by employing Lipinski's filter and
reactive filter.25 A customized library of non-re-
dundant pharmacologically preferred conforma-
tions were prepared.

Virtual screening

Structure based virtual screening is one of the pro-
ficient method of potent lead discovery. A grid (20
 20  20 Å) was generated centered on the
inhibitor binding site of -secretase.26 Virtual
screening was performed from the in house ligand
library by using virtual screening workflow (VSW)
module of the Schrödinger software suite. VSW
uses glide docking protocol to rank the best com-
pounds which utilizes the multi-step workflow,
Glide high-throughput virtual screening (HTVS),
standard precision (SP) and extra precision (XP)
to retain lead molecules with better binding affinity
in a good binding orientation without steric
classes.26,27 The molecules which are docked most
favorably were ranked based on XP Gscore.

Molecular dynamics simulations

The simulations of -secretase-lead1 docking com-
plex was carried out by using Desmond v3.0.28-30

The system was embedded with simple point
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charge (SPC) water model and neutralized by re-
placing solvent molecules with Na+ ions. Forcefield
parameters for the protein-ligand systems were
assigned using the OPLS-2005 forcefield. The
system was stipulated with periodic boundary con-
ditions, the particle mesh Ewald (PME) 31 method
for electrostatics, a 10 Å cutoff for Lennard-Jones
interactions and SHAKE algorithm32 for restrict-
ing motion of all covalent bonds involving hydro-
gen atoms. The final system was simulated through
a multistep protocol devised in Maestro v9.2. In
brief, this included energy minimization using hy-
brid method of steepest descent and the limited-
memory Broyden-Fletcher-Goldfarb-Shanno
(LBFGS) algorithm28-30,33 with a maximum of 2000
steps including the following: initial 10 steps of
steepest descent with solute restrained; similar
energy minimization for 2000 steps without solute
restraints, 12 ps simulation in number of atoms,
volume and temperature constant (NVT) ensemble
(temperature 10K) restraining nonhydrogen sol-
ute atoms; 12 ps simulation in the number of at-
oms,  pressure and temperature constant (NPT)
ensemble (temperature 10K) restraining
nonhydrogen solute atoms; 24-ps simulation in the
NPT ensemble restrained with solute nonhydrogen
atoms (temperature 300K); and 24-ps simulation
in the NPT ensemble (temperature 300K) with
no restraints.  The temperatures and pressures in
the short initial simulations were controlled using
Berendsen thermostats and barostats, respectively.
The equilibrated system was simulated for 10 ns
with a time step of 2 fs, NPT ensemble using a
Nose -́Hoover thermostat at 300K and Martyna-
Tobias-Klein barostat at 1.01325 bar pressure.

RESULTS

A high resolution (1.50 Å) crystallographic struc-
ture of human -secretase in complex with SC7
was reported by Iserloh et al.12 The 3D structure
was retrieved from the PDB and analyzed inhibi-
tor binding site residues. The residues such as
Gly72, Gln73, Leu91, Asp93, Gly95, Ser96,
Pro131, Tyr132, Thr133, Gln134, Gly135,
Lys168, Phe169, Ile171, Trp176, Tyr259, Ile287,

Asp289, Gly291, Thr292, Thr293 and Arg295
were observed to be present within 4Å region of
SC7 (Figure 1). Therefore, these residues were
proposed to constitute -secretase inhibitor bind-
ing site. The residues such as Asp93, Gly95,
Thr133, Gln134, Asp289, Gly291, Thr292 and
Thr293 were forming intermolecular hydrogen
bonds with SC7, hence, were considered as im-
portant residues for -secretase inhibition.

The -secretase structure was optimized adding
hydrogen atoms and removing water molecules
beyond 5 Å. The structure was energy minimized
applying OPLS-2005 force field to remove bad
atomic contacts in the 3D structure and to obtain
a structure with lower energetic state. The ligand
SC7 was removed from -secretase prior to grid
generation, and a grid was placed centered on the
inhibitor binding site.

After structural analog search for five existing -
secretase inhibitors from ligandinfo database, 1834
ligands were obtained. These ligands were opti-
mized and converted to 3D form in LigPrep. 9655
protonation and tautomeric states of 1834 ligands
were generated during ligand preparation. The
higher energetic conformations were discarded
during Post LigPrep evaluations to reduce the
dataset to 5715 compounds. 4291 compounds
were passed Lipinski's filter. In order to find ligands
with zero reactive functional group, reactive filter
was applied. 3968 compounds were identified to
have no reactive functional group; hence, these
compounds were selected as ligand dataset for
structure based virtual screening.

The grid was generated for -secretase and ligand
dataset was given as input in three stages of Glide
docking. The 3968 compounds were docked in
subsequent HTVS docking, SP docking and XP
docking. Nineteen ligand molecules with good
binding affinity were obtained and ranked based
on XP Gscore. Analysis of XP Gscore revealed
that eight lead molecules were having lower XP
Gscore compared to five existing inhibitors (Fig-
ure 2A). Therefore, the eight lead molecules were
proposed as potential -secretase inhibitors (Fig-
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ure 2B). The pharmacological properties of lead
molecules were well within the parameters of  95%
of existing drug molecules (Tables 1A and 1B).

Lead1 showed lowest XP Gscore (-10.72 Kcal/
mol) and strong intermolecular hydrogen bond
network (seven hydrogen bonds) compared to
other proposed leads and published -secretase
inhibitors (Figures 2A, 2B, and 2C), hence, rep-
resents the highest binding affinity towards -
secretase. The molecular interactions of docking
complex of -secretase - lead1 showed that the
residues such as Asp93, Gly95, Pro131, Thr133,
Tyr259 and Asp289 were involved in intermolecu-
lar hydrogen bonding; Leu91, Asp93, Gly95,
Ser96, Val130, Pro131, Tyr132, Thr133, Gln134,
Phe169, Ile171, Trp176, Ile179, Ile187, Arg189,
Trp258, Tyr259, Ile287, Asp289, Gly291 and
Val393 were involved in good van der Waal con-
tacts (Figure 2D).

The interactions obtained through molecular dy-
namics simulations were more convincing com-
pared to docking complexes. The energy plot of
-secretase-lead1 complex was stable through-
out the simulations (Figure 3A). Root mean square
deviation (RMSD) of the protein and lead1 was
stable and within the limit of 2.5Å (Figure 3B).
Root mean square fluctuation (RMSF) for back-
bone and side chains of all the residues of -
secretase were within the limit of 3.0Å during en-
tire period of MD simulation run (Figure 3C). The

Figure 1: Three dimensional structure of human -
secretase in complex with SC7

hydrogen bonds observed in the docking com-
plex were monitored in all trajectories. It was ob-
served that the binding interactions observed in
docking complex (Figure 2C) were reproduced
after MD simulations (Figure 3D). The amino acid
residues such as Asp93, Gly95, Pro131, Thr133,
Tyr259 and Asp289 were involved in seven inter-
molecular hydrogen bonds in the docking com-
plex. These hydrogen bonds were monitored in
all 2084 trajectories recorded during 10ns MD
simulations. The result revealed that Asp289
formed at least one hydrogen bond with Lead1 in
~99.5 % trajectories and two hydrogen bonds in
~80% trajectories (Figure 4A). Similarly, Tyr259
was observed to form hydrogen bond with lead1
in ~90% trajectories (Figure 4B). The intermo-
lecular hydrogen bond between lead1 and resi-
dues Asp93, Gly95, Thr133 were consistent in
more than ~60% trajectories (Supplementary Fig-
ure 1A; Supplementary Figure 1B; Supplemen-
tary Figure 1C). An additional hydrogen bond
between Gly291 and lead1was observed in ~50%
of the trajectories though MD simulations (Supple-
mentary Figure 1D). Three to eleven water bridges
between -secretase and lead1 were identified in
all 2084 trajectories (Figure 4C).

DISCUSSION

Virtual screening from small molecule database is
an extremely efficient method of identifying drug
molecules for a particular disease. Virtual screen-
ing method predicts binding affinities between drug
target and ligands through molecular docking and
ranks them in decreasing order. Along with bind-
ing affinity it also predicts accurate binding modes
and molecular interactions between protein and
ligand, hence, became immensely important to
carry out initial steps of drug discovery prior to
experimental validation.

Accurate binding affinity prediction between pro-
tein and ligand through molecular docking requires
careful optimization of their 3D structures. There-
fore, the protein was optimized in protein prepa-
ration wizard applying OPLS-2005 force field. The
ligand preparation in LigPrep ensured all ligands
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Figure 2A: Comparative analysis plot of XP Gscore of lead molecules and published -secretase inhibitors
XP = extra precision

Figure 2B: Structures of eight proposed potential -secretase inhibitors
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Figure 2C: -secretase-lead docking complex
Figure 2D: 2D interaction plot of lead1 with 4 Å region
of the -secretase inhibitor binding site

Figure 3A: Molecular dynamics simulations of -secretase-lead1 docking complex A) Energy plot

Figure 3B: RMSD plot
RMSD = Root mean square deviation
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Figure 3C: RMSF plot
RMSF = Root mean square fluctuation

Figure 3D: 2D interaction plot of lead1 with ?-secretase at 2084th trajectory (after 10 ns MD simulations)
MD = molecular dynamics
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Figure 4A: Hydrogen bond monitoring in all 2084 trajectories A) Asp289 and lead1

Figure 4B: Tyr259 and lead1

Figure 4C: Water molecules and lead1
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at their lower energetic conformation with good
pharmacological properties. The three mode of
virtual screening was used subsequently for fast
screening of small molecules. The XP modes of
docking is highly accurate and penalizes highly for
minor steric classes, hence, the compounds pre-
dicted to have good binding affinity were ranked
based on XP Gscore. Lower XP Gscore repre-
sents higher binding affinity of the ligand towards
protein. Eight lead molecules with lower XP Gscore
compared to five published inhibitors were pro-
posed as potential -secretase antagonist. The re-
sults revealed that binding interactions of lead1 was
well in agreement with binding interactions of SC7.
Therefore, lead1 would be encouraging to start
experimental analysis for designing drug molecule
against AD.

The energy plot obtained after MD simulation had
revealed that the system was energetically stable.
The low RMSD and RMSF reflected conforma-
tional stability of the system. Hydrogen bond moni-
toring and correlation with the docking results also
revealed that the interactions were stable in physi-
ological environmental condition. The 10ns MD
simulations were also deciphered new interactions
between -secretase and lead1 through water
bridges as well as hydrogen bond.   Overall, the
binding interactions between -secretase and
lead1 were stable during MD simulations hence
lead1 could be considered as potent inhibitor.

-amyloid is central to the pathophysiology of AD
and plays an early role in this intractable
neurodegenerative disorder. -secretase initiates
the formation of -amyloid and elevated -
secretase levels were observed in AD provide di-
rect and compelling reasons to consider -
secretase as drug target of AD. Computational
docking approaches implemented in the present
study to develop therapies directed at -secretase
inhibition, thus reducing -amyloid and its associ-
ated toxicities. Eight lead molecules were pro-
posed as potential -secretase inhibitors based on
XP Gscore. The binding orientations of these lead
molecules were compared favorably with published
inhibitors. The proposed inhibitors also revealed

good pharmacological properties. The 'lead 1'
showed the lowest XP Gscore (-10.72 kcal/mol),
favorable binding mode and good pharmacologi-
cal properties, hence, the -secretase -lead1 com-
plex was evaluated for its binding stability through
10ns MD simulations. The result revealed that
binding between -secretase and lead1 was
stable. Thus, lead1 was proposed to develop
therapeutic strategies for Alzheimer's disease
through in vitro and in vivo evaluation.
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