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Abstract Butyrylcholinesterase (BChE) is not only an

important protein for development of anti-cocaine medi-

cation but also an established drug target to develop new

treatment for Alzheimer’s disease (AD). The molecular

basis of interaction of a new series of quinazolinimine

derivatives as BChE inhibitors has been studied by

molecular docking and molecular dynamics (MD) simula-

tions. The molecular docking and MD simulations revealed

that all of these inhibitors bind with BChE in similar

binding mode. Based on the similar binding mode, we have

carried out three-dimensional quantitative structure–activ-

ity relationship (3D-QSAR) studies on these inhibitors

using comparative molecular field analysis (CoMFA) and

comparative molecular similarity indices analysis (CoM-

SIA), to understand the structure–activity correlation of

this series of inhibitors and to develop predictive models

that could be used in the design of new inhibitors of BChE.

The study has resulted in satisfactory 3D-QSAR models.

We have also developed ligand-based 3D-QSAR models.

The contour maps obtained from the 3D-QSAR models in

combination with the simulated binding structures help to

better interpret the structure–activity relationship and is

consistent with available experimental activity data. The

satisfactory 3D-QSAR models strongly suggest that the

determined BChE-inhibitor binding modes are reasonable.

The identified binding modes and developed 3D-QSAR

models for these BChE inhibitors are expected to be

valuable for rational design of new BChE inhibitors that

may be valuable in the treatment of Alzheimer’s disease.
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1 Introduction

Alzheimer disease (AD) is an irreversible, neurological

disorder involving a progressive impairment of cognitive

functions, accompanied by behavioral disturbances and a

decreasing ability to perform basic activities of daily living

[1]. It is the leading cause of dementia among older people

[2]. Nearly 5 million people were reported to be affected

by AD in United States [3]. The cost for treating AD is

around $100 billion per year in the United States [3]. The

presence of massive deposit of aggregated protein break-

down products, amyloid-b (Ab) plaques, and neurofibril-

latory tangles are characteristic neuropathology hallmark

of AD [4]. Substantial loss of cholinergic activity was also

reported in AD brain [2]. The decrease in cholinergic

activity was reported to have correlation with the clinical

dementia ratings [5]. There are very few treatment options

available for AD patients. Inhibitors of cholinesterases,

i.e., acetylcholinesterase (AChE) and butyrylcholinesterase

(BChE), were used as treatment of choice in AD [6]. These

inhibitors increase the cholinergic activity and give

symptomatic relief [7]. Four of the five FDA-approved

drugs for AD treatment are mainly inhibitors of AChE [8].

These currently available drugs have many side effects like

liver damage, nausea, and vomiting [2, 9]. This limits the

usefulness of these drugs. Hence, there is a need to
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discover new compounds that could be developed as drugs

for AD treatment. More recent studies have shown that

BChE is a promising target for the treatment of AD. BChE

is a well-known enzyme used for various therapeutic pur-

poses, including anti-cocaine medication [10]. BChE is

synthesized in liver and widely distributed in the body,

including plasma, brain, and lung [11, 12]. But its physi-

ological function has not completely been elucidated.

There is growing evidence that BChE is involved in the

development and progression of AD. Over expression of

BChE was reported in neuritic Ab plaques in the AD brain

[13]. BChE not only hydrolyzes butyrylcholine but also

inactivates acetylcholine. The key role of BChE to com-

pensate the role of AChE is shown by the survival of AChE

knockout mice with normal levels of BChE [14]. Recent

report has revealed that in advanced AD, the AChE level

decreases whereas the BChE level increases [15]. BChE is

also reported to have a possible role in the aggregation of

b-amyloid protein (Ab) [8]. Individuals without BChE

activity due to a genetic variation were reported to be

healthy and no physiological abnormality was reported [16,

17]. This shows that inhibition of BChE can be achieved

without severe side effects. Selective BChE inhibitors were

reported to elevate extracellular acetylcholine levels [15].

Selective BChE inhibitors were also reported to improve

the cognitive performance of aged rats [15]. Developing

BChE inhibitor will have potential therapeutic benefits in

AD treatment.

A series of quinazolinimine derivatives were reported

as BChE inhibitors by Decker et al. [18–20] Under-

standing how BChE binds with these inhibitors, exploring

their structure–activity relationship (SAR), and develop-

ing predictive computational models will be valuable in

rational design of more potent inhibitors. Computational

drug design studies were reported to be successful in such

lead optimization studies [21]. Understanding the detailed

BChE-inhibitor binding structures is clearly valuable for

structure-based drug design, where the detailed 3D

structure of the drug target (receptor) is used and

molecular docking is performed to determine the binding

mode of the target protein with each possible drug can-

didate [22, 23]. Besides, 3D-quantitative structure–activity

relationship (3D-QSAR) is a ligand-based drug design

method which is widely used in lead optimization studies

[24]. 3D-QSAR methods serve as an important comple-

ment to structure-based methods [24]. The main goal

of the 3D-QSAR modeling is to develop a statistically

significant and highly predictive model. Such a model is

then used to predict the activity of new compounds to

be synthesized. Comparative molecular field analysis

(CoMFA) and comparative molecular similarity indices

analysis (CoMSIA) are the two 3D-QSAR methods which

have been successfully employed in new drug design

[25–28]. Such approaches were useful in the lead optimi-

zation and help us to understand the receptor-ligand inter-

action [29–31]. In CoMFA, the biological activity of

molecules is correlated with their steric and electrostatic

energies [32]. The steric and electrostatic interaction ener-

gies are calculated using Lennard-Jones potential and

Coulombic potential, respectively [25]. In CoMSIA, simi-

larity indices are calculated at regularly placed grid points

for the aligned molecules [28]. CoMSIA includes additional

molecular descriptors like hydrophobic fields and hydrogen

bond donor and acceptor fields [28]. The contour maps were

obtained as a graphical output from these methods, and it

highlights the regions in space where the aligned molecules

can favorably or unfavorably interact with a possible

environment [7]. These contour maps can also be used to

get an insight into the topological features in receptor site

[31]. Our most recent study indicates that receptor-based

(or docking-based) 3D-QSAR methods also give good

results in lead optimization [33]. In this method, the docked

molecules were used as a starting point to carry out

3D-QSAR analysis rather than aligning the ligand using a

low-energy conformer template.

In the present study, we mainly aimed to understand

how BChE binds with this important series of inhibitors,

i.e., quinazolinimine derivatives, and determine the

detailed binding structures. The detailed 3D structures of

BChE binding with a total of 42 inhibitors have been

determined by molecular docking followed by molecular

dynamics simulations. To examine whether the docked

BChE-inhibitor binding structures are reasonable or not,

we have also carried out various 3D-QSAR analyses on

these inhibitors by using both CoMFA and CoMSIA

methods. All of the obtained ligand-based and receptor-

based CoMFA and CoMSIA models and the corresponding

contour maps strongly support the docked BChE-inhibitor

binding structures. As a byproduct of the current study, the

obtained 3D-QSAR models are capable of predicting the

inhibitory activity of the BChE inhibitors. The determined

BChE-inhibitor binding modes and the developed 3D-

QSAR models are expected to be valuable in future rational

design of more potent inhibitors of BChE.

2 Computational details

2.1 Data sets

All compounds used in the present study were reported

recently by Decker et al. as inhibitors of BChE [18–20].

The IC50 values were converted into pIC50 (i.e., -log

IC50) values for the 3D-QSAR studies. The structures of

the compounds and their pIC50 values are given in

Table 1.
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2.2 Molecular docking

Molecular docking was carried out to understand the

detailed binding modes of BChE binding with these

inhibitors. The X-ray crystal structure (PDB ID: 1P0M) of

BChE was used in molecular docking. The 3D structures of

all compounds were built using the SYBYL software

(Tripos, Inc.). The geometries of all compounds were

optimized by using semiempirical PM3 method. The

optimized geometries were used to perform single-point

Table 1 Molecular structures of compounds used in the training- and test sets and their BChE inhibitory activity

N

N

X
R1

n

Compd. X R1 n BChE IC50 (µM) pIC50

1 N 

2a N 

3 N 

4 N 

5 N 

6 N 

1 19.5 4.71 

2 22.3 4.65 

3 4.1 5.39 

4 2.3 5.64 

1 1.87 5.73 

2 1.4 5.85 

7 N 3 1.5 5.82 

8a N 4 1.1 5.96 

9 N 1 0.62 6.21 

10 N 2 0.144 6.84 

11 N 3 2.2 5.66 

12 N 4 0.62 6.21 

N

N

N
R1

n
R2

Compd. R1 R2 n BChE IC50 (µM) pIC50

14 H H 1 7.2 5.14 

15 H H 4 3.0 5.52 

16 COCH3 H 1 204.0 3.69 

17 C4H9 Cl 1 2.3 5.64 

18 C4H9 H 1 5.5 5.26 

N

N

N

n1

N

N

N

R

R

n1

n2
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Table 1 continued

Compd R n1 n2 BChE IC50 (µM) pIC50

19 Cl 1 7 0.061 7.21 

20a H 1 7 0.088 7.06 

21 H 2 7 0.0085 8.07 

22 H 3 7 0.024 7.62 

23 H 4 7 0.027 7.57 

24 Cl 1 8 0.0454 7.34 

25 H 1 8 0.0048 8.32 

26 H 2 8 0.0076 8.12 

27 H 3 8 0.013 7.89 

28 H 4 8 0.076 7.12 

N

N

NH

N

N

N

H2N

n = 6

N

N

N

HN

n = 6

O

S

S

13. BChE IC50 = 2.0µM    35. BChE IC50 = 0.046µM   42. BChE IC50 = 0.023µM
  (pIC50 = 5.67)     (pIC50 = 7.34)     (pIC50 = 7.64) 

N

N

N

Cl

R

n

Compd R n1 BChE IC50 (µM) pIC50

29 NH2 1 10.23 4.99 

30a NH2 2 0.72 6.14 

31 NH2 3 0.19 6.72 

32 NH2 4 0.38 6.42 

33 NH2 5 0.71 6.15 

34 NH2 6 0.012 7.92 

36 

HN

O

S S

1 2.58 5.59 

37 

HN

O

S S

2 0.17 6.77 

38 

HN

O

S S

3 0.053 7.28 

39 

HN

O

S S

4 0.026 7.59 

40 

HN

O

S S

5 0.014 7.85 

41a

HN

O

S S

6 0.0057 8.24 

pIC50 values calculated from the IC50 data in Refs. [18–20]
a Compounds used in the test set were based on random selection
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ab initio calculations at the HF/6-31G* level in order to

determine the electrostatic potential (ESP)-fitted atomic

charges, i.e., the ESP charges, that fit to the electrostatic

potential at points selected according to the Merz-Singh-

Kollman scheme [34, 35]. Molecular docking was carried

out by using FlexX module of SYBYL [36]. The FlexX

uses incremental docking algorithm called pose clustering

[36]. In this program, the ligand molecule is split up into

fragments and the core fragment is first placed according to

the given scoring function [37]. The molecule is built up by

performing conformational search of the ligand in the

active site [36]. Only the best conformation was built upon

and the others are discarded. The active site was defined as

residues within 9.5 Å around the bound choline molecule,

Thr120, Val288, and Tyr332. The active site is defined

such that the entire active-site cavity is covered in docking.

Based on the crystal structure, the region with residues

Trp82, His438, and Ser198 were defined as the core sub-

pocket. The ligands were docked using the multiple-ligand

docking option of FlexX. The top-75 docked orientations

were generated for each ligand. The best docked structure

was selected based on the FlexX score and visual checking

of the docked pose.

2.3 Molecular dynamics simulation

The general procedure used to carry out the MD simula-

tions in this study is essentially the same as that used in our

earlier computational studies [38]. Briefly, the MD simu-

lations were performed using Sander module of Amber8

program [39]. The force field parameters used for ligands

were determined by using the standard general amber force

field (GAFF) associated with the Antechamber module of

the Amber8 program. The BChE-ligand binding complex

was neutralized by adding appropriate counter ions and

was solvated in a rectangular box of TIP3P water mole-

cules [40] with a minimum solute-wall distance of 10 Å.

The solvated systems were carefully equilibrated and fully

energy-minimized. These systems were gradually heated

from T = 10 K to T = 298.15 K in 35 ps before a pro-

duction MD simulation run. The time step used for the MD

simulations was 2 fs. Periodic boundary conditions in the

NPT ensemble at T = 298.15 K with Berendsen tempera-

ture coupling [41] and P = 1 atm with isotropic molecule-

based scaling were applied. The SHAKE algorithm was

used to fix all covalent bonds containing hydrogen atoms

[42]. The particle mesh Ewald (PME) method [43] was

used to treat long-range electrostatic interactions. Restrain

was placed on the C-alpha backbone atoms during the MD

run. A residue-based cutoff of 12 Å was utilized to the non-

covalent interactions. Production MD was then carried out

for 1 ns or more with 2 fs time step. The time-dependent

geometric parameters were carefully examined to make

sure that we obtained a stable MD trajectory for each

simulated protein–ligand binding system. The coordinates

of the simulated system were collected every 1 ps during

the simulation.

2.4 3D-QSAR analysis

Of the 42 compounds reported, 37 compounds were used as

a training set and the remaining five compounds were used

as a test set, based on a random selection. The compounds

in the test set have a range of biological activity values

similar to that of the training set. The pIC50 values of the

compounds studied cover an interval of more than 3 log

units.

The pose obtained from the MD simulation was used as

a starting point for the 3D-QSAR study. The CoMFA and

CoMSIA models were generated by using the SYBYL

software with the default parameters. A regularly placed

grid of 2.0 Å was created around the molecules obtained

from MD simulations. The 3D-QSAR model was generated

by considering the entire ligand structure without ignoring

any particular ligand region. The generated grid completely

covered the docked molecules. In CoMFA, the steric and

electrostatic fields were calculated at each intersection

lattice point of the grid. A sp3 carbon atom with charge

?1.00 was used as a probe atom. The steric and electro-

static fields were truncated at ?30.0 kcal/mol. In CoMFA,

the standard scaling applies equal weight to all lattice

points in a given field. The region focusing option helps to

refine the CoMFA model. It increases the weight to those

lattice points which are important for the model [44]. We

used region focusing to develop the CoMFA models in this

study. In CoMSIA, the steric, electrostatic, hydrophobic,

hydrogen bond donor and acceptor descriptors were cal-

culated at each lattice intersection of a regularly placed

grid of 2.0 Å. A probe atom with radius 1.0 Å, charge

?1.0, and hydrophobicity of ?1.0 was used to calculate the

respective fields. The attenuation factor a was set to 0.3.

The partial least-square (PLS) analysis was used to

derive the 3D-QSAR models. Sample-distance PLS

(SAMPLS) algorithm [45] was used for the leave-one-out

(LOO) cross-validation. The optimum number of the com-

ponents identified in the cross-validation was used in the

final analysis. To further validate the model, 100 runs of

bootstrap analyses were performed. The models were also

rigorously analyzed by performing cross-validation using

five groups and two groups in the training set. Since only the

number of groups and the number of validation times can be

controlled in the SYBYL ‘‘cross-validation’’ process, the

process was repeated for 25 times. The models were also

evaluated for their ability to predict the activity of mole-

cules in the test set. The predictive r2 (denoted by rpred
2 ) for

molecules in the test set was calculated by using Eq. (1):
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r2
pred ¼ ðSD� PRESSÞ=SD ð1Þ

where SD is the sum of the squared deviations of the

individual biological activity values for the test-set mole-

cules from the mean activity value of the test-set molecules

and PRESS is the sum of the squared deviations of the

predicted activity values from the actual activity values of

the test-set molecules. Contour maps were generated as the

output of these 3D-QSAR models. The contour maps

generated depict regions having scaled coefficients greater

than 80% (favored) or less than 20% (disfavored).

The quantum mechanical (QM) calculations using

Gaussian03 were performed on an IBM X-series cluster

with 340 nodes and 1,360 processors at University of

Kentucky Center for Computational Sciences. The 3D-

QSAR analyses and FlexX docking were performed by

using SYBYL 7.0 software [46] on a Silicon Graphics Fuel

workstation and the other computations were carried out on

a 34-processors IBM 9335 Linux cluster in our own

laboratory.

3 Results and discussion

3.1 Microscopic binding modes from molecular

docking and molecular dynamics simulations

Molecular docking followed by molecular dynamics (MD)

simulations was carried out for all of the 42 inhibitors in

order to understand the nature of the interactions of these

compounds with BChE. The overall crystal structure of

human BChE along with the active-site cavity is provided

as supporting information (Figure S1). BChE has a 20 Å
´

deep gorge that leads to the active site penetrating half way

into the enzyme, and it is 5 Å
´

wider [11]. The key features

in the BChE active-site gorges are the (1) catalytic triad

(Ser198, Glu325, and His438), (2) the oxyanion hole

(Gly116, Gly117, and Ala199), (3) the acyl pocket

(Val288, Leu286, and Phe329), and (4) the choline-binding

pocket formed from residues including Trp82. The differ-

ence between the active-site gorges of BChE and the

related AChE is that a few aromatic residues lining the

gorge of AChE are replaced with smaller hydrophobic

residues in BChE [47]. For example, two of the acyl pocket

residues Phe290 and Phe288 in TcAChE are mutated to

smaller residues Val288 and Leu286 in BChE.

The docked poses of all 42 compounds in BChE active

site is shown in Fig. 1. The different regions in this ligand

series used to describe SAR are marked in Fig. 2. The

docking was followed by 1–2 ns MD simulation for inhib-

itor. The pose obtained from the MD simulation was taken

for final analysis. For each compound, the MD simulation

eventually led to a stable MD trajectory, demonstrating that

the final binding structure obtained from the MD simulation

is stable. As representative examples, the MD trajectories

and the binding structures obtained for the compounds 25

and 41 were depicted in Figs. 3, 4, 5, 6. In particular, con-

cerning the stability of the MD trajectory depicted in Fig. 3,

we also continued the MD simulation until 4 ns (see Figure

S6 in supporting information) and confirmed that the MD-

simulated binding structure is stable. Further, we carefully

compared the MD-simulated binding structure with the

binding structure obtained from the initial docking and

found no significant difference in the BChE active-site

structure, suggesting that the BChE active-site structure is

relatively rigid. In addition, we also examined possible

participation of solvent in the binding and found no solvent

water molecule involved in the binding.

The binding mode of the most active compounds, i.e.,

compounds 25 and 41, are described as the representatives

of this series. The binding mode of the most active com-

pound in this series, i.e., compound 25, with BChE is

shown in Fig. 4. Binding mode of compound 25 shows that

Fig. 1 Spliced view of BChE active-site cavity with 42 docked

inhibitors

N

N
N

N

N
N

Core

Linker
Region

Peripheral 
group

Alicyclic
Ring 

8

7

Fig. 2 Compound 25 is shown along with labels used in the

discussion of SAR for this ligand series reported in Refs. [18–20]
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the residues Gly116 and Gly117 lie below the plane of

quinazolinimine group in the core region. It forms the base

for the binding of quinazolinimine group. The ligand core

group is surrounded by hydrophobic residues. The hydro-

phobic residue Phe329 lies perpendicularly to the plane of

quinazolinimine group in the core region. Trp82 and Ile442

are present on one side of the quinazolinimine group. The

five-membered ring attached to quinazolinimine group is

present in a hydrophobic cavity and is surrounded by res-

idues Trp231, Leu286, Val288, Phe329, Phe398, and

Ala199. Ser198 and His438 are present near to nitrogen

atom of the quinazolinimine core group. The octa-methy-

lene linker group interacts with the side chain methyl group

of Thr120 and the side chain –(CH2)2– group of Gln119.

The quinazolinimine group in the peripheral region favor-

ably interacts with the backbone –CO–NH– groups of

Fig. 3 a Molecular structure of compound 25. b Plots of MD-

simulated internuclear distances versus simulation time for BChE

binding with compound 25. D1 refers to the distance between N7

atom of compound 25 and the carbonyl oxygen of Gly116 backbone,

D2 the distance between N39 atom of compound 25 and the OG atom

of Ser287 side chain, and D3 the distance between N39 atom of

compound 25 and the N atom of Thr284 backbone

Fig. 4 Binding mode of compound 25 with BChE active site.

Compound 25 is shown in sticks with carbon atoms in green color.

Important residues involved in binding are marked. a BChE active

site shown as solid surface. b BChE active site shown as cartoon.

Residues interacting with compound 25 are highlighted in gray color
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Fig. 5 a Molecular structure of compound 41. b Plots of MD-

simulated internuclear distances versus simulation time for BChE

binding with compound 41. D1 refers to the distance between N2

atom of compound 41 and the NH nitrogen of Gly114 backbone, D2

the distance between N3 atom of compound 41 and the carbonyl

oxygen of Ile66 backbone, and D3 the distance between N1 atom of

compound 41 and the NE2 atom of His435 side chain
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Tyr282, Gly283, and Thr284. An inspection of the detailed

binding structures reveals that the five-membered alicylic

ring attached to the quinazolinimine group is optimal for

binding in BChE pocket. This is in agreement with the

reported SAR which shows that compounds 26–28 have a

slightly lower activity than compound 25.

The binding mode of the second most active compound

in this series, i.e., compound 41, is shown in Fig. 6. In the

case of compound 41, quinazolinimine group in the core

region binds in a similar orientation as compound 25. The

five-membered ring attached to quinazolinimine group is

surrounded by hydrophobic residues Trp231, Leu286,

Val288, Phe329, Phe398, and Ala199. Gly116 and Gly117

lie below and Phe329 lies above the plane of quinazolini-

mine group in the core region. The octa-methylene linker

group interacts with the side chain methyl group of Thr120,

the side chain –(CH2)2– group of Gln119 and the side chain

–CH2 group of Asn68. This linker group helps to position

the lipoic acid group at the entrance of the active site. Our

docking shows that altering the linker length changes the

orientation of lipoic acid group. As can be seen from the

data for compounds 36–41, the increase in the chain length

of the linker region increases the activity of the compound.

The octa-methylene linker is the optimal chain length and

orients the lipoic acid group toward a cavity at the entrance

surrounded by hydrophobic residues Ile69, Leu273, and

Leu274. The hydrophobic chain of lipoic acid has favor-

able hydrophobic interaction with the Ile69 and the

–(CH2)2– side chain of Gln71. The amide group connecting

the lipoic acid with the octa-methylene linker group in

compound 41 forms a hydrogen bond with the backbone

carbonyl group of residue Ile69. Lipoic acid group also

interacts with residues Leu273, Leu274, and Gln270 on one

side. Compound 16 has the lowest activity in this series.

Figure S3 in supporting information shows the MD tra-

jectories for compounds 16. The binding mode of com-

pound 16 with BChE is provided in supporting information

(Figure S4). In the case of compound 16, quinazolinimine

group in the core region binds with BChE in a similar

orientation as other compounds in this series. Phe329 lies

above the plane of quinazolinimine group. The five-mem-

bered ring attached to quinazolinimine group is surrounded

by hydrophobic residues Trp231 and Leu286. Compound

16 has a carbonyl group attached directly to the imine

nitrogen (Figure S4 in supporting information). Our

docking and MD-simulated structures reveal that this car-

bonyl group is not favored at this position and, thus, con-

tributes to the lower activity of this compound. The

carbonyl group of compound 16 is oriented toward the

backbone carbonyl group of Gly116 (Figure S4 in sup-

porting information) and will have unfavorable electro-

static interaction. This explains the lower activity of this

compound. The results from our docking study are in

agreement with the observed SAR for this series of ligands.

Moreover, the docked poses also serve as a very good

starting point for carrying out receptor-based 3D-QSAR

modeling.

3.2 3D-QSAR models

3D-QSAR is a ligand-based approach but can be used to

complement the structure-based approach like docking. In

general, 3D-QSAR methods give contour plots as output.

These contour plots provide some useful insight into the

nature of the binding in the active site. So we also used 3D-

QSAR to analyze whether the obtained 3D-QSAR models

support our determined binding modes from molecular

docking and MD simulations. The results from the CoMFA

and CoMSIA models using the training set of 37 com-

pounds were summarized in Table 2. In general, for all the

3D-QSAR models, a leave-one-out (LOO) cross-validation

was done first to identify the cross-validated correlation

coefficient (q2) values. Then the number of components

identified in the LOO cross-validation process was used in

the final non-cross-validated PLS run. The developed 3D-

QSAR models were analyzed in terms of various statistical

parameters, namely cross-validated correlation coefficient

(q2), non-cross-validated correlation coefficient (r2), stan-

dard error estimate (SEE), and F-statistic values. A q2

value of greater than 0.5 is usually considered significant

Fig. 6 Binding mode of

compound 41 with BChE active

site. Compound 41 is shown in

sticks with carbon atoms in

green color. Important residues

involved in binding are marked.

a BChE active site shown as

solid surface. b BChE active

site shown as cartoon. Residues

interacting with compound 41
are highlighted in gray color
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[48]. All 3D-QSAR models developed have a q2 value

greater than 0.5. We developed ligand-based and receptor-

based 3D-QSAR models. In ligand-based 3D-QSAR, sub-

structure-based alignment of compounds was carried out

(see supporting information). In ligand-based 3D-QSAR,

we developed two types of models. First, we developed a

model using a training set of 37 compounds. The predictive

ability of the models was validated using the external test

set of five compounds. These five compounds were not

used in initial model development. Our second model was

developed using all the 42 molecules as the training test as

this will allow us to utilize all the available information.

The CoMFA models were developed after PLS region

focusing. The best CoMFA model (see Table 2) using a

training set of 37 molecules has a q2 value of 0.732 and an

r2 value of 0.974. The CoMSIA model with steric, elec-

trostatic, hydrophobic, donor, and acceptor descriptors was

associated with larger q2 and r2 values. Hence, the CoM-

SIA model (denoted by CoMSIA-1e) from alignment I was

selected for final analysis based on the larger rpred
2 value

and used to predict the activity of the compounds (see

Table 2). The CoMSIA-1e model has a q2 value of 0.75

and an r2 value of 0.973. The models have larger r2, q2, and

F values. These data suggest that the models are reasonable

for the predictive ability. The CoMFA-1a model shows that

the electrostatic part plays a major role. The CoMSIA-1e

model shows that electrostatics play major role followed by

hydrophobic contribution. The hydrogen bond acceptor is

found to have the least contribution to the activity. The 3D-

QSAR models were further validated using an external test

set of five compounds. CoMFA-1a and CoMSIA-1e models

all gave good predictions of both the training- and test-set

compounds (see supporting information). Both the CoM-

FA-1a and the CoMSIA-1e models have sufficiently large

rpred
2 values, i.e., 0.825 and 0.824, respectively. The pre-

dicted activity of the compounds and their residuals

(deviations) are given in supporting information and the

plots obtained were depicted in Fig. 7a and b. In both

models (CoMFA-1a and CoMSIA-1e), the deviations of the

predicted pIC50 values from the corresponding experi-

mental pIC50 values are always smaller than 1 log unit. The

CoMFA-1a and CoMSIA-1e models were further analyzed

by additional rigorous statistical cross-validation using five

and two groups in the training set. Each cross-validation

process was repeated for 25 times, and the results are given

in supporting information (Table S5). As shown in Table

S5, the average q2 values obtained in this way were only

slightly lower than the q2 values obtained with the LOO

method. These results suggest that the high q2 values were

not obtained by chance correlation and the obtained

CoMFA-1a and CoMSIA-1e models are stable and valid.

We also carried out 100-run of bootstrap analyses and both

models have high value of boot-strap r2 (see Table 2). The

final 3D-QSAR models (CoMFA-2a and CoMSIA-2e)

were developed using all the 42 compounds as the training

set. Contour plots generated using this model was used in

Table 2 Summary of the results obtained from the CoMFA and CoMSIA analyses

PLS statistic Model with training set of 37 compounds Model with training set of 42 compounds

CoMFA

1a

CoMSIA

1b

CoMSIA

1c

CoMSIA

1d

CoMSIA

1e

CoMFA

2a

CoMSIA

2b

CoMSIA

2c

CoMSIA

2d

CoMSIA

2e

SE SE SEH SEHD SEHDA SE SE SEH SEHD SEHDA

Q2 0.732 0.726 0.696 0.75 0.75 0.793 0.75 0.723 0.781 0.786

SEP 0.656 0.643 0.646 0.669 0.645 0.573 0.611 0.619 0.589 0.591

r2 0.974 0.950 0.850 0.981 0.973 0.970 0.943 0.849 0.967 0.969

SEE 0.204 0.273 0.454 0.186 0.211 0.219 0.293 0.456 0.229 0.226

F value 155.407 118.963 96.243 132.653 126.878 155.493 118.407 109.879 141.796 127.206

NOC 7 5 2 10 8 7 5 2 7 8

rpred
2 0.825 0.728 0.862 0.796 0.824 – – – – –

r2
bs
a 0.986 – – – 0.981 – – – – –

Fraction

Steric 0.457 0.346 0.333 0.185 0.165 0.479 0.368 0.334 0.189 0.168

Electrostatic 0.543 0.654 0.338 0.352 0.269 0.521 0.632 0.325 0.320 0.257

Hydrophobic – – 0.329 0.243 0.211 – – 0.340 0.228 0.209

Donor – – – 0.220 0.235 – – – 0.263 0.248

Acceptor – – – – 0.119 – – – – 0.118

CoMFA and CoMSIA models were developed using common substructure-based alignment; S steric, E electrostatic, H hydrophobic, and

A acceptor
a 100 runs of bootstrap analysis
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our final analyses of ligand-based 3D-QSAR models.

Figure 7c and d give the graph of predicted versus actual

pIC50 value for CoMFA-2a and CoMSIA-2e, respectively.

In both CoMFA-2a and CoMSIA-2e models, the deviations

of the predicted pIC50 values from the corresponding

experimental pIC50 values are always smaller than 1 log

unit.

In addition to the ligand-based 3D-QSAR, we have also

performed receptor-based 3D-QSAR analysis. The docked

poses of the 42 compounds in the BChE active site were

used to develop receptor-based 3D-QSAR models. The

results of receptor-based 3D-QSAR are summarized in

Table 3. The predictive ability of these models was also

tested by using 5 compounds as an external test set. Final

CoMFA and CoMSIA models were developed using all the

42 compounds as the training set. The contour plots from

CoMFA-4a and CoMSIA-4b were used in the final

analysis.

3.3 3D-QSAR contour maps

One of the attractive features of the CoMFA and CoMSIA

modeling is the visualization of the results as 3D-coeffi-

cient contour plots. In the case of CoMFA, the green

contour shows favorable steric interaction and the yellow

contours show the region where steric group is not favored.
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BFig. 7 Plots of the predicted

pIC50 values versus the actual

pIC50 values. a CoMFA-1a

model using the training set of

37 compounds; b CoMSIA-1e

model using the training set of

37 compounds; c CoMFA-2a

model using the training set of

42 compounds; d CoMSIA-2e

model using the training set of

42 compounds

Table 3 Results obtained from the receptor-based CoMFA and CoMSIA analyses

PLS statistic Model with training set of 37 compounds Model with training set of 42 compounds

CoMFA

3a

CoMSIA

3b

CoMSIA

3c

CoMSIA

3d

CoMSIA

3e

CoMFA

4a

CoMSIA

4b

CoMSIA

4c

CoMSIA

4d

CoMSIA

4e

SE SE SEH SEHD SEHDA SE SE SEH SEHD SEHDA

q2 0.579 0.551 0.532 0.514 0.539 0.595 0.604 0.54 0.531 0.52

SEP 0.795 0.835 0.868 0.899 0.877 0.789 0.792 0.797 0.862 0.898

r2 0.987 0.996 0.99 0.998 0.998 0.996 0.995 0.878 0.996 0.99

SEE 0.138 0.079 0.046 0.056 0.050 0.083 0.088 0.411 0.082 0.043

F value 486.14 1,245.97 3,169.75 1,841.11 2,304.74 1,307.87 994.4 104.02 1145.3 3,202.5

NOC 5 6 7 8 8 6 7 2 7 9

Fraction

Steric 53 41 28 22 16 52 40 32 21 16

Electrostatic 47 59 43 32 25 48 60 35 32 26

Hydrophobic – – 29 24 19 – – 33 24 19

Donor – – – 22 21 – – – 23 20

Acceptor – – – – 19 – – – – 19

CoMFA and CoMSIA models were developed using the alignment based on the docked poses; S steric, E electrostatic, H hydrophobic, D donor,

and A acceptor
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The red contour shows favorable electronegative region

and the blue contour shows the region where electroposi-

tive region is favored. These contour maps (as depicted in

Figs. 8 and 9) give us some general insight into the nature

of the receptor-ligand binding regions.

3.3.1 CoMFA contour maps

One of the most active compounds in the series (compound

25) is shown superimposed with the CoMFA contour maps

in Fig. 8. The different regions in this ligand series used to

describe SAR are marked in Fig. 2.

A green contour is present near the alicyclic ring attached

to the quinzaolinimine group in core region. This shows that

bulky group is favored in this region. This is consistent with

the reported experimental results. Compounds 1 and 4 have

a five- to eight-membered ring in this region. Increase in

ring size from Compound 1 (five-membered ring) to

Compound 4 (eight-membered ring) leads to increase in the

inhibitory activity. A yellow contour is adjacent to the green

contour in the core region. This shows that the favorable

bulky region is immediately surrounded by unfavorable

steric interaction region. The yellow contour is also present

at the –CH2– linker group near the core region. This shows

that bulky groups like phenyl ring directly attached to the

imine nitrogen will have unfavorable steric interaction. This

explains the difference in the activity for compounds 1 and

9. Compound 9 has a phenyl ring with ethyl linker which

places it away from the unfavorable yellow contour region

and has better activity than Compound 1. The yellow con-

tour is present near the #7-position of the quinazolinimine

group (core region). This shows that either –Cl or –CH3 is

the optimal groups at this position. Introducing more bulky

groups at this position will result in steric clash. Green

contour is present in both the linker region and the

peripheral group. The phenyl ring of compounds 9–12 is

present near the green contour in the linker region. This

explains the increased activity for these compounds when

compared with compounds 1–4. The peripheral quinazol-

inime group is also present in the green contour which

shows that steric groups are favored in peripheral region.

The peripheral quinazolinimine group is surrounded by

yellow contour which shows that further bulky substitutions

are not favored in this region. The quinazolinimine group in

the peripheral region in compounds 19–28 is present in the

green contour region. This is consistent with experimental

activity. In comparison with non-homobivalent ligands

(for example, Compounds 4, 12, 17, and 32), there is

Fig. 8 a CoMFA steric contour maps around compound 25 and

b CoMFA electrostatic contour maps around compound 25. Green
isopleths enclose areas where steric interaction is favored. Yellow
contours are areas where the steric interaction is disfavored. Blue

region represents the area where electropositive group is favorable for

the binding. Red region refers to the area where an electronegative

group is favorable for the binding

Fig. 9 a CoMFA-4a steric contour maps around compound 25.

Green isopleths enclose areas where steric interaction is favored.

Yellow contours are areas where the steric interaction is disfavored.

b Binding mode of Compound 25 with BChE; the carbon atoms of

compound 25 are shown in green. The active-site residues are

highlighted in gray color
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considerable increase in activity in case of homobivalent

ligands (Compounds 19 and 28). The red contour region

(favorable electronegative group) is found near the terminal

imine (=N–CH2–) nitrogen at the peripheral region. This

shows that electronegative group at this region is favored.

Blue contour region shows that electropositive groups are

favored in this region. The free amino group of compound

34 is present near this region.

We also developed receptor-based CoMFA models. The

CoMFA-3a model developed with the docked poses using a

training set of 37 compounds has a q2 value of 0.579 and r2

value of 0.987. The validity of the model was tested with

the external test set of five compounds. CoMFA-3a model

gives satisfactory activity (pIC50) predictions for both the

training- and test sets. The predicted activity of the com-

pounds and their residuals are provided as supporting

information and the plots obtained are depicted in Fig. 10a.

The deviations of the predicted pIC50 values for all the

compounds are less than 1.3 log unit. The final CoMFA

model was developed using the entire 42 compounds as the

training set. Figure 9 and Figure S9 in supporting infor-

mation show the receptor-based CoMFA contour plots

around compound 25. Green contour represents favorable

steric interaction and is present near the alicyclic ring in the

core region. This is in agreement with the corresponding

protein–ligand binding structure obtained from molecular

docking/MD simulation. Based on the docked binding

mode, we can see that the green contour is present near the

Leu286 residue. This shows that we can explore this region

with hydrophobic groups to increase the activity of com-

pounds in this series. The green contour is also present in

the linker region. Our binding mode shows that this cor-

responds to the interaction between the linker region and

the side chain methyl group of Thr120, the side chain

–(CH2)2– group of Gln119. Another green contour is

present in the peripheral region. Ile356 presents near this

region will have a favorable interaction with substituents in

this region. Yellow contour represents the unfavorable

steric interaction and is present around the linker region.

This is in agreement with the binding mode as the linker

region is present in the deep cavity. The yellow region

corresponds to residues around the cavity and substituents

in this region will have a steric clash with active-site res-

idues. Yellow contour is also present around the peripheral

group. This is in agreement with the active site. This shows

that while hydrophobic groups are favored in this region,

extending such groups will have a steric clash with the

backbone of residues in this region. The blue contour

represents region where electropositive groups are favored.

Red contour represents the favorable electronegative group

and is present in the linker region. Electronegative group

present in this region will have a favorable interaction with

Asn289 side chain. Thus, the contour map from our model

correlates well with the observed active-site residues of

BChE binding with the inhibitors.

3.3.2 CoMSIA contour maps

Figure S7 in supporting information shows compound 25

superimposed on the CoMSIA steric, electrostatic, hydro-

gen bond donor, and hydrogen bond acceptor contour plot.

Overall, the CoMSIA steric and electrostatic contour maps

were similar to the ones obtained from the CoMFA model.

We also developed receptor-based CoMSIA models. The

CoMSIA model developed with the docked poses using a

training set of 37 compounds has a q2 value of 0.551 and r2

value of 0.996. The model was validated with the external

test set of five compounds. CoMSIA-3b model gives
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BFig. 10 Plots of the predicted

pIC50 values versus the actual

pIC50 values. a CoMFA-3a

model using the training set of

37 compounds; b CoMSIA-3b

model using the training set of

37 compounds; c CoMFA-4a

model using the training set of

42 compounds; and d CoMSIA-

4b model using the training set

of 42 compounds
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satisfactory activity (pIC50) predictions for both the train-

ing- and test sets. The predicted activity of the compounds

and their residuals are provided as supporting information

and the plots obtained were depicted in Fig. 10. The

deviations of the predicted pIC50 values for all the com-

pounds are less than 1 log unit except for one compound.

The final CoMSIA model (CoMSIA-4b) was developed

using all of the 42 compounds as the training set. Figure

S10 in supporting information shows the receptor-based

CoMSIA contour plots around compound 25. As seen in

Figure S10, the green contours in the linker region and in

peripheral region are similar to that obtained in CoMFA.

Additional details of the CoMSIA contour maps are given

in the supporting information.

4 Conclusion

The binding mode of a new series of BChE inhibitors were

analyzed using molecular docking, molecular dynamics

(MD) simulation, and 3D-QSAR analysis. The combined

molecular docking, MD simulation, and 3D-QSAR mod-

eling studies have resulted in valuable insights into BChE

binding with 42 inhibitors and their structure–activity

correlation. Molecular docking and MD simulations

revealed the detailed structures of BChE binding with the

inhibitors, demonstrating that all of these inhibitors bind

with BChE in a same binding mode. Based on the deter-

mined BChE-inhibitor binding modes, we have developed

receptor-based 3D-QSAR models. Further ligand-based

3D-QSAR modeling has lead to the development of two

types of satisfactory 3D-QSAR models, including the

CoMFA model (r2 = 0.974; q2 = 0.732) and the CoMSIA

model (r2 = 0.973; q2 = 0.75), for predicting the biolog-

ical activity of compounds. The interactions identified from

the CoMFA and CoMSIA 3D-contour maps correlate well

with the specific interactions between the inhibitors and the

amino acid residues identified in the docked binding

structures. The models have good predictive ability and are

capable of predicting the activity of test molecules.

The insights obtained from the combined molecular

docking, MD simulation, and 3D-QSAR modeling studies

are expected to be valuable for future rational drug design

of new BChE inhibitors. To design new quinazolinimine

derivatives as more potent inhibitors of BChE, one may

first construct a combinatorial library of possible virtual

compounds having the common quinazolinimine scaffold

with various substituents. Then, one may perform either

structure-based modeling (starting from molecular dock-

ing) or ligand-based evaluation (using the CoMFA or

CoMSIA model) on each compound in the virtual library.

For example, the ligand-based evaluation using the CoM-

FA or CoMSIA model, one may employ the CoMFA or

CoMSIA model to predict the IC50 value for each new

compound, and the new compounds that are predicted to

have the lower IC50 values will be recommended for

chemical synthesis and the activity assays.
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