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Abstract: This article reviews multi-criteria QSAR applications on Acetylcholinesterase inhibitors as palliative drugs for
Alzheimer’s Disease, published in the period 2001-2011. It includes QSAR models for different series of compounds,
comparative studies, and advances in methodologies. This period is marked by a shift in focus from palliative treatment to
pathogenesis. However, we believe that research into palliative treatment should continue. More comparative studies are
desirable. In order to facilitate comparative and general studies on Acetylcholinesterase inhibitors, a standard
experimental protocol for measuring an inhibitor’s potency is needed. Finally, we recommend chemists to work closely

with system and molecular biologists.
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1. BACKGROUND

Alzheimer’s Disease (AD) is a neurodegenerative
process characterized by a progressive memory loss, decline
in language skills and other cognitive abilities [1]. It is
common among the elderly, affecting around 7 % of the
population above 65 years old [2]. Currently, this is an
incurable disease without an effective therapeutic approach
[3], and it is not surprising that research has been performed
on both its palliative treatment and potential cure between
2001 and 2011. In this review, the focus is on the inhibition
of the Acetylcholinesterase (AChE) enzyme as a palliative
treatment for patients with Alzheimer’s disease [4].

Patients with AD experience a selective loss of
cholinergic neurons in the brain and decreasing levels of
Acetylcholine [5]. The AChE enzyme is responsible for the
termination of impulse signaling at cholinergic synapses by
catalyzing  the  hydrolysis of  Acetylcholine, a
neurotransmitter [6]. As defined by the cholinergic
hypothesis [7, 8], a palliative strategy works by enhancing
cholinergic transmission. This should be achieved by
inhibition of AChE.

Tacrine has been approved by the US Food and Drug
Administration as the first drug for the treatment of AD in
1993. However, it is only one of many Acetylcholinesterase
Inhibitors (AChEI), such as Donepezil, Rivastigmine, or
Galantamine [9]. Fig. (1) includes the scaffold of these
common AChEIls, which have different structural features. In
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order to facilitate the design of new and even more potent
AChEls, the use of mathematical frameworks linking
specific molecular structures to potency is essential. The
Quantitative Structure-Activity Relationships (QSAR) is a
branch of Theoretical Chemistry which provides such
frameworks [10].

The QSAR Theory depends on the main assumption that
the biological activity of a chemical compound is solely
determined by its molecular structure. This theory does not
offer specific details on the usually complex mechanism/path
of action involved. However, it is possible to get some
insight on the underlying mechanism by means of the
QSAR-based predicted activities [11, 12].

In the realms of QSAR, the molecular structure is
quantified by using a set of suitable molecular descriptors,
which are numbers carrying information on the
constitutional, topological, geometrical, hydrophobic, and/or
electronic aspects of the chemical structure [13-16]. A set of
descriptors can then be statistically correlated to different
experimental biological activities, resulting in a model which
can be used to find out useful parallelisms.

Altogether, QSAR analyes are effected by various factors
from which the most important are: (a) the selection of
molecular descriptors that should include maximum
information of structures and minimum colinearity between
them; (b) the use of suitable multi-criteria modeling
methods; (c) the number of descriptors to be included in the
model; (d) the composition of the training and test sets; and
(e) the employment of validation techniques to verify the
predictive performance of the developed models [17-24].
The QSAR approach is an important tool in Medicinal
Chemistry, which makes drug design more rational by
minimizing the number of expensive, time consuming
experiments.
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Fig. (1). Some common Acetylcholinesterase inhibitors.

2. MULTI-CRITERIA QSAR STUDIES ON ACHEI BY
VARIOUS CHEMICAL STRUCTURES

In the last decade, many multi-criteria QSAR models
have been built for various types of AChEIs using different
modeling approaches. This section summarizes such studies
and is categorized into subsections according to the involved
chemical structures.

2.1. Tacrine Analogs

Although Tacrine is the oldest palliative drug designed
based on the cholinergic hypothesis, new Tacrine derivatives
are still being designed to treat AD.

In 2006, Akula et al. [25] have published 3D-QSAR
studies on bis-tacrine compounds by using molecular
docking scores calculated by FlexX [26], Flexidock [27] and
Cscore [28], in addition to Comparative Molecular Field
Analysis (CoMFA). The Sybyl [29] and Mopac [30]
programs are both used in the optimization of structures and
molecular alignment. The docking scores are used as
molecular descriptors along with the steric and electrostatic
field values obtained from CoMFA, and 16 molecules are set
aside in the training set. The structure-activity model is
validated on a test set having only 3 molecules, which we
think it would not be able to describe the real predictive
power of the QSAR model developed due to the limiting
information used for validating it.

In another study of the same year, Fernandez et al. [31]
have applied Bayesian-Regularized Genetic Neural
Networks (BRGNNSs) to 136 Tacrine analogs. Their 3D
structures are geometrically optimized using the semi-
empirical quantum chemical method PM3 implemented in
Mopac [30]. Here, the Bayesian-regularization avoids
overtraining, while the Genetic Algorithm (GA) approach
allows exploring an ample pool of 3D descriptors generated
by the software Dragon [32]. The algorithms are
implemented and the models are built in the Matlab
environment [33]. The resulting model is evaluated by
averaging multiple validation sets generated as members of
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diverse-training set Neural Network Ensembles (NNEs).
When considering forty assembled members, the NNE
provides reliable statistics. The employment of Artificial
Neural Networks constitutes a common practice in QSAR
studies for modeling non-linear relationships between the
chemical structure and the considered biological property.

Jung et al. [34] have also worked in 2007 on the Tacrine
scaffold: they build QSAR models using variable selections
based on Multivariable Linear Regression (MLR): Genetic
Algorithm (GA)-MLR and Simulated Annealing (SA)-MLR.
For doing this, they place 68 molecules in the training set
and leave 12 in the test set. The molecules are geometrically
optimized using the Titan Pro software [35], and their
molecular descriptors are calculated using PreADME on the
web [36] and BioMedCAChe [37]. The stepwise multiple
linear regression procedure is performed by the software
package SPSS [38]. Simulated annealing and genetic
algorithms are performed using the R statistical software
package, Subselect [39]. The best model is obtained by SA-
MLR with greater explanatory and prediction capability, and
thus a smaller standard deviation (S). Based on their models,
the authors suggest important roles for hydrophobic and
electrostatic interactions in increasing the structure’s AChE
activity. They also suggest opposite effects for hydrophilic
and topological features of molecules.

In 2008 Saracoglu et al. [40] have performed QSAR
analyses of AChEIs related to Tacrine and 11 H-Indeno-[1,2-
b]-quinolin-10-ylamine tetracyclic Tacrine analogs. The
Electron-Topological Method (ETM) is applied with the
ETM software [41] on a training set of 44 compounds, which
we consider it as a valuable QSAR tool as this technique
takes into account both geometrical and electronic
characteristics of the molecules. Based on pharmacophores
and anti-pharmacophores calculated as sub-matrices
containing spatial and quantum chemistry characteristics, a
system for the activity prognostication is developed. Some
molecular fragments specific for active and inactive
compounds are also revealed.
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In another work published in 2010 [42], Chen et al. have
studied multi-target-directed AChEIs of Tacrine-Nimodipine
dihydropyridines. They establish 3D-QSAR models using
CoMFA and Comparative Molecular Similarity Index
Analysis (CoMSIA) methods. The compounds employed are
very potent and selective AChEls, and show an excellent
neuroprotective profile and a moderate Ca?* channel
blockage effect. A training set of 60 compounds is used, and
the resulting models are validated on a test set of 12
compounds. The structures of the investigated ligands are
built and optimized using Sybyl [29], while the lowest
energy structures are used during the alignment. The partial
atomic charges required to estimate the electrostatic
interaction are computed by semi-empirical molecular orbital
methods using MOPAC [30] with an AM1 Hamiltonian. The
AutoDock program [43] is used for docking. CoOMFA and
CoMSIA are performed on Sybyl. For the CoMSIA
approach, descriptors of five physicochemical field
properties are used to correlate with changes of ligands
affinities, which explicitly define hydrophobic, hydrogen-
bond donor and acceptor descriptors (in addition to the steric
and electrostatic fields used in COMFA).

2.2. Carbamates

Compounds related to carbamates (see Fig. (2)) have
drawn a lot of attention from QSAR researchers in the last
decade as well. G. Lin have published an article in 2004 [44]
about substituted phenyl-N-butyl carbamates (1) and p-
nitrophenyl-N-substituted carbamates (2). The author model

virtual inhibition constants ( Ki') of the protonated inhibitors
from the equation, —log Ki' =-log K, - pK, +14 in pH 7.0
buffer solution, where K. is the inhibition constant. The

—log Ki' and logk  values (k is the carbamylation

constant) for AChE inhibitions by carbamates (1) correlate
with the Hammett equation (log k/k0 = p.0’); moreover,

those by carbamates (2) correlate with the Taft equation
(logk/k, = p".c™). With modified Hammett-Taft cross-
interaction variations, MLR models of the —log Ki' and
logk, values of carbamates (1) and (2) give good
correlations, and the cross-interaction constants ( p(XR))
are 0.5 and 0.0, respectively. The p(XR) value of 0.5
indicates that the carbamate moiety of the inhibitors stretches
along the active site gorge of the enzyme but does not bind
in the acyl binding site pocket of the enzyme. The p(XR)
value of 0.0 suggests that the transition states that lead to the
carbamyl enzymes are breaking C-O bonds and are
excluding the leaving groups, substituted phenols. In the
same year, Lin et al. [45] have published their work on ortho
effects in QSAR for acetylcholinesterase inhibition by a
series of nine ortho-substituted phenyl-N-butyl carbamates,

for which they model the virtual inhibition constants of the
protonated inhibitors.

In a project published in 2008, Roy et al. [46] have
studied structurally diverse carbamates for
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acetylcholinesterase inhibition. QSAR models are built and
validated using a total of 78 molecules, using CoMFA,
advanced CoMFA and CoMSIA on Sybyl [29]. The authors
conclude that steric, electrostatic and hydrophobic
interactions are important for describing the variation in
binding affinity of the different structures. For a better
inhibitory activity, the carbamoyl nitrogen should be more
electropositive. Substitutions on it should have high steric
bulk and hydrophobicity. The amino nitrogen, on the other
hand, should be electronegative.
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Fig. (2). Scaffold for AChEI of the carbamate type.
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The work of Chadhaery et al. in 2009 [47] have carried
out CoOMFA and CoMSIA, using two different alignment
methods, namely pharmacophore and maximum common
substructure-based alignments. They place 52 structurally
diverse carbamates covering a good range of AChE
inhibitory activity in the training set, and resort to steric,
electrostatic, hydrophobic, donor and acceptor field
descriptors. All compounds are built using ISIS Draw [48],
imported to Accelry’s Discovery Studio window [49], and
optimized using CHARMmM force field. Pharmacophore
modeling is performed using the Hip-Hop module in the
software CATALYST [50], while the 3D-QSAR studies are
done using Sybyl [29]. The resulting COMFA and CoMSIA
models with pharmacophore-based alignment are found to be
in good agreement with each other. Additionally, the authors
demonstrate that pharmacophore-based alignment has a
significant superiority over maximum common substructure-
based alignment in terms of leave-one-out statistical values.
The best CoMFA and CoMSIA models based on
pharmacophore-based alignment are then validated on a test
set of 17 compounds. From the models, it is inferred that the
hydrophobic factor has a major contribution to the AChE
inhibitory activity modulation.

In 2010, another study of the same group [51] has
developed a systematic virtual screening procedure,
including development of 3D-pharmacophore, screening of
virtual library, synthesis and pharmacology. Using a training
set of 24 carbamates as AChElIs, these researchers develop a
predictive pharmacophore model with one hydrogen-bond
donor and three hydrophobic features. All molecular
modeling analyzes are accomplished using the Window-
based Accelerys Discovery Studio [49]. The Catalyst
software [50] is used for pharmacophore modeling and
virtual screening. Validation on a test set of 40 carbamates
proves the model’s significant predictive power, and
therefore it provides a tool for searching new carbamates
having specific properties.

2.3. Benzylpiperidine and Physostigmine Derivatives

In 2005, Kandermirli et al. [52] have applied electronic-
topological and neural network methods for developing
QSAR of AChE inhibition by a series of Physostigmine and
N-benzylpiperidine derivatives (Fig. (3)). They calculate
molecular fragments specific for active compounds and
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breaks of activity for human AChE (HUAChE), formulating
requirements for a compound to behave as active.
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Fig. (3). Molecular structures of 2-Benzylpiperidine and
Physostigmine.
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In a publication of 2009, Haq et al. [53] have applied 3D-
QSAR studies based on CoMFA and CoMSIA to a training
set of 40 Physostigmine derivatives. All 3D structures are
constructed on Gaussian software [54]. 3D-QSAR
calculations are performed using the Sybyl package [29].
The study is conducted to obtain a highly reliable and
extensive dynamic QSAR model based on the alignment
procedure, for which the co-crystallized Ganstigmine is used
as a template. The resulting QSAR is statistically significant
and validated by an external test set composed of 8
compounds. Here again, we consider that the test set’s size
employed is the limiting factor for the validation of the
model.

In 2011 Aradjo et al. [55] have built several receptor-
dependent 3D-QSAR models using 60 Benzylpiperidine
structures. A combined GA and Partial Least Squares (PLS)
approach, available in the Wolf program [56], is used as
computational methodology to develop and validate such
models. The training set includes 47 molecules and the test
set the remaining 13 ones. The 3D structures are built using
the Spartan software [57]. In building the model of Human
AChE, the program Modeller [58] is used for geometry
optimization and Procheck [59] is used for validation. In
complexes building and optimization, Sybyl is used. In
molecular dynamics simulations of the complexes, each
ligand/HUAChE complex is submitted to a preliminary
optimization in the Gromacs program [60] then the
molecular topologies of the ligands are generated by the
Prodrg server [61]. The descriptors employed are steric
(Lennard-Jones) and electrostatic (Coulomb) interaction
energies, calculated between each ligand and the HUAChE
residues within radii 10 A around the ligand. According to
the two best calculated models, the Lennard-Jones and the
sum of Lennard-Jones and Coulomb contributions are more
important than the Coulomb ones to the relationship between
structure and activity. The authors also conclude that the
hydrophobic residues of the active site of HUAChE are more
important than the polar residues for this series of inhibitors.

2.4. Phosphate-Containing Compounds

In the last decade, enough research on Alzheimer’s
Disease has been carried out on compounds containing the
phosphate group. For instance, Yazal et al. [62] have applied
in 2001 a combination of conformational analysis and 3D-
pharmacophore models on a collection of
organophosphorous AChEls (Fig. (4)), in order to rationalize
their inhibitory potencies against the enzyme. The
compounds are drawn in 2D and converted to 3D using the
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Sketch-and-Converter module in Insight 2000 [63]. The
structures are optimized using Cerius2 [64]. Conformational
analyses of the 6 inhibitors in the training set are carried out
in the Catalyst package [50], generating pharmacophore
models. The resulting 3D pharmacophore models are
characterized by at least one hydrogen bond acceptor site and
2-3 hydrophobic sites. The models demonstrate a high
degree of correlation between the calculated and
experimentally measured inhibitory potencies. However,
from our point of view, little information is used during the
model’s calibration.
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Fig. (4). Scaffold for AChEIl compounds having the phosphate
group.

Zhao et al. have published an article in 2004 [65] about
their 3D-QSAR studies on the acute toxicity of 35 dialkyl
phenyl phosphate compounds to houseflies. Aided by the
software Sybyl [29], they use CoMFA and CoMSIA
methods, which provide more comprehensive and accurate
perspectives on the reaction mechanism between
organophosphate compounds and AChE than classical
QSAR methods. They find that steric and electronic
properties of the substituent on the phenyl of an
organophosphate compound, like the length of alkyl and the
electronegativity, respectively, have a dominant influence on
its potency against AChE. Hydrophobicity has little
influence.

A 2009 study of Kuzmin et al. [66] has performed
consensus QSAR modeling of AChE inhibition by various
organophosphate compounds. Simplex representation of
molecular structure (SiRMS) and Lattice Model (LM)
techniques are used to generate the molecular descriptors. In
order to avoid chance correlations, 1000 rounds of Y-
scrambling are performed. Leverage and Ellipsoid
Applicability Domain (DA) approaches estimate the quality
of prognosis. A successful consensus model is obtained
which is applied to predict AChE inhibition of new
compounds. It is revealed that both the atom's individuality
and stereochemistry of chiral surroundings of the
asymmetric atom of phosphorus are vital for AChE
inhibition. Thus, the (R)-isomers are always less active than
the (S) isomers and the racemate. The quantum chemical
calculations are carried out using the Gaussian-03 package
[54]. Dragon software is also used in this work [32].

2.5. Ketones

Our bibliographic search identifies four QSAR studies
about the inhibitory potency of ketones during the last
decade (Fig. (5)). A study published by Liu et al. in 2007
[67] has analyzed 26 compounds with the phenyl pentenone
scaffold to construct a 3D-QSAR model using CoMFA,
performed with the QSAR module of Sybyl for each
combination of steric and electrostatic molecular fields. The
molecular docking program Dock [68] is used to determine
the conformation of the active compound 5 in the active



940 Mini-Reviews in Medicinal Chemistry, 2012, Vol. 12, No. 10

pocket of AChE. This model possesses an ability to predict
the activities of new inhibitors, and would be useful for the
future design of new AChE inhibitors.
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Fig. (5). Scaffold for AChEI containing the ketone group.

In 2007, Sheng et al. [69] have conducted 3D-QSAR
studies using CoMFA and CoMSIA [29], on 2-phenoxy-
indan-1-one derivatives bearing AChE inhibitory activities.
The results show that the contributions to the activity of
steric fields are greater than that of electrostatic fields.
Addition of CoMSIA has elucidated the role of hydrophobic
and hydrogen bonding along with the effect of steric and
electrostatic properties revealed by CoMFA. In conclusion,
the two models demonstrate a good fit, the analysis of
CoMFA and CoMSIA contour maps provide insight into the
possible modification of the molecules with better activity.

Another study of the same year has seen Shen et al. [70]
to explore the binding mode of 2-substituted 1-indanone
derivatives with AChE. The 3D structures of these
compounds are sketched and optimized with the molecular
modeling software package Sybyl [29]. Aided by Gold [71],
they employ the Gold-docking conformations of the
compounds in the active site of AChE. Highly reliable and
predictive 3D-QSAR models are established by CoMFA and
CoMSIA methods, which are afterwards successfully
validated with an external test set. As a result of such
mathematical models, a better understanding of the
interaction between the inhibitors and AChE is provided.

In their work published in 2010, Sharma et al. [72] have
applied QSAR on indanone and aurone derivatives by using
various physicochemical parameters calculated with the
software ~ ChemOffice [73]. The structure-activity
relationship is established by means of sequential multiple
linear regression analysis, resorting to the Valstat program
[74]. A set of 23 compounds is used in the training set, and
the validation is performed with 9 compounds. The best
model found includes the Lowest Unoccupied Molecular
Orbital (LUMO) energy, diameter and the Gibbs Free
Energy as molecular descriptors, and it is found to be
statistically significant.

2.6. Other Chemical Structures

In 2001, Sippl et al. [75] have modeled aminopyridazine
derivatives (Fig. (6)) by threedimensional analyses using
Sybyl [29], Grid [76] and Golpe [77] programs. They
initially use four X-ray structures of AChE complexed with
small, non-specific inhibitors to create a model of the
binding of some recently developed aminopyridazine
derivatives. Combined automated and manual docking
methods are applied to dock the co-crystalized inhibitors into
the binding pocket, using AutoDock [43]. The ionization
states of the protein residues are determined from pK,
calculations using the UHBD program [78]. The program
Grid [76] is used to study the interaction potentials of the
protein and inhibitor structures. A training set of 42
aminopyridazine compounds derived by the docking
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procedure is used to build a 3D-QSAR model, using the
Grid/Golpe method. A test set of 7 designed molecules is
used to validate the model. The modeling process is
validated by comparing the predicted enzyme-bound
conformation with the known conformation in the X-ray
structure. The successfully validated model is then used to
evaluate the binding conformation of the aminopyridazine
compounds under consideration.

In another study of the same year, Spassova and Singh
[79] have analyzed Methamidophos (Met), which is a weak
inhibitor of housefly head AChE. Acephate (Ace), like Met,
is a poor inhibitor of AChE in vitro and has a comparable to
Met insect toxicity in vivo. Contrary to Met, though, Ace has
much lower mammalian toxicity. Understanding the
structural properties which make insecticides toxic to insects
but not to mammals is of great importance, since mammals
(including humans) are inadvertently exposed to these
compounds. The QSAR results found are consistent with the
model in which both the in vitro and in vivo toxicity of Met
depends on the inhibition of the active center of AChE by
the unchanged Met. An optimal susceptibility to hydrolysis
is needed for Met and its analogs to have high insecticidal
activity since in order to phosphorylate AChE they need to
be hydrolyzed and at the same time their stability is of great
importance in vivo for accumulating at the site of action. The
insecticidal activity of Ace analogs may be due to direct
interaction with the active center of the AChE. The
mammalian toxicity of Ace analogs may be due to
interaction with an ‘allosteric' reaction center in the AChE. In
terms of computational tools, the 2D structures of the
molecules are transformed into 3D structures in a
conformational analysis by the 3DGEN sub-program of
Oasis [80]. After the conformational analysis, the geometry
of each conformer is optimized using Mopac [30]. The
hydrophobic parameters are calculated using Molecular
Modeling Pro [81].

In 2003, Hag et al. [82] have derived a comprehensive
structure-activity relationship model for a series of natural
AChEIs isolated from Sarcococca saligna. All structures are
initially generated by Gaussian View [83] and minimization
is performed with the Austin Model 1. The statistically
significant COMFA models are established by atom-based
alignment, using Sybyl [29]. The training set consists of 28
previously isolated and tested pregnane-type steroidal
alkaloids inhibitors, while 4 molecules form the test set. In
our opinion, the accuracy of this model should be further
verified using more experimental data.

In 2005, Chiou et al. [84] have carried out a QSAR
analysis for Acetylcholinesterase and Butyrylcholinesterase
inhibition by cardiovascular drugs and benzodiazepines,
including Lovastatin, Simvastatin, Amlodipine Besylate,
Nifedipine, Hydralazine hydrochloride, Diazepam and

Chlordiazepoxide hydrochloride. The pK, values for

Acetylcholinesterase and Butyrylcholinesterase inhibitions
by these drugs are linearly correlated with the molecular
weights, with slopes of 0.005 and 0.0021, respectively.
Therefore, van der Waals’ interactions between
Acetylcholinesterase and these drugs are stronger than those
between Butyrylcholinesterase probably due to a small
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Fig. (6). Other chemical structures involved during the Acetylcholinesterase inhibition.

active site gorge and a significant peripheral anionic site for
Acetylcholinesterase. The fact that the pK; values for both

cholinesterase inhibitions are linearly correlated with each
other suggests that both enzyme inhibitions proceed via a
common mechanism. Since Amlodipine Besylate is a very
potent inhibitor of both cholinesterases, Amlodipine
Besylate may, like Donepezil, be useful in AD treatment.

In 2009, Solomon et al. [85] have studied the QSAR of a
series of 88 N-aryl derivatives which display varied
inhibitory activity towards both Acetylcholinesterase and
Butyrylcholinesterase. All the N-aryl derivatives are built
using Insight-11 software [86]. The QSAR model for AChE
inhibition is derived for a training set of 53 compounds, with
the aid of the GA technique using topological, molecular
shape, electronic and structural descriptors. Here, a test set of
26 compounds is used to successfully validate the resulting
model.

3. INTEGRATIVE STUDIES ON DIFFERENT
CLASSES OF MOLECULES

As summarized in Section 2, there are numerous,
structurally diverse AChEls. Specialized QSAR models for

individual classes of inhibitors are quite common, although
an integration of these models is the logical next step.
Instead of focusing on specific structures like Tacrine
derivatives, Carbamates or Benzylpiperidines, such an
integrative study should identify common and different
physicochemical properties leading to the inhibitory activity.
This would help researchers to design novel drugs. A couple
of studies in this direction have been published recently in
2011.

Gupta et al. [87] have developed comparative QSAR
models for 42 AChE inhibitors binding at the catalytic and
peripheral anionic site, identified on the basis of the
molecular docking approach. The compounds under study
are built using Sybyl [29]. Molecular docking at the dual site
of AChE is performed using the Gold software [71], while
Cerius2 [64] is used to compute the molecular descriptors.
They select the dataset from diverse chemical classes such as
piperidines, tetra hydro acridines, tetrahydroazepines and
carbamates instead of focusing on any particular series.
QSAR models are developed using GA, Genetic PLS,
Support Vector Machine (SVM) and Artificial Neural
Network (ANN) techniques, using a training set that includes
31 molecules. The robustness and significance of each model
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is critically assessed on an external test data set of 11
molecules. In conclusion, the generated models using
thermodynamic, electrotopological and electronic descriptors
show that nonlinear methods are more robust than linear
ones.

In their work, Lu et al. [88] have developed both
qualitative and quantitative 3D-pharmacophore models
based on AChEls, collected from nine publications reported
by the same laboratory. This covers a range of molecules
including polyamines, ketones, Donezil-based inhibitors,
Tacrine and  benzofuran-based hybrid compounds.
Pharmacophore modeling correlates activities with the
spatial arrangement of various chemical features in a set of
active analogs. From the diverse compounds, 62 are selected
as part of the training set, and the test set contains 26
compounds. The 2D chemical structures of these AChE
inhibitors are sketched using CS ChemDraw Ultra [73]. The
resulting files are imported into Discovery Studio [49] and
converted into the corresponding standard 3D structures.
Aided by the same software, two different methods, HipHop
and HypoGen, are used to generate ligand based
pharmacophore  models.  The  best  five-features
pharmacophore model includes one hydrogen bond donor
and four hydrophobic features, and is applied to identify nine
novel inhibitors.

4. ADVANCES IN RELEVANT METHODOLOGIES
BETWEEN 2001 AND 2011

Research into methodologies used to establish QSAR
models for AChE inhibition potency is reviewed in this
section. Interestingly, these studies have been performed
recently in the last three years.

A study performed by Asadabadi et al. [89] in 2009
extracts the most effective structural features of AChEls
from a large number of molecular descriptors. An efficient
feature selection method is emphasized in such approach,
which uses the confirmative results of different routines and
novel feature selection methods. The proposed methods
generate quite consistent results ensuring the effectiveness of
the selected structural features. In this study, all structures
are drawn and optimized in HyperChem [90]. Statistical
analyses are performed using the statistical software SPSS
[38]. The programming and implementation of the
algorithms is performed in Matlab environment [33].

In 2010, Tsai et al. [91] have performed a comparative
study on different methods employed for assigning
electrostatic potentials to atoms in a molecule. This choice of
methodology is critical for QSAR studies although, however,
no systematic comparison of the effects of electrostatic
potentials on the model’s quality has previously been done.
Twelve semiempirical and empirical charge-assigning
methods, AM1, AMI1-BCC, CFF, Del-Re, Formal,
Gasteiger, Huckel, Gasteiger-Hiickel, MMFF, PRODRG,
Pullman, and VC2003 charges are compared for their
performances in CoMFA and CoMSIA modeling, using
several standard datasets. Del-Re, PRODRG and Pullman
are excluded from the study because they are specific to
certain atom and bond types. The commonly used Gasteiger-
Hickel charge performs poorly in prediction accuracy. The
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AM1-BCC method is better than most charge-assigning
methods based on prediction accuracy but unsuccessful in
yielding overall higher cross-validation correlation
coefficient values than others. The CFF charge model is
found to work best in prediction accuracy when the cross-
validation correlation coefficient is used as the evaluation
criterion. The programs used for assigning charges and
modeling include QUACPAC [92], Sybyl [29], Discovery
Studio [49] and Dundee PRODRG?2 online server [93].

5. BEYOND INHIBITING ACHE: OTHER FUNC-
TIONS OF THE SAME MOLECULES

In the course of reviewing the current topic, we come
across with many theoretical and experimental studies on
molecules other than AChE, but which are still related to
Alzheimer’s Disease. As far as the authors are aware,
specific  QSAR  studies on the inhibition of
Acetylcholinesterase by AChEIs form a relatively small part
of AD research. This reflects a shift in focus in the field of
neurodegenerative disease. This shift can even be seen in
some AChEI studies which focus on the inhibitors’ effect on
the pathogenetic cascade leading to AD instead of their
palliative functions.

One such function is the modulation of Amyloid
Precursor Protein (APP) processing. The brain tissue of AD
patients shows the presence of neuropathologic markers such
as neurofibrillary tangles and neurotic or senile plagues. The
latter are characterized by the accumulation of proteins in the
form of B-pleated sheet fibrils, which consist mainly of a 39-
43 amino acids peptides called B-Amyloid (AB) [9]. The
Amyloid hypothesis of AD is focused on the toxic effect of
excessive AP on neurons and suggests the aberrant
mechanism of the APP processing is a central pathogenetic
mechanism for AD [94, 95].

In a 2004 review, Racchi et al. [9] have explored the
experimental evidence which suggests a role for AChEIs in
APP processing. They conclude that evidence pointed to a
mechanism of interaction of AChEIs and the mechanism of
APP. Multiple complex mechanisms are suggested to
modulate APP processing, involving cholinergic agonist
effect, coupled to multiple signal transduction pathways, or
post-transcriptional effects modulating the expression of
cellular APP.

Fu et al. [96] have carried out one such study on AChEIs
in 2008. o-, B- and y-Secretase are involved in the processing
of APP to form AP. This group experimentally shows that
Bis(7)-Tacrine could substantially reduce the generation of
AB by inhibiting B-Secretase (BACE-1) and activating a-
Secretase activity. Citing the group’s previous study showing
bis(7)-Tacrine’s role in attenuating AP -induced neuronal
apoptosis [97], the authors argue that this inhibitor has
multiple targets in the Amyloid pathological cascade of AD.

An extension of this shift in focus from Acetylcho-
linesterase inhibition to other aspects of AD is the
emergence of multi-target drugs. The use of multi-potent
drugs to treat AD has been reviewed by Zhang in 2005 [98].
The idea behind this strategy is that most human diseases
involve multiple pathogenetic factors and therefore, a one-
drug-one-target paradigm in drug discovery is flawed [99,
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100]. For the case of AD, important factors include
aggregation of amyloid-p and tau proteins, excessive metal
ions, oxidative stress and reduced level of acetylcholine
[101-104]. As reviewed by Zhang, there are various natural
and synthetic structures which influence different
combinations of these factors. Details about such individual
hybrid molecules or natural structures can be found in
Zhang’s review and will not be iterated here. However, some
examples include dual AChE and monoamine oxidase
(MAO) inhibition, simultaneous AChE inhibition and
AChE-induced AP aggregation, or metal chelators with
radical scavenging potential. When multiple structure
dependent factors are under consideration, experiments
become more costly and time consuming, if they are feasible
at all. Therefore, techniques used in computer-aided drug
design such as QSAR are essential in this paradigm shift.

6. FUTURE RESEARCH DIRECTIONS

It is understandable that the focus on AD research has
shifted away from the inhibition of Acetylcholinesterase. It
is just a palliative, symptomatic treatment which does not
stop the progression of neurodegeneration. However, there
are a few reasons why research into this branch of research
should continue.

First, the pathogenesis and progression of Alzheimer’s
disease remain partially understood at best. Therefore, it is
unwise and premature to abandon effort to develop more
effective symptomatic drugs before substantial results are
obtained in the discovery of a cure which attacks the root of
AD. Second, any emerging cure does not necessarily
supersede palliative drugs. They are still needed while
neurodegeneration is being stopped and perhaps reversed in
a patient. The third case is the complexity of the nervous
system. It is regulated by multiple, interwoven pathways
which consist of many and sometimes common
biomolecules and receptors. The AChEIls may play a role in
other pathways involved in AD too, some of which may be
behind the onset of the disease. There is also evidence which
suggests that multi-functional compounds may provide
greater therapeutic benefits by concurrently targeting
different sites in the brain [98, 105].

The two comparative studies reviewed in Section 3 are
both published in 2011. We encourage this new trend in AD
research. Considering there are so many specialized multi-
criteria. QSAR studies in the literature, each modeling a
specific class of inhibitors, there is a need to integrate these
separate studies. It helps designing the most potent AChEI.
QSAR studies covering diverse structures allow researchers
to pick out molecular features which play important roles in
Acetylcholinesterase inhibition, but which are found in
separate classes of inhibitors. Then, researchers can design
and synthesize new compounds with different combinations
of these separate features.

In order to facilitate QSAR studies into AChE inhibition
in general, and comparative studies of different types of
inhibitors in particular, we call for the establishment of a
standard experimental protocol to measure the inhibitory
activity of AChEls. Like all multi-criteria QSAR models, the
predictive ability of a QSAR model of AChEIs strongly
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depends on the size and quality of datasets of inhibitors’
biological activity. In most experimental studies measuring
the inhibitory activity, the number of structures measured
does not exceed twenty or so. Furthermore, although the
general experimental method is largely consistent in
different studies, parameters like concentration and amount
of chemicals used, or temperature vary slightly. This lack of
consistency makes combination of datasets problematic. This
problem is particularly relevant to comparative studies
because datasets are often obtained by combining data
collected by different researchers.

Finally, we call for multi-criteria QSAR chemists to work
more closely with system biologists and molecular
biologists. As reviewed by Katayam et al. [106], several
authors have reported that neuronal death has its origin in the
Endoplasmic Reticulum (ER). Accumulation of unfolded
proteins in the ER due to genetic mutations or exogenous
factors leads to ER stress. Normal cells respond to ER stress
in a mechanism called the Unfolded Protein Response
(UPR). Dysfunction of ER down regulates UPR. This leads
to vulnerability to ER stress and hence neuronal apoptosis
and neurodegeneration. This development is a step forward
in the understanding of AD and the search for a cure.
Nevertheless, like many biological system, UPR and its
associated bioCical and physiological responses are highly
complex. They involve many interdependent components,
forming a dynamic network. They span across many spatial
and temporal levels. A holistic approach is more appropriate
than scientific reductionism in its study.

Through multi-scale modeling of interactions between
the components of AD, system biologists can identify
emergent properties. This leads to hypotheses about AD. Just
as molecular biologists are needed to prove these hypotheses
experimentally, chemists’ expertise in QSAR is needed to
design drugs once their targets are identified by the other two
groups. Therefore, better communication between all three
parties is called for. It allows theoretical chemists to be more
selective and efficient in the use of multi-criteria QSAR,
facilitating the discovery of a cure for Alzheimer’s Disease.
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AD = Alzheimer’s Disease
ANN = Atrtificial Neural Network
APP = Amyloid Precursor Protein
BACE-1 = [-Secretase

BRGNNs = Bayesian-Regularized Genetic Neural
Networks

CoMFA = Comparative Molecular Field Analysis

CoMSIA = Comparative Molecular Similarity Index
Analysis

DA = Application Domain

ER = Endoplasmic Reticulum

ETM = Electron-Topological Method

FSI = Forward Stepwise Inclusion

G = Gibbs Free Energy

GA = Genetic Algorithm

GFA = Genetic Function Approximation

HUAChE = Human Acetylcholinesterase

LM = Lattice Model

LUMO = Lowest Unoccupied Molecular Orbital

MLR = Multivariable Linear Regression

NNE = Neural Network Ensemble

PLS = Partial Least Squares

QSAR = Quantitative Structure-Activity Relationships

S = Standard Deviation

SA = Simulated Annealing

SiRMS = Simplex Representation of Molecular
Structure

SVM = Support Vector Machine

UPR = Unfolded Protein Response.
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