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ABSTRACT
Alzheimer’s disease is a progressive neurodegenerative disorder and as the exact cause of the disease
remains unknown, it still has no cure to date. Due to the fact that, until recently, there has been no
crystal structure of human AChE in complex with drugs, researchers have had to use mainly Torpedo
californica homologues which were later reported to have significantly different binding sites. In this
study, an energy-based pharmacophore model that has the advantages of both ligand- and structure-
based approaches was generated using hAChE crystal structures in complex with drugs. This model
was validated utilizing several commonly used statistical measures such as the enrichment factor,
BEDROC, RIE and AUAC. A huge database consisting of around 7 million compounds with approxi-
mately 150,000,000 conformations from 8 vendors was used in virtually screening workflow, in which
Lipinski’s filter and basic and precise docking algorithms were utilized. A rigorous MM-GBSA binding
affinity calculation was also applied to accurately predict relative free energy that produced 361 hits.
The selected top ranked 15 compounds were shown to have extra intermolecular interactions with
hAChE which is an indication of a more stable complex and high binding affinity. The e-pharmaco-
phore model and overall results obtained might be used for further experimental studies in designing
the next generation of hAChE inhibitors.
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Introduction

Alzheimer’s disease (AD) is a progressive neurodegenerative
disorder that is the most common cause of dementia among
the elderly. Considering the fact that the exact cause of AD
is still unknown, AD has still no cure till date. In that respect,
much effort have been given to identify and study potential
drug targets combating AD. Yet, many of those targets have
their own drawbacks. In one of the recent studies, Iqbal,
Anantha Krishnan, and Gunasekaran (2018) have focused on
protein kinase C (PCK) to discover inhibitors targeting ATP
binding site. As details are given in the paper, PCK comprises
of 11 subtypes which divided into two categories, each con-
sists of four domains. Moreover, owing to having a highly
conserved structure, designing a ligand that specifically
inhibits ATP binding site of the target protein becomes
rather difficult. Not surprisingly, it was mentioned that not a
single drug targeting PKCh could be found in the market.
Another prominent target that has been studied recently is
beta-amyloid precursor protein cleaving enzyme (BACE-1 or
b-secretase) which, upon inhibition, is claimed to be another
solution to prevent AD development (Ambure, Bhat, Puzyn,
& Roy, 2018; Ion, Mihai, Lupascu, & Nitulescu, 2018; Kumar,
Srivastava, Negi, & Sharma, 2018; Manoharan, Chennoju, &
Ghoshal, 2018; Manoharan & Ghoshal, 2018). However, bind-
ing site of BACE-1 consists of three binding subsites that

makes it complicated to design ligands that possess both
potency and good pharmacokinetic profile and accordingly,
no drugs has yet been approved for human use (Cummings,
Morstorf, & Zhong, 2014; Ion et al., 2018). In some recent
strategies, efforts have been made to design new inhibitor
that is capable of inhibiting multiple therapeutic AD drug
targets simultaneously and such new concept is known as
multi-targeted-directed ligand (MTDL). For instance, Kumar
et al. (2018) have successfully applied computational meth-
ods to identify dual inhibitors based on naphthofuran scaf-
fold against BACE-1 and GSK-3b. As another example,
Ambure et al. (2018) performed an in silico study on a lim-
ited number of natural products against cyclin-dependant
kinase 5 (CDK5), monoamine oxidase B (MAO-B), BACE-1,
GSK-3b and AChE as AD targets. Finally, the authors sug-
gested 20 promising multi-target-directed natural com-
pounds against AD. However, as reported in the
aforementioned literatures, designing an MTDL is rather chal-
lenging and there is a need to discover new scaffolds.

On the other hand, among five limited drugs approved
by the Food and Drugs Administration (FDA) for the treat-
ment of AD, three (donepezil, galantamine and rivastigmine)
are acetylcholinesterase (AChE) inhibitors (Choudhary, 2015;
Ferreira Neto et al., 2017). Acetylcholinesterase is responsible
for terminating neurotransmission at cholinergic synapses by
hydrolysing acetylcholine to acetic acid and choline. A widely

CONTACT Abdulilah Ece aece@biruni.edu.tr Department of Pharmaceutical Chemistry, Faculty of Pharmacy, Biruni University, Istanbul 34010, Turkey
This article has been republished with minor changes. These changes do not impact the academic content of the article.

Supplemental data for this article is available online at https://doi.org/10.1080/07391102.2019.1583606.

� 2019 Informa UK Limited, trading as Taylor & Francis Group

JOURNAL OF BIOMOLECULAR STRUCTURE AND DYNAMICS
2020, VOL. 38, NO. 2, 565–572
https://doi.org/10.1080/07391102.2019.1583606

http://crossmark.crossref.org/dialog/?doi=10.1080/07391102.2019.1583606&domain=pdf
http://orcid.org/0000-0002-3087-5145
https://doi.org/10.1080/07391102.2019.1583606
https://doi.org/10.1080/07391102.2019.1583606
http://www.tandfonline.com


accepted hypothesis suggests that inhibiting AChE would
increase the neurotransmitter acetylcholine (ACh) in the syn-
aptic cleft, which in turn improve the cognitive ability of
patients by enhancing transmission of the electric impulses
(Borges et al., 2018; Perry, 1986).

Even though the prescribed drugs (donepezil, galant-
amine and rivastigmine) are all AChE inhibitors, they cannot
cure or prevent neurodegeneration. Instead, they are only
used as symptomatic treatment. Hence, finding new inhibi-
tors targeting AChE has still been of major interest to the
researchers. Unfortunately, besides being extremely challeng-
ing, investigating the inhibition mechanisms at experimental
level is expensive and also time consuming. Computer Aided
Drug Design (CADD) approaches provide powerful tools
which potentially speed up the drug design and discovery
process and could reduce the cost by up to 50% (Taft, da
Silva, & da Silva, 2008). Due to the limited number of AChE
inhibitors, CADD strategies have been found to be crucial
tools in order to find new and effective drugs for the
Alzheimer’s disease (Basile, 2018; Borges et al., 2018; Chen
et al., 2012; Ece & Pejin, 2015; Luisi, Stefanucci, Zengin,
Dimmito, & Mollica, 2018; Pascoini et al., 2018; Zengin et al.,
2018, 2019). CADD techniques can be divided into two major
application areas: Ligand-based drug design (LBDD) and
structure-based drug design (SBDD). In SBDD studies, it is
highly important to have a high resolution crystal structure
of a target macromolecule in complex with a bound ligand.
The crystallization of human AChE (hAChE) had generally
required the presence of the fasciculin-2 (Carletti et al., 2010;
Dvir, Silman, Harel, Rosenberry, & Sussman, 2010; Kryger
et al., 2000) which might impede the formation of drug-pro-
tein complexes. Hence, the mouse or the electric ray
(Torpedo californica) homologues of AChE have been exten-
sively used in most crystallographic studies. Cheung et al.
reported hAChE crystal structures in complex with the drugs
(-)-huperzine A, (-)-galantamine and donepezil and moreover,
they also reported that donepezil binds differently to human
AChE than it does to Torpedo AChE (2012).

There have been several studies in which molecular dock-
ing, molecular dynamics or virtual screening studies have
been used using hAChE crystal structures (Basile, 2018;
Borges et al., 2018; Chen et al., 2017; Shi, Tu, Luo, & Huang,
2017; Shiri, Pirhadi, & Ghasemi, 2018). To the best of my
knowledge, no comprehensive study that uses several com-
putational tools and large diverse database exists to date.
Hence, it was found necessary to carry out a comprehensive
in silico study using human AChE crystal structure.

In CADD studies, ligand-based methods are fast and can
be used for screening large compound databases very
quickly whereas structure-based approaches can yield more
diverse hit compounds, but can be time-consuming. A
pharmacophore model can be generated using a set of
active ligands (ligand-based) or from active site of a target
macromolecule (structure-based). However, according to a
novel method (Salam, Nuti, & Sherman, 2009), energy-based
pharmacophore (e-pharmacophore) modelling uses an active
ligand but it also takes into account the interaction of the
ligand with the active site of the macromolecule.

Consequently, it has the advantages of both ligand- and
structure-based approaches (Loving, Salam, & Sherman, 2009;
Salam et al., 2009).

In the present study, the aim was to build an e-pharmaco-
phore model using hAChE crystal structures in complex with
therapeutic drugs. The validated model using enrichment
method was then used as a 3D-query in large scale virtual
screening of around 7 million of compounds with approxi-
mately 150 million conformations. Following a series of
molecular docking work flows and visual inspections of all
the hits, potential hAChE inhibitors were explored.

Experimental

Protein preparation

High resolution crystal structures of human acetylcholinester-
ase in complex with drug molecules, (-)-huperzine A (PDB ID:
4EY5; 2.3012Å), (-)-galantamine (PDB ID: 4EY6; 2.3983Å) and
donepezil (PDB ID: 4EY7; 2.3509 Å) were downloaded from
protein data bank and prepared using Schr€odinger’s
(Schr€odinger, 2015) multistep Protein Preparation Wizard
(Sastry, Adzhigirey, Day, Annabhimoju, & Sherman, 2013). All
missing hydrogen atoms were added, water molecules, het-
eroatoms except native ligands were removed and bond
orders were assigned for each structure. Protonation states
were then adjusted and finally, a restrained energy minimiza-
tion was carried out using the optimized potential for liquid
simulations 2005 (OPLS 2005) force field (Jorgensen, Maxwell,
& Tirado-Rives, 1996; Jorgensen & Tirado-Rives, 1988) until
heavy atoms were converged to avoid steric clashes between
the atoms.

Molecular docking

The docking calculations were conducted using the Glide XP
(extra precision) module of the Schr€odinger (Friesner et al.,
2004, 2006; Halgren et al., 2004). Binding site definitions of
each crystal structure was defined by generating a grid of
specific dimensions centred on the centroid of the com-
plexed drug molecule. The default setting for the grid size
was changed to allow ligands having � 20Å size to
be docked.

e-Pharmacophore generation

The Phase module (Dixon, Smondyrev, & Rao, 2006; Dixon
et al., 2006) was used to generate the energy-optimized
pharmacophore (e-pharmacophore) sites for the best scoring
pose in each hAChE-drug complex obtained from the Glide
XP docking calculations. A default set of six chemical charac-
teristics, namely, hydrogen bond acceptor (A), hydrogen
bond donor (D), hydrophobic site (H), aromatic ring (R), posi-
tive ionisable group (P) and the negative ionisable group (N)
were selected. The sum of the Glide XP energetic terms of
each atom was assigned to select highest ranked features in
making up the final pharmacophore.
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Ligand preparation

The directory of useful decoys (DUD; http://dud.docking.org/)
(Huang, Shoichet, & Irwin, 2006) database was used to valid-
ate and asses the performance of e-pharmacophore model in
virtual screening. All active molecules and decoy sets in data-
base were prepared using epic (Greenwood, Calkins, Sullivan,
& Shelley, 2010) module of Schr€odinger. Ionization sates of
each compound at pH 7.0 ± 2.0 as well as tautomers were
generated during the process.

Certain molecular descriptors commonly used in absorp-
tion, distribution, metabolism and excretion (ADME) were cal-
culated using QikProp (Shelley et al., 2007).

Virtual screening workflow

The multistep Virtual Screening Workflow in Schr€odinger pack-
age which includes various stages with increasing docking pre-
cisions was used to screen large database of compounds. As a
prefiltering, ligands that do not obey Lipinski’s Rule of five
(Lipinski, 2000; Lipinski, Lombardo, Dominy, & Feeney, 1997)
and that have reactive functional groups were removed. All
ligands were initially processed in high throughput virtual
screening (HTVS) mode and the top 10% of best compounds
were docked with Glide SP (standard precision). Then, 10% of
best compounds, but now keeping only good scoring states,
were processed through Glide XP docking. At this stage, the
default number of poses per compound state was increased to
3. Finally, 10% of best compounds retaining only best scoring
states were obtained as output (Figure 1).

Results and discussion

e-Pharmacophore

The energy-optimized pharmacophore (e-pharmacophore)
model generation is based on a ligand–protein complex. In

brief, the active ligand is docked into the binding site of the
protein and then, energetic terms obtained from docking cal-
culations are mapped to the atom centres of the ligand
through the Glide XP scoring function. In the last step, the
binding interactions of the docked ligand are translated into
pharmacophore features (Ece, 2016). Highest ranked features
make up the final pharmacophore. The e-pharmacophore
models for each hAChE crystal structures (PDB IDs: 4EY5;
4EY6 and 4EY7) were generated from XP descriptor informa-
tion after XP docking of the native ligands [(-)-huperzine A,
(-)-galantamine and donepezil, respectively] separately.

Model validation

In order to ensure that the docking method produces accur-
ate and reliable binding poses, the docking protocol should
be validated. Several methods can be used for validating
docking methods (Cole, Murray, Nissink, Taylor, & Taylor,
2005; Jain, 2008). The most commonly used method is
internal validation in which an active ligand with a known
conformation and orientation, typically from a co-crystal
structure, is docked into the active site of the target and
root mean square deviation (RMSD) between the location of
the ligand’s heavy atoms in the predicted and crystallo-
graphic binding mode is calculated. An RMSD value usually
below 1.5 or 2 Å depending on ligand size are considered to
have performed successfully (Ece & Sevin, 2010; Hevener
et al., 2009).

Before going on to screen large databases, the e-pharma-
cophore model should also be validated as it has to be stat-
istically significant, to predict the activity of molecules
accurately and to successfully retrieve active compounds
from those databases.

In order to benchmark the reliability of the model and
accurately rank the compounds, enrichment factors (EF) were
calculated as one of the key criterion for measuring the suc-
cess of screening. EF which should always be greater than 1,
is an indicator that tells us the capability of a screening
method to detect active ligands compared to a random
selection (Dror, Schneidman-Duhovny, Inbar, Nussinov, &
Wolfson, 2009). Hence, the higher it is than 1, the better the
enrichment performance of the virtual screening. In essence,
EF is generally given as the ratio of the fraction of active
ligands retrieved in a given percentile of a database to the
fraction of active ligands in the total database and can be
calculated using the following equation:

EF ¼ ALr=NLsð Þ= ALt=NLð Þ
where ALr is the number of active ligands retrieved from
database, NLs is the number of ligands screened at selected
percentile of the database, ALt is the total number of active
ligands in entire database and NL is the number of ligands
in entire database.

Receiver operating characteristics (ROC) curve and area
under accumulation curve (AUAC) are also amongst widely
used useful tools to evaluate the efficiency of a method and
they are used to discriminate between active ligands from
inactive ligands in a virtual screening. ROC describes the

Figure 1. Schematic representation of the virtual screening workflow.
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sensitivity (true recovered positive rate) as a function of the
specificity (true negatives divided by the sum of false posi-
tives and true negatives) of the method used (Basu &
Wallner, 2016). AUAC is widely used to display ranking per-
formances. The best and worst values reported are 1 and 0,
respectively (Truchon & Bayly, 2007).

Moreover, in order to address early recognition of actives in a
specific screening dataset, Boltzmann enhanced discrimination
of receiver operating characteristic (BEDROC) and robust initial
enhancement (RIE) are used (Braga & Andrade, 2013; Huang &
Wong, 2016; Truchon & Bayly, 2007). BEDROC has been regarded

as one of the most useful metrics for assessing the usefulness of
a virtual screening model in suggesting compounds for further
experimental synthesis (Huang & Wong, 2016).

The model generated using hAChE-(-)-huperzine A com-
plex (PDB ID: 4EY5) resulted in a very low enrichment factor
while hAChE-(-)-galantamine complex (PDB ID: 4EY6)
retrieved no active ligands from database. On the other
hand, the e-pharmacophore model generated from the crys-
tal structure of hAChE in complexed with donepezil (PDB ID:
4EY7) performed quite well in identifying the true actives
from the decoys. This model had the highest BEDROC, ROC,

Table 1. Binding energy scores and calculated molecular properties of donepezil and selected hit compounds.

Title MM-GBSA dG Bind (kcal/mol) Dscore (kcal/mol) Fitness SASAa QPlogBBb QPPMDCKc %HOAd PSAe

Donepezil –88.63 –15.64 � 718.03 0.11 489.35 100.00 49.18
3850853 –113.83 –18.50 1.88 839.59 –0.37 43.59 77.55 110.09
3988734 –112.48 –18.05 1.58 723.85 0.41 165.98 86.57 55.29
1522282 –110.34 –18.55 1.72 809.17 0.12 114.43 85.83 80.93
4244491 –108.66 –18.28 1.86 803.76 –0.17 66.00 79.93 103.80
3850852 –108.46 –18.14 1.56 838.92 –0.47 35.62 75.69 112.24
6902409 –82.37 –20.33 1.65 822.51 0.41 78.55 95.02 61.81
2551705 –100.23 –20.23 1.65 844.19 –0.53 18.05 72.33 89.46
4798298 –103.61 –19.87 1.62 695.20 0.14 57.90 72.69 78.70
4137142 –102.43 –19.62 1.86 823.08 –0.37 25.55 76.46 113.12
3953340 –90.92 –19.60 1.56 816.06 0.54 385.99 88.53 69.33
3565330 –97.83 –17.85 2.03 744.59 0.12 71.64 79.14 70.59
3955154 –81.54 –17.66 1.99 741.33 0.20 100.82 80.09 63.59
1592260 –82.14 –17.60 1.98 680.44 0.50 120.30 77.98 57.38
3570078 –101.57 –18.87 1.96 749.13 0.13 68.25 75.89 90.65
3565117 –90.07 –18.15 1.96 696.02 –0.80 7.79 59.75 117.72
aTotal solvent accessible surface area (SASA) in square angstroms using a probe with a 1.4 Å radius (recommended value: 300.0–1000.0).
bPredicted brain/blood partition coefficient (recommended value: �3.0 – 1.2).
cPredicted apparent MDCK cell permeability in nm/sec (<25 poor, >500 great).
dPercentage of human oral absorption (<25% is weak and >80% is strong).
ePolar surface area (recommended value � 140 Å2).

Figure 2. Binding site of hAChE, e-pharmacophore model mapped onto donepezil and 2D ligand interaction diagram of donepezil with the hAChE [Figure gener-
ated using Maestro (Schr€odinger, 2018)].
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RIE and AUAC values of 0.614, 0.98, 8.09 and 0.97, respect-
ively. In addition, the enrichment factor calculated at 1% of
the entire ranked database was a reasonably good value of
24. The experimentally observed binding mode of the

donepezil was also reproduced with 0.4522 Å RMS deviation.
Hence, the e-pharmacophore model obtained from hAChE-
donepezil complex was selected for further virtual screen-
ing studies.

Figure 3. e-Pharmacophore model alignment (left) and binding interactions (right) of the hit compounds 3850853 (top), 6902409 (middle) and 3565330 (bottom)
[Figure generated using Maestro (Schr€odinger, 2018)].
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Virtual screening workflow

Virtual screening forms an important component of drug dis-
covery to provide novel compounds against a specific target
for further evaluations (Marcu, Chadli, Bouhouche, Catelli, &
Neckers, 2000). Pharmacophore modelling with the help of
virtual screening and molecular docking can be used to iden-
tify novel and potential ligands (Ece & Sevin, 2013).

The validated e-pharmacophore model was used for fur-
ther virtual screening of huge CoCoCo database (Del Rio,
Barbosa, Caporuscio, & Mangiatordi, 2010) which consists of
around 7 million compounds with approximately 150,000,000
conformations from 8 vendors (Asinex, Chembridge,
ChemDiv, Life Chem, NCI Open, Princeton, Enamine and
Specs). Database search using the e-pharmacophore model
as the three-dimensional query yielded 500,000 hits which
were then given as an input in the virtual screening work-
flow protocol of the Schr€odinger suite. Glide XP was used as
the last step of molecular docking stage. Compared to Glide
SP, it does more extensive sampling, uses more sophisticated
scoring function and it was also reported to produce large
improvements in binding affinity prediction and database
enrichment (Friesner et al., 2006). As empirical scoring func-
tions are sometimes not reliable, all the hits were post proc-
essed with Prime MM-GBSA (molecular mechanics-
generalized Born surface area) calculations to perform more
rigorous binding affinity calculations. MM-GBSA method is
known to accurately predict relative free energy of the bind-
ing of small ligands to macromolecules (Rastelli, Rio,
Degliesposti, & Sgobba, 2010).

At the end of virtual screening workflow, a total of 361
ligands were retrieved as hits which successfully passed all
the filters, as explained in the experimental section. The
structures of all 361 ligands are given in supplementary
material. Five top ranked compounds based on the MM-
GBSA, docking and fitness scores were selected. Those scores
together with certain calculated molecular properties are
given in Table 1. The higher the value of the fitness score,
the better the compound fits the shape and topology of the
pharmacophore model. The more negative the docking and
MM-GBSA binding free energy values, the better the com-
pound is expected to bind to the target macromolecule.

The binding site of AChE consists of five distinct subunits:
the peripheral anionic site located at the entrance of the
gorge, the acyl pocket, the anionic site, the oxyanion hole
and finally, the catalytic triad or the esteratic site where the
hydrolysis of acetylcholine reaction takes place (Figure 2). As
can be seen from Figure 2, the interaction of donepezil with
hAChE involves p- p stacking (with the peripheral anionic
site and anionic site), p -cation (with the anionic site) and
hydrogen bonding (with the acyl pocket).

e-Pharmacophore mapping and 2D binding interactions
of selected three hit compounds (top ranked compound in
each category shown in Table 1) are depicted in Figure 3.

As illustrated in Figure 3, although the predicted binding
modes are very similar to those of donepezil in the crystal-
lized structure, a more complex binding motif, which
involves amino acid residues that enclose the entire length
of the active site gorge, can be observed. Visual inspection

of the docked ligands reveals that all the three hit com-
pounds are in close contact with the amino acid residues in
the binding site of hAChE, through the van der Waals and
electrostatic interactions. Besides sharing the same binding
interactions with donepezil, three more p-cation interactions
are observed (with Tyrosine 337, Phenylalanine 338 and
Tyrosine 341 of hAChE). The top ranked compound 3850853
according to MM-GBSA score establishes more interactions
with the hAChE active site. It makes an extra T shaped p-p
interaction with Tyrosine 341 of the peripheral anionic site of
hAChE. Moreover, the predicted orientation of the 3850853
shows a favourable geometry for the amino group to act as
a hydrogen bond donor whereas it also allows the tethered
carbonyl group to function as hydrogen bond acceptor.
Those overall interactions are well distributed which in turn
result in a more stable complex. It can be concluded from
the docking simulations that the aromatic groups at the two
ends of the ligands contribute a favourable formation of p-p
stacking with peripheral and anionic sites while the existence
of p-cation interactions at the anionic site stabilizes
the ligands.

The compound 3850853 was also predicted to have the
ability to penetrate the blood-brain barrier. This is crucial in
designing central nervous system (CNS) active compounds.
Furthermore, in addition obeying the Lipinski’s rule of five,
its cell permeability (QPPMDCK) and total solvent accessible
surface area (SASA) are within the acceptable ranges. Polar
surface area (PSA) is also one of the commonly used descrip-
tors in drug design. Compounds with high PSA values are
poor at permeating cell membranes. PSA values of all ligands
fall within Veber’s criteria (Veber et al., 2002) (Table 1).

Conclusion

Due to the fact that the binding site of human AChE is sig-
nificantly different than that of other widely used AChE crys-
tal structures, especially that of Torpedo californica, the
modelling studies based on high resolution crystal structures
of hAChE in complex with pharmacologically important
ligands become very crucial.

An e-pharmacophore model based on hAChE crystal struc-
ture was generated and validated utilizing several statistical
measures. This model was used to screen a huge database
that consists of around 7 million compounds with approxi-
mately 150,000,000 conformations from eight vendors. After
several docking methods and advance MM-GBSA scoring
functions, 361 hits were obtained. Especially, the top ranked
hits from MM-GBSA calculations were found to have extra
intermolecular interactions with hAChE which is an indication
of a more stable complex and high binding affinity. The vali-
dated e-pharmacophore model and overall results obtained
from this study might be used in the early stages of design-
ing the next generation of hAChE inhibitors which could
potentially save both money and time.
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