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Novel drug development is onerous, time consuming and overpriced process with particularly low success and
relatively high enfeebling rates. To overcome this burden, drug repositioning approach is being used to predict
the possible therapeutic eﬀects of FDA approved drugs in diﬀerent diseases. Herein, we designed a computational and enzyme inhibitory mechanistic approach to fetch the promising drugs from the pool of FDA approved
drugs against AD. The binding interaction patterns and conformations of screened drugs within active region of
AChE were conﬁrmed through molecular docking proﬁles. The possible associations of selected drugs with AD
genes were predicted by pharmacogenomics analysis and conﬁrmed through data mining. The stability behaviour of docked complexes (Drugs-AChE) were checked by MD simulations. The possible therapeutic potential of
repositioned drugs against AChE were checked by in vitro analysis. Taken together, Cinitapride displayed a
comparable results with standard and can be used as possible therapeutic agent in the treatment of AD.

1. Introduction

repositioning are being used in recent era [7,8]. Drug repositioning
approach assistances in to minimize the cost and time in drug development process due to their known eﬃcacy and therapeutic potential
against other diseases [9,10]. However, it has been observed that drug
development eﬀorts for the treatment of AD have been largely unsuccessful in the last decade. In present time, medical research emphases on the factors that are thought to contribute to AD development,
such as tau proteins and Aβ deposits [11–13].
Cholinestrases are potential target for the symptomatic treatment of
AD and related dementias [14–16]. Acetylcholinesterase (AChE, or
acetylhydrolase) is a primary cholinesterase in the body which catalyses the breakdown of acetylcholine and some other choline esters
functioning as neurotransmitters. Therefore, AChE is used as target
molecule to testify the inhibitory potential of newly designed chemical
structures in the treatment of AD [14]. Another research report also
showed that, AChE is remained a highly viable target for the symptomatic improvement in AD because cholinergic deﬁcit is a consistent
ﬁnding in AD [17]. Donepezil (Aricept), is a centrally acting reversible

Alzheimer’s disease (AD) is a neurodegenerative disorder and the
utmost cause of dementia in old age [1,2]. There are more than 35
million people eﬀected by AD every year and that number is expected
to double in twenty years [3]. The etiology of AD is highly complex and
yet not fully understood. However, there are some biomarkers such as
low levels of acetylcholine, β-amyloid (Aβ) deposits, tau-protein aggregation, neuroﬁbrillary tangles (NFTs), oxidative stress, and dyshomeostasis of bio-metals are used for the diagnosis of AD [4–6]. These
available clinical therapeutics show only partial eﬀectiveness in ameliorating AD symptoms and cognitive ability. Thus, designing an operative therapeutic agent to treat AD is an immediate and signiﬁcant
challenge in present time.
Generally, the drug development is onerous, time consuming and
overpriced process with particularly low success and relatively high
enfeebling rates. To aid this productivity gaps and time consuming
burden, multiple computational approaches including drug

⁎

Corresponding author.
E-mail address: dnalove@kongju.ac.kr (S.-Y. Seo).
1
Mubashir Hassan and Hussain Raza equally contributed in the manuscript.
https://doi.org/10.1016/j.biopha.2018.11.115
Received 7 September 2018; Received in revised form 19 November 2018; Accepted 25 November 2018
0753-3322/ © 2018 Published by Elsevier Masson SAS. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/BY-NC-ND/4.0/).

Biomedicine & Pharmacotherapy 109 (2019) 2513–2526

M. Hassan et al.

AChE inhibitor used as palliative treatment against AD by increasing
the level of cortical acetylcholine [18]. Donepezil exert their therapeutic action by inactivating cholinesterase which results in inhibiting
the hydrolysis of acetylcholine. As a result the acetylcholine level is
increased at cholinergic synapses. Donepezil has been tested in other
cognitive disorders including lewy body dementia and vascular dementia, but it is not currently approved for these indications [19,20].
In current study, we proposed a computational and enzyme inhibitory mechanistic approach that aims to screen the Food and Drug
Administration (FDA) approved drugs against AD. The human AChE
structure having PDBID: 4EY7 (https://www.rcsb.org/structure/4ey7)
was used a receptor molecule to screen FDA approve drugs. Donepezil
was used as standard template to access the similar ligand structures
from FDA through SwissSimilarity approach. The screened hits having
similar chemical structures were accessed from FDA and undergoes
docking analysis using PyRx. The best selected drugs again run into a
docking procedure by Glide to check their binding aﬃnity against AChE
within active region of target protein. Moreover, pharmacogenomics
analysis (drug-gene interactions) was performed by getting all possible
genes against all selected drugs. Finally, enzyme inhibitory kinetic
analysis was performed on best selected hits (drugs) to conﬁrm and
validate our computational prediction.

target protein and complexes were keenly analysed to view their
binding conformational poses against target protein to obtain the best
docking results. Moreover, the generated docked complexes were
evaluated on the basis of lowest binding energy (kcal/mol) values and
binding interaction pattern between ligands and receptor. The graphical depictions of all the docked complexes were accomplished by
UCSF Chimera 1.10.1 and Discovery Studio (2.1.0), respectively.
Furthermore, another docking tool Glide was employed on best ten
screen drugs against AChE. To perform a molecular docking experiment, initially protein structure was optimized using the "Protein
Preparation Wizard" workﬂow in Schrödinger Suite [28]. Bond orders
were assigned and hydrogen atoms were added to the protein. The
structure was then minimized to reach the converged root mean square
deviation (RMSD) of 0.30 Å with the OPLS_2005 force ﬁeld. The active
site of the enzyme is deﬁned from the co-crystallized ligands from PDB
and literature data [29,14]. Finally, a docking experiment was performed against best screen drugs and target protein by using Glide
docking protocol [30]. The predicted binding energies (docking scores)
and conformational positions of ligands within active region of protein
were also performed using Glide experiment. Throughout the docking
simulations, both partial ﬂexibility and full ﬂexibility around the active
site residues are performed by Glide/SP/XP and induced ﬁt docking
(IFD) approaches [31]. The energy and binding pattern between drugs
and protein was observed and their two and three dimensional graphics
were saved.

2. Methodology
2.1. Retrieval of protein structure

2.4. Molecular dynamics (MD) simulations

The protein structure of human AChE (PDBID: 4EY7) was accessed
form PDB. UCSF Chimera 1.10.1 tool was employed for energy minimization by using conjugate gradient algorithm and amber force ﬁeld
[21]. Furthermore, VADAR 1.8 online server was used to interpret the
protein architecture of helices, beta-sheets, coils and turns [22]. The
Discovery Studio 2.1.0 Client was used to view 3D structure of target
protein and Ramachandran graph generation [23].

Top ten screened drugs-complexes having good energy values were
selected to understand the residual backbone ﬂexibility of protein
structure; MD simulations were carried out by Groningen Machine for
Chemicals Simulations (GROMACS 4.5.4 package [32]), with GROMOS
96 force ﬁeld [33]. The overall system charge was neutralized by
adding ions. The steepest descent approach (1000 ps) for protein
structure was applied for energy minimization. For energy minimization the nsteps = 50,000 were adjusted with energy step size (emstep)
0.01 value. Particle Mesh Ewald (PME) method was employed for energy calculation and for electrostatic and van der waals interactions;
cut-oﬀ distance for the short-range VdW (rvdw) was set to 14 Å,
whereas neighbour list (rlist) and nstlist values were adjusted as 1.0 and
10, respectively, in em.mdp ﬁle [34]. This method permits the use of
the Ewald summation at a computational cost comparable with that of a
simple truncation method of 10 Å or less, and the linear constraint
solver (LINCS) [35] algorithm was used for covalent bond constraints
and the time step was set to 0.002 ps. Finally, the molecular dynamics
simulation was carried out at 100 ns with nsteps 50,000,000 in md.mdp
ﬁle. Diﬀerent structural evaluations such as root mean square deviations and ﬂuctuations (RMSD/RMSF), solvent accessible surface areas
(SASA) and radii of gyration (Rg) of back bone residues were analysed
through Xmgrace software (http://plasma-gate.weizmann.ac.il/Grace/)
and UCSF Chimera 1.10.1 software.

2.2. Repossession of alzheimer’s FDA approved drugs through shape-based
screening
Donepezil is commonly known as cholinesterase inhibitor and being
used in the treatment of AD as standard drug [24]. The smile format
and chemical structure of donepezil was retrieved from FDA (https://
www.fda.gov/). The SwissSimilarity, an online platform which allows
you to identify some chemical hits from FDA and other libraries with
respect to your reference structure [25]. Donepezil was used as standard template to screen FDA approved drugs. All the screened drugs
were ranked according to their predicted score values. The obtained
screened drugs were sketched in ACD/ChemSketch and visualized in
PyMol [26].
2.3. Molecular docking using autodock VINA and glide
Before conducting our docking experiments, all the screened drugs
were sketched in ACD/ChemSketch tool and accessed in mol format.
Furthermore, UCSF Chimera 1.10.1 tool was employed for energy
minimization of each ligand having default parameters such as steepest
descent and conjugate gradient steps 100 with step size 0.02 (Å), and
update interval was ﬁxed at 10. Finally, Gasteiger charges were added
using Dock Prep in ligand structures to obtain the good structure conformation. Docking experiment was performed on all screened compounds against AChE through PyRx docking tool [27]. The binding
pocket of target protein (AChE) was conﬁrmed from already published
data [14]. In docking experiments, the grid box dimension values were
adjusted as X = − 25.27, Y = 22.43 and Z = 0.665, respectively, with
by default exhaustiveness = 8 value. We have adjusted suﬃcient grid
box size on binding pocket residues to allow the ligands to move freely
in the search space. All the screen drugs were docked separately against

2.5. Designing of pharmacogenomics networks
To design the pharmacogenomics network model for best selected
drugs, Drug Gene Interaction Databases (DGIdb) [36] and Drug Signatures Database (DSigDB) [37] were employed to obtain the possible
list of diﬀerent disease associated genes. Furthermore, a detail literature survey was performed for each gene to identify its involvement in
AD. The clumps of diﬀerent diseases associated genes were sorted on
the basis of AD and remaining disease associated genes were eliminated
from the dataset. Finally, cystoscope an open source software for visualizing molecular interaction networks were used to build and to
analyse the interaction pattern between drug and genes [38].
2514
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Ramachandran graph values showed a good accuracy of phi (φ) and psi
(ψ) angles among the coordinates of receptor and most of residues were
plunged in acceptable region. The Ramachandran and hydrophobicity
graphs are mentioned in supplementary data (Figure. S2).

2.6. AChE inhibition assay
The best screened drugs (Cinitapride, Risperidone, Domperidone,
Tamsulosin and Verapamil) of analytical grade were taken from Paciﬁc
Pharmaceuticals Ltd, Lahore, Pakistan to check the inhibition activity
against AChE. The inhibitory activities of selected drugs were determined spectrophotometrically using acetylthiocholine iodide as
substrate by following the reported methods with some modiﬁcations
[39–41]. Brieﬂy, The assay solution consisted of 180 μL of 50 mM Tris
HCl buﬀer, pH 7.7, containing (0.1 M sodium chloride and 0.02 M
magnesium chloride) and 20 μL of enzyme (AChE, EC 3.1.1.7, (from
human erythrocytes) solution (0.03 U/mL); increasing concentrations
of test inhibitor (10 μL) were added to the assay solution and pre incubated for 30 min at 4 °C. After that 5,5′Dithiobis (2-nitrobenzoic acid)
(0.3 mM, 20 μL) and acetylthiocholine iodide (1.8 mM, 20 μL) were
added to the reaction mixture and incubated at 37 °C for 10 min, followed by the measurement of absorbance at 412 nm. For non-enzymatic
reaction, the assays were carried out with a blank containing all components except acetylcholinesterase. The assay measurements were
measured at 412 nm using a micro plate reader (OPTI Max, Tunable).
Wave-length range 340–850 nm; for 96well plates). The reaction rates
were compared and the percent inhibition due to the presence of tested
inhibitors was calculated. Neostigmine methylsulfate and donepezil
were used as reference inhibitors. Each concentration was analysed in
three independent experiments run in triplicate. IC50 values were calculated by nonlinear regression using GraphPad Prism 5.0.
The % of Inhibition of AChE was calculated as following

3.2. Shape based screening and retrieval of similar drugs
In drug repositioning approach, the shape-based screening, molecular docking and drug-genes association are signiﬁcant parameters to
predict the possible therapeutic eﬀects of known drugs against diﬀerent
targets [42,43]. Our SwissSimilarity results showed that 36 drugs were
selected from 1516 FDA approved drugs which showed approximately
good structural resemblance with standard drug (Fig. 2). The screened
drugs were ranked on the basis of similarity scoring values, ranged for
0-1. The 0 value represents dissimilarity between compounds whereas,
1 is used for highly identical compounds in screening approach. In our
results the scoring values for all screen drugs is range from 0.006-0.184
as tabulated in Table 1. Although SwissSimilarity scoring values were
low relative to the reference standard value range, therefore, a detail
docking study was run against all screened 36 drugs to check their
binding interactions behaviour in comparison with donepezil. Based on
these docking results drugs were selected for further analysis.
3.3. Molecular docking using PyRx
Molecular docking experiment is best approach to study the binding
conformation of ligands within the active region of target proteins
[44–47]. To evaluate the best drug, all the screened drugs were docked
against AChE separately and complexes were analysed on the basis of
the lowest binding energy values (kcal/mol). Table 2 results showed
that most of drugs exhibited comparable energy value compared to
donepezil docking energy value. Darifenacin showed lowest energy
value (-13.1 kcal/mol) compared to all other screened drugs. Similarly,
Bosutinib, Crizotinib, Dienogest and Domperidone, also displayed good
docking energy values (-12.3,-11.6, -11.2, -10.8 kca/mol), respectively.
Fluspirilene and risperidone both exhibited -11.10 kcal/mol while few
other drugs also possessed lower than standard energy values such as
Sertindole and Tetrabenazine -9.60 and -8.90 kcal/mol. To better
compare our docking results donepezil was docked against AChE
having same parameters and observed that it possessed -10.7 kcal/mol.
The docking energy calculation for all docking complexes was evaluated by using Eq. (1).

Inhibition (%) = [(B-S)/B] ×100
Here, the B and S are the absorbances for the blank and samples, respectively.
2.7. Determination of AChE inhibition kinetics
On the basis of IC50, we select the most potent Cinitapride for kinetic analysis. A series of experiments were performed to determine the
inhibition kinetics of Cinitapride by following the already reported
method [14]. Kinetics were carried out by varying the concentration of
acetylthiocholine iodide the presence of diﬀerent concentrations of
Cinitapride (0.00, 0.0586, 0.1172 and 0.2344 μM). Brieﬂy the acetylthiocholine iodide concentration was changed from 4, 2, 1, 0.5, 0.25
and 0.125 mM for acetylthiocholine iodide kinetics studies and remaining procedure was same for all kinetic studies as describes in AChE
inhibition assay protocol. Maximal initial velocities were determined
from initial linear portion of absorbances up to 5 min after addition of
enzyme at every 30 s interval. The inhibition type on the enzyme was
assayed by Lineweaver-Burk plot of inverse of velocities (1/V) versus
inverse of substrate concentration 1/[S] mM−1. The EI dissociation
constant Ki was determined by secondary plot of 1/V versus inhibitor
concentration. The results (change in absorbance per sec) were processed by using SoftMaxPro software.

ΔGbinding = ΔGgauss + ΔGrepulsion + ΔGhbond + ΔGhydrophobic
+ ΔGtors…
(1)
Here, ΔGgauss: attractive term for dispersion of two gaussian functions,
ΔGrepulsion: square of the distance if closer than a threshold value,
ΔGhbond: ramp function also used for interactions with metal ions,
ΔGhydrophobic: ramp function, ΔGtors: proportional to the number of
rotatable bonds.
Based on docking energy values results, ten drugs (Fluspirilene,
Tamulosin Domperidone, Risperidone, Cinitapride, Bosutinib,
Verapamil, Tetrabenazine, Sertindole and Darifenacin) showed comparable results with donepezil docking energy value and selected for
further analyses. The standard error for Autodock is reported as
2.5 kcal/mol (http://autodock.scripps.edu/). Present docking results
justiﬁed that the energy value diﬀerence among all docking complexes
were comparable with standard error value.

3. Results and discussion
The overall research ﬂow sheet diagram which depicted the basic
hierarchy of our newly designed work (Fig. 1).
3.1. AChE structural assessment

3.4. Binding pocket analysis of AChE

Human AChE is a hydrolase protein having single chain and comprises 543 residues. The VADAR 1.8 structure analysis of human AChE
depicted that, it consists of 33% α-helices, 24% β-sheets, 41% coils and
21% turns. The general structure of AChE is mentioned in supplementary data (Figure. S1). The Ramachandran plots and values indicated
that 93.50% of amino acids were existed in favoured region. The

The AChE binding pocket identiﬁcation was conﬁrmed by protein
crystal data form PDB (4EY7) as well as from data mining [14]. This cocrystal structure was used because the donepezil was bound within
active region of target protein which helps in identiﬁcation of binding
2515
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Fig. 1. The ﬂowsheet diagram of our designed work.

respectively. GlideScore is also based on ChemScore (ﬁtness function),
but includes a steric-clash term, adds buried polar terms devised by
Schrödinger to penalize electrostatic mismatches. The GScore is calculated as from the Eq. (2).

pocket residues. Moreover, signiﬁcant ligand conformation with respect
to its target molecule helps in comparisons with our selected ligands by
superimposition. The active site of this enzyme is buried inside a
narrow gorge of 20 Å deep, which permits multiple enzyme-substrate
interaction thereby facilitating the formation of the transition state of
ACh [48,49,29]. The binding sites are often a signiﬁcant constituents of
the functional characterization of enzymes. Moreover, in molecular
docking, the binding of ligands within the active site of target protein
can predict good results compared to binding of other protein sites.
Fig. 3 showed the binding pocket and targeted residues involved in
Donepezil binding interaction. Here seven residues such as Trp286,
Tyr72, Tyr124, Tyr341, Phe338, Tyr337, Glu202 and Trp86 are probably the counterpart of binding site. The drugs having potential to binds
within this active region and interact with these residues may consider
as a good candidate against AChE.

GScore = vdW + Coul + Lipo + Hbond + Metal + BuryP + RotB +
Site…
(2)
vdW = Van der Waals energy, Coul = Coulomb energy,
Lipo = Lipophilic, Hbond = Hydrogen-bonding, Metal = Metalbinding, BuryP = Penalty for buried polar groups, RotB = Penalty for
freezing rotatable bonds and Site = Polar interactions in the active site.
3.6. Superimposition of screened drugs within active region of AChE
All the docked structures were superimposed to check the binding
conﬁgurations of all drugs within the active region of AChE. The
binding pocket analysis showed that all the screened drugs were narrowed in the binding pocket and bind with similar residues having
diﬀerent conformational poses within binding pocket of AChE. The
binding of all drugs at the same position also justiﬁed the docking reliability and predicted results (Fig. 4 A,B).

3.5. Glide docking analysis on screened drugs
Based on Swisssimilarity and PyRx VINA docking results, the 10
drugs (Fluspirilene, Tamulosin Domperidone, Risperidone, Cinitapride,
Bosutinib, Verapamil, Tetrabenazine, Sertindole and Darifenacin) were
selected and further undergone docking analysis using Glide
(Schrodinger Suite) to exactly check the binding conﬁgurations of each
drug within the active region of the AChE. The docking energy values
sowed that Tamulosin showed much better docking energy results
(-8.22 kcal/mol) compared to other drugs. Fluspirilene was at lowest
range having energy value -2.96 kcal/mol. The other drugs such as
Domperidone, Risperidone Cinitapride, Bosutinib, Verapamil,
Tetrabenazine, Sertindole and Darifenacin showed hierarchal energy
values -7.24, -7.04, -6.87, -6.41, -5.72, -5.60, -5.39 and -5.37 kcal/mol,
respectively (Fig. 4A). Glide uses couple of scoring functions Emodel
[50] and GlideScore [51] which are involved in the selection of proteinligand complexes and ranked the ligands as per scoring values

3.7. Tamsulosin and domperidone binding analysis
The docked complexes of both Tamsulosin and Domperidone were
analysed on the basis of interactions pattern of binding pocket residues.
The Tamsulosin binds with AChE in good conformational position inside active region encompassed by Trp286, Tyr72, Asp74, Leu76,
Tyr124, Gly121, Gly120, Tyr133, Glu202, Ser203, Ile4511, Trp86,
Gly448, His447, Tyr337, Phe338, Tyr341, Gly342, Phe297, Phe295,
Val294 and Ser293 residues. The 2-methoxy-phenoxy part of
Tamsulosin showed its presence within the bottom side of binding
pocket and binds with Trp86 via π-π staking interaction. 2-methoxy2516
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Fig. 2. Screened drugs with 2D graphical depiction.

benzene sulphonamide structure of Tamsulosin binds in the opening
region of binding pocket against target protein. The crystal and published data reports showed that Trp86 is present in the binding pocket

of AChE and shows its attachment with donepezil and other inhibitors
[52]. The Domperidone docking complex showed that couple of hydrophobic interactions were observed against Trp286 and Tyr337,
2517
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Table 1
SwissSimilarity scoring values of screened drugs.
Drugbank IDs

Screened Drugs

Score

Drugbank IDs

Screened Drugs

Score

DB00913
DB01238
DB00637
DB06616
DB08810
DB08865
DB00496
DB00705
DB08866
DB00841
DB00204
DB01184
DB00590
DB00450
DB01228
DB00736
DB01482
DB04842

Anileridine
Aripiprazole
Astemizole
Bosutinib
Cinitapride
Crizotinib
Darifenacin
Delavirdine
Dienogest
Dobutamine
Dofetilide
Domperidone
Doxazosin
Droperidol
Encainide
Esomeprazole
Fenethylline
Fluspirilene

0.008
0.013
0.011
0.012
0.023
0.010
0.012
0.007
0.009
0.006
0.009
0.012
0.007
0.010
0.007
0.006
0.008
0.011

DB08954
DB00598
DB00528
DB01149
DB00481
DB00863
DB00734
DB08806
DB06144
DB01268
DB00706
DB05521
DB00251
DB04844
DB00662
DB01157
DB05294
DB00661

Ifenprodil
Labetalol
Lercanidipine
Nefazodone
Raloxifene
Ranitidine
Risperidone
Roxatidine_acetate
Sertindole
Sunitinib
Tamsulosin
Telaprevir
Terconazole
Tetrabenazine
Trimethobenzamide
Trimetrexate
Vandetanib
Verapamil

0.006
0.007
0.013
0.010
0.012
0.009
0.010
0.016
0.024
0.011
0.021
0.008
0.007
0.184
0.012
0.012
0.011
0.015

binding pocket of AChE. However, benzimidazol-2-one with any moiety
showed their entrance inside the binding pocket of target protein and
showed their binding with Tyr337. While in the opening region of
target protein 5-chloro-benzimidazol-2-one forms bond with Trp286.
The surrounded residues are Phe297, Phe295, Val294, Gly448, His447,
Tyr124, Phe338, Val340, Tyr341, Tyr72, Asp74 and Leu76. Existing
data also ensured the importance of these residues in bonding with
other AChE inhibitors which strengthen our docking results [53]. The
graphical depiction of both docking complexes are mentioned in Fig. 5
and their 2D depiction in supplementary data Figure. S3.

Table 2
Docking energy values of donepezil against AChE.
AChE docked
complexes

Binding Aﬃnity
(kcal/mol)

AChE docked
complexes

Binding Aﬃnity
(kcal/mol)

Anileridine.
Aripiprazole
Astemizole
Bosutinib
Cinitapride
Crizotinib
Darifenacin
Dobutamine
Dofetilide
Dienogest
Domperidone
Doxazosin
Droperidol
Encainide
Esomeprazole
Fenethylline
Fluspirilene
Ifenprodil

−10
−9.1
−8.9
−12.3
−8.3
−11.6
−13.1
−7.8
−7.9
−11.2
−10.8
−9.1
−8.1
−8.1
−9.7
−8.6
−11.1
−8.2

Labetalol
Lercanidipine
Nefazodone
Raloxifene
Ranitidine
Risperidone
Roxatidine_acetate
Sertindole
Sunitinib
Tamsulosin
Telaprevir
Terconazole
Tetrabenazine
Trimethobenzamide
Trimetrexate.
Trimetrexate
Vandetanib
Verapamil

−9.8
−10.2
−9.8
−9.3
−7
−11.1
−8.9
−9.6
−8.7
−10.8
−10.6
−8.7
−8.9
−8.4
−8.4
−8.4
−9.5
−10.5

3.8. Risperidone and cinitapride binding analysis
The docked complexes of both risperidone and cinitapride were
examined on the basis of interaction behaviour within active binding
site residues of AChE. Risperidone binds with AChE in good conformational position inside active region. In risperidone docking, three
bonds were observed against Tyr72, Phe295 and Tyr341, respectively.
The nitrogen atom of primidone form good interaction with Tyr72
whereas, oxygen atom of benzoxazole ring form interaction with
Phe295. Another, π-π staking interaction was observed between benzene ring of Tyr341 and benzoxazole. The existing data showed good
correlation with the interacted residues which strengthen our docking
results (Lu et al., 2011). The other binding pocket residues present

respectively. In Domperidone structure, two benzimidazol-2-one groups
are attached at outside of drug. The attachment of choloro group with
benzimidazol-2-one cause hindrance to properly enter inside the

Fig. 3. Binding pocket of AChE having interacted residues depiction and Donepezil is highlighted in blue color.
2518
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Fig. 4. A) Superimposition of all screened drugs and B) Glide score of all screened drugs against AChE.

Fig. 5. Docking complexes of all screened drugs.

however, the surrounded residues were similar to binding pocket of
donepezil-AChE complex. However, in verapamil docking single interaction was observed between di-methoxy phenyl ring and aromatic
residue Tyr341. In Verapamil, two methoxy phenyl rings are attached
at terminal positions of the molecule. One terminal part of verapamil
contain di-methoxy phenyl ring showed their entrance within the active
region of target protein. Whereas, other di-methoxy phenyl ring having
couple of bulky group such as iso-propyl and cyano resist to gain penetration inside the active region of target protein. In both docking
complexes most of residues were common around the drugs. Prior
docking and in vitro results also show good correlation with our
docking results [54,55]. The graphical depiction of both docking
complexes are mentioned in Fig. 5 and their 2D depiction in supplementary data Figure. S5.

around the risperidone are Asp74, Leu76, Tyr124, Phe338, Phe297,
Val294, Ser293, His287, Trp286 and Asn283. The Cinitapride docking
complex single interaction was observed against Trp286. The attachment of bulky group (nitro, amino and ethoxy) on benzene ring causes
hindrance in its penetration towards binding pocket and present at the
opening position of cavity. Whereas, the other simple benzene of
Cinitapride showed its penetration inside the binding cavity due to
absence of such bulky groups. The aromatic ring of substituted of
benzamide interact with Trp286 by π-π stacking interaction. Existing
data also ensure the signiﬁcance of Trp286 in diﬀerent inhibitors
binding which is good correlation of our docking results [53]. The
graphical depiction of both docking complexes are mentioned in Fig. 5
and their 2D depiction in supplementary data Figure S4.

3.9. Bosutinib and verapamil binding analysis
3.10. Tetrabenazine and Sertindole binding analysis
Bosutinib and verapamil docked complexes were evaluated to check
their binding conformations and interaction pattern within the active
binding site of AChE. Bosutinib binds inside active binding pocket of
target protein. In Bosutinib docking, no interaction was observed

Tetrabenazine and Sertindole docked complexes were examined to
interpret the binding conformations pattern within the active region of
AChE. In Tetrabenazine docking single interaction was observed
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between di-methoxy phenyl ring of Tetrabenazine and Trp286. In
Sertindole docking couple of interactions were observed between
Sertindole and amino acids. The nitrogen of ﬁve membered ring
structure showed interaction against Glu292 and fused benzene ring
forms π-π stacking interaction with Trp286. In both docking results
Trp286 was common in interaction pattern. Prior research also ensured
the importance of these residues in bonding with other AChE inhibitors
which strengthen our docking results [53]. The graphical depiction of
both docking complexes are depicted in Fig. 5 and their 2D depiction in
supplementary data Figure S6.

Table 3
Selected drugs and their involvement in diseases.

3.11. Darifenacin and ﬂuspirilene binding analysis
Darifenacin and Fluspirilene docked complexes were examined to
understand the conformations pattern of both drugs within the active
region of target protein. In Darifenacin docking not exact interaction
was observed however, the surrounded residues were similar to binding
pocket of donepezil-AChE complex. In Fluspirilene docking, two interactions were observed between drug and corresponding residues. The 4imidazolidinone ring structure is attached with two functional moieties
carbonyl and phenyl ring which are involved in Phe295 and Trp286
respectively. Existing data also ensured the importance of these residues in bonding with other AChE inhibitors which strengthen our
docking results [56]. The graphical depiction of both docking complexes are depicted in Fig. 5 and their 2D depiction in supplementary
data Figure S7.

No

Drugs

Functions

Diseases

1
2
3

Bosutinib
Cinitapride
Darifenacin

Cancer
Ulcer
Urinary incontinence

4

Domperidone

5
6

Fluspirilene
Risperidone

Tyrosine kinase inhibitor
Antiulcer agent
M3 muscarinic ACh
receptor
Dopamine D2 receptor
antagonist
Antipsychotic drug
Antipsychotic medication

7
8

Sertindole
Tamsulosin

9
10

Tetrabenazine
Verapamil

Antipsychotic medication
Benign prostatic
hyperplasia
Anti-chorea agent
Treatment of high blood
pressure

Gastroesophageal reﬂux
Schizophrenia
Schizophrenia, bipolar
disorder,
Schizophrenia
Urinary retention
Movement disorders
Migraines

and 35 were involved in diﬀerent AD. The drug-genes network depiction is mentioned in Supplementary data Figure 8.
In Domperidone gene network complex 79 genes were observed
involved in diﬀerent diseases. Among 79, 28 genes were involved in AD
pathogenesis by some means. For risperidone, 62 genes showed their
association, however, 36 genes were associated with AD by one or other
means. The network depiction of both drugs is mentioned in
Supplementary Figure 9. The Verapamil and Sertindole also showed
their association with diﬀerent genes listed in Supplementary Fig. 10.
From both drug-genes networks 11 genes were associated with AD.
Tetrabenazine, Darifenacin, Cinitinib and Tamsulosin drugs showed
associations with fewer genes compared to others. Tetrabenazine form
interaction with three, Darifenacin with six, while Cinitapride and
Tamsulosin form association with 3 genes each (Supplementary Figure
11). Amongst all, DRD2, SLC18A2, CHRM2, CYP3A4, ADRA1A/B, and
ADRA1D genes were associated with AD.
To verify our predicted pharmacogenomics networks, a detail data
mining analysis was performed on each gene to check their association
with AD (Table 4). Among all drug-genes networks few common AD
associated genes were observed which strengthen our proposed drugrepositioning hypothesis. Moreover, Cinitapride, Risperidone, Domperidone, Tamsulosin and Verapamil associated genes showed good
connection with AD compared to other drug-genes networks. Therefore,
these drugs were further employed MD simulation and in vitro experiments.

3.12. Screened drugs and their possible involvement in diﬀerent diseases
On the basis of similarity scores, VINA and Glide docking energy
results, ten drugs Bosutinib, Cinitapride, Darifenacin, Domperidone,
Fluspirilene, Risperidone, Sertindole, Tamsulosin, Tetrabenazine and
Verapamil were selected and evaluated for binding pattern analysis
against AChE. It was observed that all drugs showed good interactive
behaviour within active region of target protein. Before going to further
analysis, we discuss prior studies to check the functional features and
their involvement in diﬀerent diseases. SKI-606 (Bosutinib), synthetic
quinolone derivative and selectively Src family kinase inhibitor, on
human cancer cells derived from breast cancer patients to assess its
potential for breast cancer treatment [57]. Cinitapride is a gastroprokinetic agent and antiulcer agent of the benzamide class and acts as
an agonist of the 5-HT1 and 5-HT4 receptors and as an antagonist of the
5-HT2 receptors [58,59]. Darifenacin is an anticholinergic and antispasmotic agent used to treat urinary incontinence and overactive
bladder syndrome [60]. Domperidone is a speciﬁc blocker of dopamine
receptors [61,62]. Fluspirilene is a long-acting injectable antipsychotic
agent used for chronic schizophrenia [63]. Risperdone and sertindole
are also involved in the treatment of schizophrenia [64,65]. Tamsulosin
is an alpha-adrenergic blocker used in symptomatic benign prostatic
hyperplasia and urinary retention [66]. Tetrabenazine is a drug formerly used as an antipsychotic and treatment of various movement
disorders [67]. Verapamil is mostly helpful in migraines and cluster
headaches [68,69]. The overview description of all drugs is mentioned
in Table 3.

3.14. Molecular dynamic simulation
Based on docking and pharmacogenomics results, Cinitapride,
Risperidone, Domperidone, Tamsulosin and Verapamil docked complexes were selected to evaluate the residual ﬂexibility in the target
protein. The MD simulation study was employed at 30 ns by using
Gromacs 4.5.4 tool to generate root mean square deviations (RMSD),
root mean square ﬂuctuations (RMSF), solvent accessible surface area
(SASA) and radius of gyration (Rg) graphs.

3.13. Pharmacogenomics analysis of screened drugs

3.15. Root mean square deviation and ﬂuctuations

The screened drugs having good docking results were further analysed for pharmacogenomics analysis. Pharmacogenomics aims to develop rational means to optimize drug therapy, with respect to the
patients' genotype, to ensure maximum eﬃcacy with minimal adverse
eﬀects [70]. In our computational analysis couple of databases were
used to predict the possible links of screened drugs with their respective
genes. In Bosutinib-genes network, 85 genes were observed and 35
genes were associated with AD, which was conﬁrmed from literature
data. Similarly, in Fluspirilene-genes network total 84 genes were found

The RMSD and RMSF graphs were generated to understand the
protein backbone behavior in the simulation running time period. The
RMSD results showed that in all ﬁve docked complexes, protein backbone deviation remained steady stable with the passage of simulation
time frame 0–30 ns. All the graph lines displayed an increasing trend
with RMSD values ranging from 0.1 to 0.3 nm from 0 to 30,000 ps.
Initially, all the graph lines (green, violet, cyan, pink and red) of all
docked complexes showed a little increasing trend with RMSD value
0.1-0.2 nm. from 0 to 5,000 ps all the complexes were stable having
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Table 4
Screened drugs in association with AD genes.
Drugs

AD gene with references

Bosutinib

DDR1/2 [71], SRC [72], AAK1 [73], CDH1 [74–76], BTK [77], CAMK1D [78], CAMKK2 [79,80], CLK1/3 [81], ERBB2-4 [82], EPHA4-6 [83], MAPK4/6 [84,85],
MAST1 [86], NTRK1/2 [87], NUAK2 [88,89], PAK1/3 [90], PLK2 [91], PRKCD [92], PTK2 [93], PTK2B [94,95], ROCK1/2 [96], SIK1 [97], FYN [98], GRK4
[99], HCK [100], HIPK1/4 [101], IRAK1/4 [102], JAK2 [103], LCK [104], LRRK2 [105], LYN [106], MAP2K1/2/5 [107], SYK [108], TYRO3 [109], ULK2/3
[110], WEE1/2 [111]
ACTB [112,113], ANAPC5 [114], ANP32 A [115], ENO1 [116], GDI2 [117], GNB5 [118], PICALM [119,1], POLR2E [120], RAB5/A [121], SPTLC1 [122,123],
SRSF1 [124,125], STIP1 [126], TMEM230 [127,128], CTGF [129], CXCL1 [130], CXCL8 [131–133], HMOX1 [134], ICAM1 [135,136], NAV3 [137], PTGS2
[138,139], TGFB2 [140], THBS1 [141], ABCB1 [142] CYP2D6 [143], CYP3A4 [144], IL6 [145], TGFB1 [146], DRD2/3 [147]
ABCB1 [148], ADRA2A [149,150], DRD3 [151], HTR2A [152], ATM [153], AP3K7 [154], NDFIP1 [155], NRIP1 [156], RAN [157], STAT1 [158], EID1 [159]
DRD2 [147], SLC18A2 [160]
ADRA1A [149,150], ADRA1B [161], ADRA1D [162]
AR [163], ESR1 [164], HTR1E [165,166], HTR2A [152], HTR2C [167], DRD2 [147]
ADRA1A/D [149,150], ADRA2A/B/C [161,162], CHRM1/2 [143,168], CYP2D6 [169,143], DRD1/2/3/4 [147,151], HRH1/2 [170], HTR6 [171], HTR7 [172],
CYP2D6 [169,143], DRD2 [148] AATF [173], ATP8A2 [174], BDNF-AS [175], CNR1 [176], CYGB [177], DDR2 [71,178], DRD3 [151], FGA [179], HTR2A
[152], HTR2C [167], IL6 [180,145], LEP [181,182], TNF [183], CYP2D6 [169,143], DRD1/2/3 [147,151], ABCB1 [142,148], ABCG2 [184], BDNF [185],
CASP3 [186], CASP7 [187], CRH [188], CYP3A4/5 [189], HMGCR [190], MAOA [191], SNAP25 [192]
DRD2/3 [147], ADRB2 [193], AR [163], CYP2D6 [143], HCRTR1 [194], HTR1E [165,166], HTR2A [152], HTT [195], MDM4 [196], OPRD1 [197], PPARD
[198], PPARG [199], PPP1CA [200], SMAD3 [146], STK33 [201], THPO [202], XBP1 [203], KDM4 A [204], ATF3 [205], CASP2 [206], EGR1 [207], FOS [208],
GADD45 A [209], HERPUD1 [210], HMGCR [211], HMGCS1 [212], HMOX1 [134], IRF1 [213], JUN [214], KLF2 [215], LDLR [216], MT1G [217,218], RCAN1
[219], TRIB1/3 [220], VEGFA [221]
CYP3A4 [144]
CHRM2 [222]

Domperidone

Verapamil
Tetrabenazine
Tamsulosin
Sertindole
Risperidone

Fluspiriline

Cinitapride
Darifenacin

complexes were stable except the Risperidone which showed little
variations (Fig. 6C). The solvent-accessible surface areas (SASA) were
also observed and shown in (Fig. 6D). Results showed that the values of
SASA of all ﬁve docked complexes were centered on 165 nm2 in the
simulation time 0–30000 ps.

RMSD value 0.25 nm. However, in risperidone and Domperidone
complexes, the graph lines (green and violet) showed little ﬂuctuations
respectively, while all others (Verapamil, Tamsulosin and Cinitapride)
remain stable. In this time period the RMSD graphs lines showed static
behavior in protein backbone and no high ﬂuctuations were observe at
5000 nm. From 5,000–10,000 ps, Domperidone showed little upward
ﬂuctuations and showed 0.3 nm RMSD value. However, at same time
risperidone showed downward ﬂuctuations. While rest of all three
graph lines (cyan, pink and red) remain static behavior having RMSD
value 0.25 nm.
From 10,000–20,000 ps simulation time, a static and non-ﬂuctuated
trend was observed in all docked complexes. Both risperidone and
Domperidone attained static behavior at 0.25 nm as like other three
Verapamil, Tamsulosin and Cinitapride complexes. The overall RMSD
graphs lines showed that all complexes were remains stable and less
ﬂuctuated upto 20,000 ps. After that from 20,000 to 30,000 ps simulation time frame same trend was seen in all ﬁve docked complexes and
no ﬂuctuations were observed. The generated graphs results showed the
stable behavior in the backbone of all protein complexes. Results
showed that the binding of all these drugs did not aﬀect the structural
conﬁgurations of target protein and backbone of AChE remains stable in
the simulation time (Fig. 6A).
The RMSF results of all ﬁve docked structures (green, violet, cyan,
pink and red) dynamically ﬂuctuated from residues N to C terminals.
Three higher ﬂuctuation peaks were observed with RMSF value range
from 0.6-0.7 nm at C-terminal region. These ﬂuctuated peaks represents
loop regions in protein structures. Risperidone, Cinitapride and
Verapamil loops structure showed 0.6, 0.6 and 0.7 nm values. However,
risperidone complex attained RMSF value 0.5 (Fig. 6B).

3.17. AChE inhibition evaluations
The best ﬁve (Risperidone, Domperidone, Verapamil, Tamsulosin
and Cinitapride) screened drugs were selected to check the inhibitory
potential AChE. The enzyme inhibitory results showed that all selected
drug inhibition potential against AChE with IC50 values, which validate
our computational hypothesis. The comparative analysis showed that
among all ﬁve drugs Cinitapride exhibited better therapeutic potential
having (IC50 = 0.11 ± 0.01) compared to standard Neostigmine methylsulfate with (IC50 = 2.03 ± 0.05) whereas, less active compare to
donepezil (IC50 = 0.006 ± 0.003). The Risperidone also possessed
good comparable inhibitory potential having IC50 = 7.28 ± 0.37
compared to standard compound. The predicted results justiﬁed that
Cinitapride possessed good inhibitory potential against AChE as compared to all other drugs and can be used as new therapeutic agent in the
treatment of AD (Table 5).
In our computational approach, ﬁve drugs were proposed which
seem to be active against AChE. The screened drugs were tested against
AChE and showed good inhibitory activity as mentioned in Table 5.
However, the best drug (Cinitapride) which showed better inhibition
compared to standard (Neostigmine methylsulfate) and displayed noncompetitive behaviour. In docking approach we restricted our ligands
into speciﬁc grid site therefore, all ligands were binds in this selected
position. There are multiple examples are available in which inhibitors
computationally binds within active region of target protein whereas,
their behaviour in kinetic mechanism is non-competitive inhibition
[55,223].

3.16. Solvent accessible surface area and radius of gyration
The structural compactness of protein was calculated by radius of
gyration (Rg). The generated results depicted that Rg values of all the
docked structures showed little variations from 2.22 to 2.26 nm.
Initially, the graph lines were not much stable and showed little ﬂuctuations from 0 to 5,000 ps while after that stable behaviour with little
ﬂuctuations was observed from 5,000–10,000 ps time scale. After that,
no bigger ﬂuctuations were observed in graphs lines and Rg value also
remained stable at 2.24 nm except Risperidone complexes. The risperidone complex showed more ﬂuctuations from 20000 to 30000 ps and
value stable at 2.20 nm. The comparative results showed that all docked

3.18. Kinetic mechanism
To better understand the mechanistic insight of Cinitapride against
AChE, a detail kinetic mechanism inhibition study was performed and
evaluates its binding pattern. Based on our IC50 results, we selected the
most potent Cinitapride to determine their inhibition type and inhibition constant on AChE enzyme. The inhibitory potential of Cinitapride
against free enzyme (AChE) and enzyme substrate complex was
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Fig. 6. A, B, C, D) RMSD/F, Rg and SASA graphs of all the docking structures from 0 to 30000 ps simulation time frame.
Table 5
IC50 values of selective drugs against AChE.

Table 6
Kinetic parameters of Cinitapride on AChE.

Selective Drugs

AChE (IC50 ± SEM (μM)

Risperidone
Domperidone
Verapamil
Tamsulosin
Cinitapride
Neostigmine methylsulfate
Donepezil

7.28 ± 0.37
58.23 ± 3.50
60.04 ± 1.25
81.84 ± 6.43
0.11 ± 0.01
2.03 ± 0.05
0.006 ± 0.003

Concentration
(μM)

Vmax
(ΔA /Sec)

Km
(mM)

Inhibition Type

Ki
(μM)

0.00
0.0586
0.1172
0.2344

0.001868
0.000268303
0.000193636
0.000149788

1.43
1.43
1.43
1.43

Non-Competitive

0.045

Vmax is the reaction velocity, Km is the Michaelis-Menten constant, Ki is the EI
dissociation constant.

Values are expressed as mean ± SEM; SEM = Standard Error of Mean.

Fig. 7. Lineweaver-Burk plots for inhibition of acetylcholine esterase from human erythrocytes in the presence of inhibitor Cinitapride (a) Concentrations of
Cinitapride were 0.00, 0.0586, 0.1172 and 0.2344 μM, Substrate acetylthiocholine iodide concentrations were 4, 2, 1, 0.5, 0.25, and 0.125 mM. (b) The insets
represent the plot of the slope.
2522

Biomedicine & Pharmacotherapy 109 (2019) 2513–2526

M. Hassan et al.

determined in terms of EI and ESI constants, respectively. The kinetic
studies of the enzyme by the Lineweaver-Burk plot of 1/V versus 1/[S]
in the presence of diﬀerent Cinitapride concentrations gave a series of
straight lines (Fig. 7a). The generated results showed that Cinitapride
intersected within the second quadrant in Lineweaver-Burk plot. The
analysis showed that Vmax decreased to new increasing doses of Cinitapride on the other hand Km remains same with constant value
1.43 mM. This behaviour indicates that drug Cinitapride inhibit the
AChE non-competitively to form enzyme inhibitor complex. Secondary
plot of slope against the concentrations of inhibitor showed enzyme
inhibitor dissociation constant (Ki) (Fig. 7b). The kinetic results are
presented in the Table 6.
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4. Conclusion
Molecular docking has been widely used for drug discovery
[224–228]. Current study evaluates the repositioning of known drugs
for AD using both computational and enzyme inhibitory kinetic approaches. The computational shaped-based screening results showed
that from 1516 FDA approved drugs, 36 were displayed good structural
similarity with standard template donepezil. Moreover, docking proﬁle
and pharmacogenomics evaluations depicted that from the bunch of 36
only ﬁve drugs were most active and showed good results compared to
other drugs. The MD simulation results exposed that these ﬁve drugs
(Risperidone, Domperidone, Verapamil, Tamsulosin and Cinitapride)
showed better proﬁles with respect to their RMSD, RMSF, SASA and Rg
evaluations graphs and steadily stable behaviour was observed in all
docking complexes. The enzyme inhibition and kinetic mechanism of
these drugs showed that Cinitapride has good therapeutic potential
with respect to standard and other drugs. Based on aforementioned
results, it is concluded that Cinitapride has better repositioning proﬁle
which may be used in the treatment of AD after clinical assessment.
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