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Abstract Acetylcholinesterase (AChE) is an important

enzyme in the pathogenesis of Alzheimer’s disease (AD).

Comparative quantitative structure-activity relationship

(QSAR) analyses on some huprines inhibitors against

AChE were carried out using comparative molecular field

analysis (CoMFA), comparative molecular similarity

indices analysis (CoMSIA), and hologram QSAR

(HQSAR) methods. Three highly predictive QSAR models

were constructed successfully based on the training set.

The CoMFA, CoMSIA, and HQSAR models have values

of r2 = 0.988, q2 = 0.757, ONC = 6; r2 = 0.966, q2 =

0.645, ONC = 5; and r2 = 0.957, q2 = 0.736, ONC = 6.

The predictabilities were validated using an external test

sets, and the predictive r2 values obtained by the three

models were 0.984, 0.973, and 0.783, respectively. The

analysis was performed by combining the CoMFA and

CoMSIA field distributions with the active sites of the

AChE to further understand the vital interactions between

huprines and the protease. On the basis of the QSAR study,

14 new potent molecules have been designed and six of

them are predicted to be more active than the best active

compound 24 described in the literature. The final QSAR

models could be helpful in design and development of

novel active AChE inhibitors.

Keywords AChE � AD � HQSAR � CoMFA � CoMSIA �
Huprines inhibitors

Introduction

Alzheimer’s disease (AD) is a complex chronic neurode-

generative dementia, characterized by a progressive

impairment of cognitive and behaviour function (Kowall

1999; Fine 1999). It is estimated that AD affects about 36

million people worldwide and expecting to reach 66 mil-

lion by 2030 (Akrami et al. 2014). With the world popu-

lation aging, AD has become an urgent public health issue.

Unfortunately, an effective cure or even preventive therapy

remains elusive to date (Mount and Downton 2006; Puiatti

et al. 2013). Thus, drug discovery for AD has been a hot

research area and a big challenge.

Most researches show that several pathological phe-

nomena are closely related to AD lesions, such as a

decrease of the neurotransmitter acetylcholine (ACh), for-

mation of amyloid b-protein (Ab) plaques, and abnormal

posttranslational modifications of tau protein to yield

neurofibrillary tangles (Tomiyama et al. 1996; Krall et al.

1999; Lahiri et al. 2003; Cummings 2004; Bartolini et al.

2007; Peng et al. 2012; Gauthier and Poirier 2008). Among

them, cholinergic damage was earlier recognized as AD

pathogenesis, and AD is relevant to a loss of presynaptic

cholinergic function in the areas of the brain involved in

memory and learning. This neurological disorder is

also associated with the presence of amyloidb-peptide

(Ab) deposits and neurofibrillary tangles in the brain

(Ballard et al. 2011). The enhancement of cholinergic
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neurotransmission would be an effective way by preserving

acetylcholine (ACh) levels to overcome the occurrence,

symptoms and progression of AD (Weinstock 1997; Bal-

lard et al. 2005). In these processes, acetylcholinesterase

(AChE) is a key protease which is responsible for the

metabolic breakdown of ACh. Accordingly, the inhibition

of acetylcholinesterase (AChE) has been regarded as one of

the most promising approaches (Scarpini et al. 2003).

Therefore, the anti-AChE drugs such as donepezil, (-)-hu-

perzine A, tacrine, rivastigmine and galantamine were

developed for treatment of AD (McGleenon et al. 1999).

Besides that, huprines (Badia et al. 1998; Camps et al.

1999, 2000, 2001) also were promising AChE inhibitors

that combine the 4-aminoquinoline moiety of tacrine (9-

amino-1,2,3,4-tetrahydroacridine, THA) (Davis and Pow-

chik 1995) with the carbobicyclic substructure of (-)-hu-

perzine A (an alkaloid isolated from Huperzia serrata, (-)-

HupA) (Kozikowski et al. 1992). Huprines share all of the

features that modulate the binding of THA to AChE, and

additionally they partially share the same binding pocket of

(-)-HupA (Dvir et al. 2002). In this study, some novel and

potent AChE inhibitors were designed after a quantitative

structure activity relationship (QSAR) study was accom-

plished utilizing derivatives of huprines using CoMFA,

CoMSIA, and HQSAR methodologies.

Methods

QSAR methodologies are applied widely in drug discovery

processes by correlating biological activity to the structure

of the similar compounds quantitatively. In this work, we

have generated QSAR models using comparative molecu-

lar field analysis (CoMFA) (Cramer et al. 1988a, b),

comparative molecular similarity indices analysis (CoM-

SIA) (Klebe et al. 1994), and hologram quantitative

structure activity relationship (HQSAR) (Tong et al. 1998)

methodologies based. Among them, CoMFA and CoMSIA

are three-dimensional (3D) QSAR methodologies, and

HQSAR is a 2D QASR methodologies. In the three

methods, partial least squares (PLS) (Dunn et al. 1984;

Geladi 1988; Kubinyi 1993; Lee et al. 2007) was used to

analyze QSAR methods to yield a linear relationship

between structural information and biological activity, then

the consistency and predictive capability of the models

were checked using cross-validation (Wold 1978; Cramer

et al. 1988a, b).

Dataset

Acetylcholinesterase inhibitory activities of (-)-HupA,

THA, and 40 huprines were taken from the literature

(Badia et al. 1998; Camps et al. 1999, 2000, 2001).

Structures of 42 compounds and their IC50 values against

AChE are listed in Table 1. The IC50 values were con-

verted to the corresponding pIC50 (-logIC50) values as

dependent variables in the QSAR analysis. The initial

structures of the compounds were constructed based on the

structure of (-)-HupA extracted from the crystal structure

(PDB ID: 1VOT) and minimized using standard Tripos

force field (Clark et al. 1989), with a 0.05 kcal mol-1

energy gradient convergence criterion and a distance-de-

pendent dielectric constant employing Gasteiger–Hückel

(Purcell and Singer 1967) charge.

Molecular docking

Docking study was conducted using GOLD 5.2.2 software

(CCDC, Cambridge, U.K.), to identify the probable bind-

ing conformations and orientations of these huprines

derivatives. The target model was prepared based on the

X-ray crystal structures of AChE complexed with (-)-hu-

perzine A (PDB entry: 1VOT) resolved at 2.5 Å extracted

from Brookhaven Protein Data Bank (PDB) (www.rcsb.

org/pdb). Hydrogens were added and the water molecules

were removed from the original crystal structure. The

charges were recalculated using the Gasteiger–Hückel

approach for the protein and the ligand. Simultaneously,

the active site was generated around the ligand using the

‘Ligand’ method. The GoldScore fitness function was

applied with the other default parameters. 30 conforma-

tions per ligand were produced in the docking of all

huprines derivatives, and the binding conformation with

the highest docking score and the orientation of the con-

formation being similar with that of the ligand was selected

for further QSAR studies.

Alignment of databases

In QSAR study, molecular alignment will directly impact

on the final result, so it is preferable to choose an

alignment that maintains bioactive conformation before

constructing QSAR models (Burke et al. 1995). To

derive the optimal QSAR models, two different align-

ments were used in this research. The first one (Align-

ment A) is a ligand-based alignment, i.e., a basic

common core of the molecules was selected as a tem-

plate, and all compounds in the dataset were aligned to

the template using the ‘‘align database’’ method. The

other one (Alignment B) is a receptor-based alignment.

The optimal molecular conformations of 41 compounds

were selected from the docking studies for molecular

alignment for QSAR analysis. Two alignments of struc-

tures are shown in Fig. 1.
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Table 1 Structures and experimental AChE inhibitory activities of (-)-HupA, THA and huprines

No. X[C(Ranti)Rsyn] R(Rexo,Rendo) R1 R2 R3 a b pIC50

(-)-HupA (E)–C(=CH–

CH3)

CH3 – – – – – 7.13

1(THA) – – – – – 6.89

2 CH2 H,H H H H s s 4.38

3 CH2 OH,H H H H s s 5.79

4 CH2 H H H H d s 5.31

5 C(CH3)OCH3 CH3 H H H d s 5.87

6 C(OCH3)CH3 CH3 H H H d s 5.17

7 CO CH3 H H H d s 5.68

8 (E)–C(=CH–

CH3)

CH3 H H H d s 5.94

9 (Z)–C(=CH–

CH3)

CH3 H H H d s 6.49

10 o-Phenylene H,H H H H s s 5.59

11 o-Phenylene CH3 H H H d s 5.68

12 CH2 H,OH H H H s s 5.37

13 o-Phenylene H,OH H H H s s 4.82

14 CH2 CH2CH2CH3 H H H d s 6.37

15 CH2 CH(CH3) 2 H H H d s 6.99

16 CH2 CH2CH=CH2 H H H d s 6.82

17 CH2 CH2CH2CH2CH3 H H H d s 6.55

18 CH2 C(CH3)3 H H H d s 6.57

19 CH2 C6H5 H H H d s 6.90

20 CH2 CH3 H H H d s 7.19

21 CH2 CH3 H H CH3 d s 7.91

22 CH2 CH3 F H H d s 7.50

23 CH2 CH3 H H F d s 8.07

24 CH2 CH3 F H F d s 8.61

25 CH2 CH3 H H Cl d s 8.37

26 CH2 CH2CH3 H H H d s 7.41

27 CH2 CH2CH3 CH3 H H d s 7.53

28 CH2 CH2CH3 H H CH3 d s 7.92

29 CH2 CH2CH3 CH3 H CH3 d s 8.44
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CoMFA

CoMFA is calculated to obtain energies of steric and

electrostatic according to the Tripos force field (Clark et al.

1989) with a distance-dependent dielectric constant at each

lattice intersection in a grid spacing (1.0 Å) taking an sp3

carbon atom as steric probe and a ?1 charge as electro-

static probe. The cutoffs of steric and electrostatic were set

to 30 kcal mol-1. The regression analysis was performed

using cross-validated partial least squares (PLS) (Bush and

Nachbar 1993) method (leave-one-out) with standard

options for scaling of variables. The column filtering was

set to 2.0 kcal mol-1 to improve the signal-to-noise ratio

by omitting those lattice points whose energy variation was

below this threshold. Noncross-validation conventional

analysis was developed with the optimum number of

components to yield a noncross-validation r2 value for the

final model.

CoMSIA

In CoMSIA, the charge, probe, and grid spacing were used

to construct the best CoMSIA model. Five physicochemi-

cal properties of electrostatic, steric, hydrophobic, hydro-

gen bond donor, and hydrogen bond acceptor fields were

calculated. The electrostatic properties were introduced as

Gasteiger–Hückel partial charges. The steric contribution

was reflected by the third power of the atomic radii of the

atoms, and atom-based hydrophobicity was assigned

according to the parameterization developed by Ghose and

Viswanadhan (Ghose and Crippen 1986; Viswanadhan

et al. 1989). The lattice dimensions were selected with a

sufficiently large margin (4 Å) to enclose all aligned

molecules. A Gaussian type distance dependence of the

physicochemical properties was adopted to avoid any sin-

gularities at the atomic positions in CoMSIA fields. Thus

no arbitrary cutoffs were required. In this study, similarity

Fig. 1 Two alignments of 41

huprines inhibitors

Table 1 continued

No. X[C(Ranti)Rsyn] R(Rexo,Rendo) R1 R2 R3 a b pIC50

30 CH2 CH2CH3 F H H d s 7.33

31 CH2 CH2CH3 H H F d s 8.13

32 CH2 CH2CH3 F H F d s 8.58

33 CH2 CH2CH3 Cl H H d s 7.79

34 CH2 CH2CH3 H Cl H d s 6.59

35 CH2 CH2CH3 H H Cl d s 8.56

36 CH2 CH2CH3 Cl H Cl d s 7.40

37 CH2 CH3 H H H s d 6.29

38 CH2 CH3 H H H s d 6.78

39 CH2 CH3 – – – d – 5.25

40 o-Phenylene H,OH – – – s – 5.53

41 CH2 H,OH – – – s – 4.87

s single bond, d double bond
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indices were computed using a probe with a charge of ?1,

a radius of ?1, a hydrophobicity of ?1, and 0.3 as an

attenuation factor a for the Gaussian type distance. The

CoMSIA analysis was carried out in the same way as

CoMFA method.

HQSAR

In QSAR models, HQSAR is a modern technique devel-

oped from the fingerprint concept (Glennon 2003) using the

properties of a molecule expressed in holograms as

descriptors. This method averts the need for 3D structure

(Tong et al. 1998) by transforming the chemical repre-

sentation of a molecule into its corresponding molecular

hologram. The construction of a molecular hologram

containing the HQSAR descriptors was accomplished as

described below. First, the input molecule was broken into

a series of unique structural fragments that encoded the

frequency of occurrence of various molecular fragment

types according to a predefined set of rules. The molecular

fingerprint was then cut into strings at fixed intervals as

specified by a hologram length (HL) parameter. And then

all of the generated strings were aligned to a particular

length array. For each string, the SYBYL line notation

(SLN) was mapped to a unique integer in the range of 0–2

(Dunn et al. 1984) using a cyclic redundancy check (CRC)

algorithm (Solis and Wets 1981). The numerical repre-

sentation of molecules was exploited by a subsequent

correlation analysis. Typically, a PLS QSAR model was

constructed. In general, various fragment types and lengths

were investigated to derive the best HQSAR model.

Results and discussion

For this dataset, 35 of the aligned structures of huprines

compounds were selected randomly as a training set to

generate QSAR models, and the rest of six were used a test

set for the model validation. Many QSAR models were

generated with various different parameters. Then the sta-

tistical validity of the models was judged by high cross-

validated correlation coefficient q2 and a Pearson correla-

tion coefficient r2 values along with a low standard error of

estimate (SEE). Among several generated models, the

optimum results are listed in Table 2 based on based on

alignment A and alignment B. It can be observed that both

CoMFA and HQSAR models based on alignment A had -

higher q2 and r2 values with lower SEE values than

alignment B. The CoMSIA model with a higher r2 value

and a lower SEE values (r2 = 0.966 and SEE = 0.370)

based on alignment A was superior to alignment B

(r2 = 0.948 and SEE = 0.551) although it had a less q2

value. Evidently, the QSAR models based on alignment A

were better and a more detailed analysis is discussed later.

CoMFA models

CoMFA analyses were performed using aligned structures

of the 35 selected inhibitors with pIC50 values. The model

with the highest q2 value was obtained by using Gasteiger

partial charges and a positively charged sp3 carbon atom.

The effect of different grid spacing values from 0.5 Å to1.5

Å are studied and the optimum result was obtained in 1.0 Å

grid spacing. The parameters and results are listed in

Table 2 The parameters and optimum results of CoMFA, CoMSIA, and HQSAR models based on alignment A and alignment B

Alignment Model Parameters ONC q2 r2 SEP SEE F-ratio

A CoMFA Grid(Å) 6 0.757 0.988 0.592 0.221 133.317

1.0

CoMSIA Field(s) 5 0.645 0.966 0.703 0.370 53.296

S?E?H

HQSAR Fragment distinction 6 0.736 0.957 0.660 0.373 307 (HL)

A/B/DA

Fragment size

4–7

B CoMFA Grid(Å) 5 0.731 0.956 0.664 0.268 126.526

1.0

CoMSIA Field(s) 3 0.705 0.948 0.672 0.551 41.777

D?E?H

HQSAR Fragment distinction Fragment size 6 0.728 0.936 0.680 0.376 307 (HL)

A/B/C/DA 4–7

ONC optimal number of components, SEP standard error of prediction, SEE standard error of estimate, HL hologram length
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Table 2, which showed a cross-validated q2 value of 0.757

with six as optimum number of components and a con-

ventional r2 of 0.988. The F value, standard error of pre-

diction (SEP) and SEE are 133.317, 0.592 and 0.221,

respectively. The data indicates a good statistical correla-

tion and satisfactory predictability of the CoMFA model.

CoMSIA models

Many CoMSIA models were obtained using combinations

of five electrostatic (E), steric (S), hydrophobic (H),

hydrogen bond acceptor (A) and hydrogen bond donor

(D) fields. As in the CoMFA model, the conditions were

also used for CoMSIA analyses, and the best CoMSIA

model was generated using steric, electrostatic and

hydrophobic fields (Table 2). A q2 value of 0.645 with five

as optimum number of components and the SEP of 0.703

were obtained. The non-cross- validated PLS analysis gave

a conventional r2 of 0.966. The F value and SEE are 53.296

and 0.370, respectively. These values show that a reason-

able CoMSIA model was constructed successfully.

HQSAR models

HQSAR analyses were performed by screening the 6

default HL values of 97, 151, 199, 257, 307 and 353, and

by using the default fragment size of 4–7 for different

combinations of fragment distinction parameters: atoms

(A), bonds (B), connections (C), hydrogen atoms (H),

chirality (Ch), and donor and acceptor (DA). The patterns

of fragment counts from the compounds of training set

were then related to experimental biological activity with

different parameters. The best statistical result of HQSAR

mode from the PLS analyse was derived using atoms,

bonds and donor and acceptor information. An SEP of

0.660 occurs at a cross-validated q2 of 0.736 with six

optimal components (Table 2). The PLS analysis yields a

conventional r2 value of 0.957, a standard error of estimate

of 0.373 and a relevant hologram length of 307. All the

Table 3 PLS statistics of CoMFA, CoMSIA, and HQSAR models

Method CoMFA CoMSIA HQSAR

PLS statistics

q2 0.757 0.645 0.736

SEP 0.592 0.703 0.660

Optimum components 6 5 6

r2 0.988 0.966 0.957

SEE 0.221 0.370 0.373

F-ratio 133.317 53.296 307(HL)

Field distribution

Steric 0.482 0.179

Electrostatic 0.518 0.448

Hydrophobic 0.374

Testing set

r2 0.984 0.973 0.783

S 0.247 0.289 0.716

Table 4 Experimental activities, predicted activities and residual

values of molecules used in the training set for the CoMFA, CoMSIA,

and HQSAR models

No. pIC50 CoMFA CoMSIA HQSAR

Pred. Res. Pred. Res. Pred. Res.

1 (THA) 6.89 6.81 0.08 6.34 0.55 6.87 0.02

2 4.38 4.54 -0.16 4.63 -0.25 4.51 -0.13

3 5.79 5.62 0.18 5.34 0.45 5.54 0.25

4 5.31 5.60 -0.29 5.08 0.23 6.23 -0.92

5 5.87 5.82 0.05 5.86 0.01 5.48 0.39

6 5.17 5.10 0.07 4.79 0.38 5.48 -0.31

7 5.68 6.01 -0.33 6.79 -1.11 5.64 0.04

8 5.94 5.79 0.15 6.11 -0.17 6.35 -0.41

9 6.49 6.42 0.07 6.25 0.24 6.35 0.15

10 5.59 5.58 0.01 5.79 -0.20 5.09 0.50

12 5.37 5.20 0.17 5.22 0.15 5.54 -0.17

15 6.99 7.03 -0.04 7.13 -0.14 6.78 0.21

17 6.55 6.50 0.05 6.29 0.26 6.78 -0.22

18 6.57 6.46 0.12 6.89 -0.32 6.68 -0.11

19 6.90 6.90 0.00 6.91 -0.01 7.02 -0.12

20 7.19 7.21 -0.02 6.84 0.35 6.62 0.57

21 7.91 7.90 0.00 7.84 0.07 7.80 0.11

22 7.50 7.45 0.06 7.30 0.21 7.46 0.04

23 8.07 8.05 0.02 7.92 0.15 8.28 -0.21

24 8.61 8.35 0.27 8.39 0.22 8.27 0.34

25 8.37 8.43 -0.05 8.10 0.28 7.98 0.39

26 7.41 7.21 0.21 6.97 0.44 6.75 0.66

27 7.53 7.69 -0.17 7.41 0.11 8.01 -0.48

28 7.92 7.91 0.01 7.98 -0.06 7.94 -0.01

30 7.33 7.40 -0.07 7.43 -0.10 7.60 -0.26

31 8.13 8.14 -0.01 8.07 0.07 8.42 -0.29

32 8.58 8.42 0.16 8.53 0.06 8.41 0.17

34 6.59 6.56 0.03 6.87 -0.28 6.96 -0.37

35 8.56 8.54 0.02 8.24 0.32 8.12 0.44

36 7.40 7.95 -0.55 7.22 0.19 7.72 -0.32

37 6.29 6.27 0.02 6.44 -0.15 6.25 0.04

38 6.78 6.98 -0.20 6.72 0.06 6.40 0.38

39 5.25 5.67 -0.42 5.19 0.06 5.47 -0.21

40 5.53 5.79 -0.26 5.56 -0.04 5.66 -0.14

41 4.87 4.87 0.01 5.17 -0.30 4.88 -0.01
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results demonstrate that the HQSAR model was also fairly

predictive.

Validation of the QSAR models

The results of the best models for three QSAR methods are

summarized in Table 3. Experimental data and predicted

activities with residues of the training set are shown in

Table 4.

An external test set comprising 6 compounds was used

for validation by predicting their activities using the three

models to verify the predictive ability of the constructed

QSAR models based on the training set. The CoMFA,

CoMSIA and HQSAR models gave satisfactory predictive

r2 values of 0.984, 0.973 and 0.783 respectively (Table 3).

The experimental versus predicted activities of the test set

compounds based on the three models are given in Table 5,

and the correlation of experimental values and predicted

activities are presented graphically in Fig. 2.

The three QSAR models showed good predictions for

the external test set. In comparison, CoMFA and CoMSIA

models have better predictive power than HQSAR model

for the prediction of external molecules. It could well be

that including 3D information is more important in the case

of datasets consisting of similar skeletons. Thus, 3D QSAR

methods like CoMFA and CoMSIA are more suitable to

this kind of dataset than 2D QSAR methods like HQSAR.

The residual values of the three models are shown in

Fig. 3. The CoMFA model has relatively smaller residuals

than the CoMSIA model and the CoMSIA model yields

smaller residuals than the HQSAR model, indicating that

the CoMFA model is best compared with the HQSAR and

CoMSIA models.

Graphical interpretation of QSAR models

In this paper, we label the substituted areas of moleculars

as A, B, C regions base on the structural characteristics of

compounds for ease of description and viewing, as shown

in Fig. 4.

The contour plots of 3D QSAR models in combination

with compound 24 are depicted in Fig. 5. In CoMFA

model, the electrostatic field (51.8 %) contributed more

than the steric field (48.2 %). In CoMSIA model, the

electrostatic field descriptor explains 44.8 % of the vari-

ance, the steric field descriptor is 17.9 %, while the pro-

portion of hydrophobic field accounts for 37.4 %. The sum

Table 5 Experimental activities, predicted activities and residual

values of molecules used in the test set for each best model of

CoMFA, CoMSIA, and HQSAR

No. pIC50 CoMFA CoMSIA HQSAR

Pred. Res. Pred. Res. Pred. Res.

11 5.68 5.53 0.15 6.19 -0.51 7.28 -1.60

13 4.82 4.79 0.03 5.01 -0.19 6.34 -1.52

14 6.37 6.47 -0.10 6.67 -0.31 6.78 -0.42

16 6.82 7.13 -0.30 6.86 -0.04 6.73 0.10

29 8.44 8.15 0.30 8.39 0.05 9.25 -0.81

33 7.79 7.47 0.32 7.27 0.52 7.37 0.42 4 5 6 7 8 9
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Fig. 2 Experimental data (pIC50) versus predicted values of QSAR

models. a CoMFA, b CoMSIA, and c HQSAR. Green triangles

training set compounds, red circles test set compounds
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of field distribution of the steric and hydrophobic fields is

55.3 %, which is approximately equal to the steric field

contribution in CoMFA (48.2 %). This indicated that

CoMFA model is in agreement with CoMSIA model and

complement each other.

In steric contour map, sterically favorable and unfa-

vorable regions are displayed as green and yellow contours,

respectively. In CoMFA model, a green polyhedron on R3

portion indicates that bulky groups in this position are

needed to improve the biological activities. Exactly, com-

pounds 21, 28 and 29 have higher activity than 20, 26 and

27 (Table 1), respectively. There is a green contour around

R substituent suggests that bulky groups are preferred over

other substituents with one hydrogen atom in this position.

This is consistent with the fact that the inhibitory activities

of compounds 20 and 36 with more bulky substituents in R

are higher than compounds 4. A yellow isopleth near B

region of compound 24 shows that this areas with bulky

groups are unfavorable for the inhibitory activities. The

steric contour map of the CoMSIA model is similar to the

CoMFA steric map. In the case of the R position, CoMSIA

model proves a more effective representation than CoMFA.

A green and yellow contours in similar either shorter or
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29
16

33
141311
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Fig. 3 The residuals between experimental activities and predicted

activities of the test set in the QSAR models

X

N

H2N

R

A

B

C

Fig. 4 Structural characteristics

of huprines inhibitors

Fig. 5 CoMFA and CoMSIA

stdev*coeff contour plots in

combination with compound 24.

a CoMFA Steric field,

b CoMFA Electrostatic field,

c CoMSIA Steric field,

d CoMSIA Electrostatic field,

and e CoMSIA Hydrophobic

field. Steric field: green

contours regions where bulky

groups increase activity, yellow

contours regions where bulky

groups decrease activity.

Electrostatic field: blue contours

regions where positive groups

increase activity, red contours

regions where negative charge

increases activity. Hydrophobic

field: orange contours regions

where hydrophobic groups

increase activity, white contours

regions where hydrophobic

groups decrease activity

S. Zhang et al.

123



longer than methyl are not good for activity. This is in

agreement with the fact that the inhibitory activity of

compound 4, which has shorter substituents, and com-

pounds like 14–19, which have longer substituents, showed

lower activities than 20. In addition, a small yellow con-

tours near A region indicate that big groups decrease

activity. For example, inhibitors of 5, 6, 8, 9 and 11 show

lower activities than 20.

In electrostatic contour maps, the red-colored contours

indicate negatively charged favored regions and the blue-

colored contours represent positively charged favored

regions. The blue (positive charge favorable) and red

(positive charge unfavorable) contours in electrostatic field

represent 80 and 20 % level contributions, respectively.

For CoMFA model (Fig. 5b), some big blue contours near

the B and C region of inhibitor 24 indicate that the elec-

tropositive groups in these position are favorable to the

activity. A red contour appearing at the region of R3 sub-

stituents suggest that the inhibitor with a more negative

substituent in this area would increase its inhibitory

potency. Some examples are inhibitors 23, 25, 31 and 35,

which show good activities because of having fluorine or

chlorine there (Table 1). There is another red region of

contour nearing R substructure, indicating that elec-

tronegative groups are favored. The blue and red contour

maps around the R regions are also similar for both

CoMFA and CoMSIA models, which are shown in Fig. 5b,

d.

In the hydrophobic contour map of the CoMSIA model,

the orange and white contours represent 80 and 20 % level

contributions, respectively. The orange contours refer to

regions in which hydrophobic groups increases activity,

whereas white contours indicate that hydrophobic groups

decrease activity. As shown in Fig. 5e, there is a white

polyhedron around the R3 substructure of inhibitor 24,

which means that more hydrophobic substituents in the

area are beneficial to increase molecular bioactivity. In

compounds 21–33, the alkyl groups of R, which have

hydrophobic properties, lead to an orange contour of R. A

favorable orange contour of A region around the

hydrophobic ring system, suggesting that hydrophobic

groups improve the inhibitory activity.

HQSAR reveals the contributions of molecular frag-

ments to the biological activity for each molecule. Results

of the HQSAR model were graphically shown as atomic

contribution maps in which the color of each atom reflects

its contribution to the molecule’s overall activity. The

colors in yellow, blue, green–blue or green indicate posi-

tive contributions, while colors with red, red–orange or

orange represent negative contributions. Atoms with

intermediate contributions are colored in white. HQSAR

offers a good way of accounting for the variance of

molecular activity by condensing information on the

structural fragment.

Atomic contribution maps of the most (compound 24

and 32) and least (compound 2) potent acetylcholinesterase

inhibitors are displayed in Fig. 6. The maximal common

structural fragment of 4-aminopyridine ring is highlighted

by green or blue because it is common to all molecules and

contributes in the same way to all inhibitors in the training

set. The terminal atoms of fluorine in R1 substituent or

atoms forming the benzene ring in the representations of

compound 24 and 32, and several atoms of six-membered

ring in compound 2 are colored in green, blue or yellow,

indicating that they make a positive contribution to activ-

ity. However, in the case of compound 2, some atoms of

the benzene ring and six-membered ring were heavily

colored orange-red or red, signifying its negative effect on

the activity.

Comparison of the active site in 3D QSAR models

Among the models constructed by the 2D and 3D QSAR

methods, the 3D model showed the very good pre-

dictability. We therefore tried to compare the prediction of

3D contour maps with the AChE active site to check the

validity of the models. The inhibitor of 24 was proposed to

bind with AChE within the enzyme active pocket by uti-

lizing GLOD program. These studies established a mean-

ingful correlation between receptor binding site and the

Fig. 6 The individual atomic contributions to activities of a 24, b 32 and c 2. The colors in yellow, blue, green–blue or green indicate positive

contributions, while colors with red, red–orange or orange represent negative contributions
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ligand-based 3D contour map combining with the above

graphical interpretation of CoMFA and CoMSIA models.

The docked conformation of 24 was superimposed in the

binding site and the docked pose enabled us to understand

the main protein-inhibitor interactions as shown in Fig. 7.

The prediction of steric fields was confirmed by the

molecular surface of the binding pocket of the acetyl-

cholinesterase, which was shown in (Fig. 7a) that the

regions of the binding pocket containing R and R3 sub-

stituents in the acetylcholinesterase are big enough to

accommodate more bulky substituents and bulky groups

may cause favorable interactions with residues PHE331,

PHE290, GLY119, GLY123, SER124 and TYR116

(Fig. 7b). However, the location where the yellow isopleths

are very narrow in the binding pocket of the acetyl-

cholinesterase. Therefore, any larger substitute may lead to

collision with corresponding residues GLY118, TYR121

and PHE330 in the pocket.

In electrostatic fields, a big blue polyhedra near the C

region of inhibitor 24 indicates that the electropositive

groups in this position are favorable to the activity. Fig-

ure 7b shows that the appropriate subsite of the acetyl-

cholinesterase is composed of the residues SER122,

SER124 and TYR130 that have a hydroxyl on each side

chain. Thus, the positive groups should strengthen the

binding of the inhibitors to the acetylcholinesterase. In

addition, a hydrogen bonding interaction is observed

between the nitrogen atom from the pyridine ring in

compound 24 and the hydroxyl hydrogen of TYR130.

Another blue contours around the R substructure of inhi-

bitor 24 suggest this area for more positively charged

groups. In Fig. 7b, the negatively charged polar residue of

TYR121 is rather near this region, favoring a strong elec-

trostatic interaction with the positively charge substituents

of the inhibitor. Two red contours appearing at the regions

of R and R3 substituents indicate that electronegative

groups are favored. This prediction is in agreement with

Fig. 7 a Molecular docking derived binding pose of compound 24 in

the active site of AChE. The AChE surface is rendered with Connolly,

and compound 24 is colored by atom type. b Compound 24 and the

key residues displayed in the binding site of the AChE. The residues

and compound are represented white and yellow sticks, and the non-

carbon atoms are colored by atom types. Hydrogen bond is shown as

red dotted line. The binding modes were derived from GOLD and the

pictures were generated by Pymol

Table 6 Structures and predicted pIC50 values of newly designed

derivatives

No. R R3 Pred. pIC50

CoMFA CoMSIA

24 CH3 F 8.35 8.39

D1 CH2CH2CH3 F 7.96 8.17

D2 CH(CH3)2 F 8.10 8.47

D3 CH3 CH2F 8.36 7.89

D4 CH3 CHF2 8.60 7.81

D5 CH3 CF3 9.70 9.83

D6 CH3 COCl 9.08 8.71

D7 CH3 OH 7.78 7.99

D8 CH3 COOH 8.94 9.29

D9 CH3 CHO 8.50 8.44

D10 CH3 CN 10.24 9.73

D11 CH3 OCH3 8.19 9.19

D12 CH3 COOCH3 8.93 10.40

D13 CH3 CH2OH 8.45 8.33

D14 CH3 CH3 8.23 8.00
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the appearance of electron-withdrawing carbonyl groups of

the residues GLY118 and GLY123 at the corresponding

position of the acetylcholinesterase.

Accordingly, in hydrophobic fields, It is noticed that the

residues TYR121, PHE290 and PHE331 are near the R

position, and that TRP84 and PHE330 are close to the A

and B regions respectively in the binding pocket of the

acetylcholinesterase, leading to strong pi-alkyl interactions

with the inhibitor 24 in these areas. The quinoline ring

from compound 24 is noticed to form pi–pi stacking and pi-

alkyl interactions with the indole ring of TRP84 and the

alkyl chain of LEU 127, respectively. The white contour of

R3 comes from the influence of the hydrophilic residues

SER124 and TYR116 of the acetylcholinesterase in this

area.

To further validate the models we built. Some more

structures of huprines derivatives and analogues (Munoz-

Torrero and Camps, 2008; Ronco et al. 2011) were

extracted and predicted using the constructed QSAR

models. The structures, their IC50 values, and predicted

activities are listed in Table A (supporting information).

The correlation of experimental values and predicted

activities are presented graphically in Fig. A (supporting

information). The CoMFA and CoMSIA models gave

predictive r2 values of 0.924 and 0.884, respectively. This

proves the models have good prediction ability, and the

method could be reliable in design some novel huprines

AChE inhibitors.

Design and prediction of huprines derivatives

Based on the QSAR result revealed by the present study, 14

novel huprines deriva-tives were designed. These mole-

cules were aligned to the database, and their activities

against AChE were predicted by the CoMFA and CoMSIA

models established in the current study. Some of the

designed molecules showed better activity over compound

24. Especially compounds D5, D8, D10 and D12, showed

2–50 times more active. The chemical structures and pre-

dicted pIC50 values of these compounds are shown in

Table 6.

Conclusion

In this work, we have explored the relationship between the

structure of huprines derivatives and their activities using

2D QSAR and 3D QSAR methods. The best model was

generated successfully with a CoMFA q2 value of 0.757,

ONC value of 6 and r2 value of 0.988; a CoMSIA q2 value

of 0.645, ONC value of 5 and r2 value of 0.966; and a

HQSAR q2 value of 0.736, ONC value of 6 and r2 value of

0.957. The predictive capability of models was validated

by a test set containing 6 compounds that were excluded in

the training set, and the results derived from the three

methods showed considerable predictive r2 values of 0.984,

0.973, and 0.783, respectively. In contrast, the 3D QSAR

models appear to be better than the 2D models for this kind

of dataset. Overall, the three models yielded some impor-

tant structural information that can provide guidelines for

the design of new huprines inhibitors. In 3D QSAR, the

steric and electrostatic contour maps of CoMFA and

CoMSIA models are in consistent with each other. In

addition, CoMSIA maps revealed significant information

about hydrophobicity. Proper sterically bulky groups in the

R and R3 position and, electropositive substitutions in the B

and C region, electronegative substitutions in the sub-

stituent of R and R3, hydrophobic groups in the R position

and A area, and hydrophilic substitutions in R3 region are

in favor of activity by combining contour maps with the

acetylcholinesterase active site. Based on the result of

QSAR, 6 newly molecules with higher predicted activity

than the compound 24 have been designed. The 2D atomic

contribution maps derived from HQSAR provided some

information on how individual atoms contribute to the

activity for each molecule. Thus, these studies could be

useful in design and prediction the activity of novel

acetylcholinesterase inhibitors for the treatment of Alz-

heimer’s disease.
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