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Abstract

Motivation. Glutaminyl cyclase (QC), besides its crucial role in hormone maturation and its pathophysiological
involvement in Alzheimer’s disease, is a new potential drug target. To understand the structural requirements of
QC ligands and to design new ligands against human glutaminyl cyclase with enhanced inhibitory potency we 
performed a 3D–QSAR (quantitative structure–activity relationships) study with comparative molecular field
analysis (CoMFA) for a dataset of 50 imidazole derivatives which are inhibitors of human glutaminyl cyclase.
Method. Comparative molecular field analysis (CoMFA) QSAR models were computed with Sybyl 6.7v. 
Results. The 3D–QSAR model has very good statistics, namely leave–one–out (LOO) cross–validated
correlation coefficient q2 = 0.647, non–cross–validated correlation coefficient r2 = 0.917, and the predicted
correlation coefficient r2

pred = 0.652. 
Conclusions. Based on the high values for q2 and r2 we are confident that the 3D–QSAR model gives good 
predictions that may be used to design better QC inhibitors. The CoMFA model reveals the most significant
correlation of steric and electrostatic fields with biological activities. The information derived from this study
provides a tool for guiding further structural modification to obtain more potent inhibitors of QC.
Keywords. Human glutaminyl cyclase; quantitative structure–activity relationships; 3D–QSAR; comparative
molecular field analysis; CoMFA; imidazole derivatives.

Abbreviations and notations 
QC, glutaminyl cyclase QSAR, quantitative structure–activity relationships
CoMFA, comparative molecular field analysis PLS, partial least squares
LOO, leave–one–out

1 INTRODUCTION 

Glutaminyl cyclases (QC) [1] (E.C.2.3.2.5) are acyltransfarases that are abundant in mammalian
neuro endocrine tissues, such as hypothalamus and pituitary [2,3]. Some peptide hormones, such as 
thyrotropin releasing hormone (TRH) and gonadotropin releasing hormone (GnRH), require the 
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pGlu on the N–terminus for their biological activity [4,5]. Interestingly, the formation of pGlu is 
related to the formation of several plaque–forming peptides, such as amyloid–  (A ) peptides and 
collagen–like Alzheimer’s amyloid plaque component, which plays a pivotal role in Alzheimer’s
disease (AD) [6,7]. Peptides containing N–terminal pGlu [e.g., pGlu3–A  (3–40) and pGlu3–A
(3–42/43)],  are major  fractions of the A  peptides within the core of neurotic plaques [8,9]. The 
N–terminal pGlu could enhance the hydrophobicity, proteolytic stability, and neurotoxicity of these 
peptides [10,11], probably causing an accumulation of pGlu–A  peptides in several senile plaques 
and thus accelerating the progression of neurodegenerative disorders. Hence, besides the crucial 
role in hormone maturation, human QC might be involved in the pathophysiological process of AD, 
evoking its qualification as a new potential drug target [12]. 

Quantitative structure–activity relationships (QSAR) models establish statistical relationships 
between the biological activity exerted by a series of compounds and a set of parameters determined
from their structures (structural descriptors). The factors contributing to the biological activity can 
be understood through use of different physicochemical descriptors in the generation of QSAR 
models [13]. Two components are essential for QSAR models; the first component is the 
computation of the structural descriptors from the three–dimensional molecular structure. Various 
geometrical, quantum, or molecular field descriptors were proposed in recent years to substitute the 
Hansch substituent constants. The second component in a 3D–QSAR model is an explicit 
mathematical structure activity relationship established between a dependent variable (biological 
activity) and a set of independent variables (3D structural descriptors); the mathematical 3D–QSAR 
equations can be computed with the help of a large number of statistical models, such as multilinear
regression, partial least squares (PLS), or artificial neural networks. Some 3D–QSAR models also 
contain a third component, a graphical representation of the three–dimensional information relative 
to the ligand–receptor interactions encoded into the structure–activity equation [14]. An important
component of all QSAR models is a proper validation and evaluation of the prediction power. The 
modeling competition CoEPrA (comparative evaluation of prediction algorithms) was specially 
devised to compare QSAR models based on blind predictions [15]. 

Since its introduction in 1988, comparative molecular field analysis (CoMFA) [16] has emerged
as one of the most powerful tools in ligand based drug design strategies [17]. The CoMFA 
methodology assumes that a suitable sampling of steric and electrostatic fields around a set of 
aligned molecules provides all the information necessary for understanding their biological 
properties [18,19]. The present study is aimed to gain insights into the steric and the electrostatic 
properties of these compounds, their influence on the activity and to derive predictive 3D–QSAR 
models for design and prediction of the activities of new derivatives for this class of inhibitors. 
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2 MATERIALS AND METHODS 

2.1 QSAR Dataset 
The in vitro biological activity data reported as Ki for inhibition of human QC by the imidazole

derivatives was taken from the published work of Buchholz et al. [12] and used for the current 
study (Table 1). The reported Ki values were converted into the corresponding pKi values. 

Three–dimensional structure building and all modeling were performed using the Sybyl program
package, version 6.7 [20] on a Silicon Graphics Fuel workstation. Energy minimization was 
performed using the Tripos force field [21] and the Gasteiger–Huckel charge with a distance–
dependant dielectric and Powell conjugate gradient algorithm with convergence criterion of 0.005 
kcal/mol. Partial atomic charges were calculated using the semiempirical program MOPAC 6.0 with 
the AM1 Hamiltonian.

2.2 Alignment 
In the present study the MOPAC geometry optimized structures were aligned on the template

28B, which is the most active molecule among the given set. All the molecules were aligned by the 
ALIGN DATABASE command available in SYBYL using maximum substructure. It adjusts the 
geometry of the molecules such that its steric and electrostatic fields match the fields of the 
template molecule.

2.3 CoMFA 
The steric and electrostatic CoMFA potential fields were calculated at each lattice intersection of 

a regularly spaced grid of 2.0 . The grid box dimensions were determined automatically in such a 
way that region boundaries were extended beyond 4  in each direction from coordinates of each 
molecule. The van dar Waals potentials and coulombic terms were calculated using the Tripos force 
field. An sp3 hybridized carbon atom with +1 charge served as probe atom to calculate steric and 
electrostatic fields. The steric and electrostatic contributions were truncated to +30.0 kcal/mol.

2.4 Partial Least Square (PLS) Analysis
The CoMFA descriptors were used as independent variables, and pKi values as dependant 

variables in partial least square regression analysis. The minimum sigma (column filtering) was set 
to 2.0 kcal/mol to improve the signal–to–noise ratio. The predictive correlation coefficient (r2

pred)
based on the test molecules, is computed with the formula r2

pred = (SD–PRES)/SD, where SD is the 
sum of the squared deviations between the biological activities of the test set and mean activities of
training set molecules and PRESS is the sum of squared deviation between predicted and actual 
activity for every molecule in test set. 
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Table 1. Structures, Ki and pKi Values of Compounds 1–50
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Comp. Label in [12] R1 R2 R3 R4 X Y n Ki ( M) pKi

1A 26 CH3 – – – – – – 13.02 4.885
2A 27 (CH2)3CH3 – – – – – – 4.65 5.332
3A 28 C(CH3)3 – – – – – – 14.72 4.832
4A 29 CH(CH3)2 – – – – – – 11.30 4.947

5A 30 – – – – – – 3.66 5.436

6A 31 – – – – – – 4.70 5.328

7A 32 – – – – – – 5.67 5.246

8A 33 – – – – – – 4.48 5.349

9A 34 – – – – – – 2.79 5.554

10A 35 – – – – – – 2.14 5.669

11A 36 – – – – – – 2.78 5.556

12A 37
F

– – – – – – 4.73 5.325

13A 38 N – – – – – – 2.03 5.692
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Table 1. (Continued)
Comp. Label in [12] R1 R2 R3 R4 X Y n Ki ( M) pKi

14A 39
NO2

– – – – – – 2.68 5.572

15A 40

O

– – – – – – 1.79 5.747

16A 41
S

– – – – – – 1.66 5.780

17A 42 O – – – – – – 0.97 6.013

18A 43
O

– – – – – – 0.89 6.051

19A 44
O

– – – – – – 0.70 6.155

20B 45 H –OCH2O– H S NH – 5.66 5.247
21B 46 OMe H H H S NH – 1.86 5.730
22B 47 H OMe OMe H S NHCH2 – 1.55 5.809
23B 48 H –OCH2CH2O– H S NH – 1.12 5.951
24B 49 OMe H OMe H S NH – 0.75 6.125
25B 50 H OMe H OMe S NH – 0.56 6.252
26B 51 H OMe OMe H O NH – 0.49 6.309
27B 52 OMe OMe OMe H S NH – 0.34 6.468
28B 53 H OMe OMe H S NH – 0.06 7.222
29C 55 H H H – – – 2 0.55 6.259

30C(R) 56 Me H H – – – 1 0.34 6.469
31C(S) 57 H Me H – – – 1 0.76 6.119

32C 58 –(CH2)2– H – – – 1 2.33 5.633
33C 59 H H Me – – – 1 4.83 5.317
34D 66 H H – – – – – 3.73 5.428
35D 67 Cl H – – – – – 3.35 5.475
36D 68 OMe H – – – – – 1.57 5.804
37D 69 OMe OMe – – – – – 2.00 5.699
38E 70 OMe OMe H H – – – 0.39 6.409

39E(R) 71 H H Me H – – – 7.34 5.134
40E(S) 72 H H H Me – – – 3.51 5.455

41E 73 H H H Ph – – – 4.48 5.349
42E 74 OMe H –(CH2)2– – – – 0.40 6.398
43E 75 Cl H –(CH2)3– – – – 4.88 5.311
44E 76 Cl H –(CH2)4– – – – 7.33 5.135
45E 77 OMe H –(CH2)5– – – – 2.22 5.654
46E 81 OMe OMe –(CH2)2– – – – 0.09 7.046

47 85 N

N
N
H

S O

O
– – – 0.99 6.004
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Table 1. (Continued)
Comp. Label in [12] R1 X Y n Ki ( M) pKi

48 1 N

N
O

– – – 7.70 5.113

49 2 N

N
N
H N

H

S Cl

– – – 0.03 5.906

50 3
N

N
N NH

O

S

– – – 0.7 6.115

3 RESULTS AND DISCUSSION 

A total of 50 compounds were partitioned into a training set of 33 and a test set of 17 compounds
at random. Bias given to both structural and biological diversity in both the sets. Table 2 lists 
experimental activities, predicted activities and residual values of the training set and test set by 
CoMFA model. This study gave the LOO cross–validated coefficient q2 values of 0.647 and non–
cross validated correlation coefficient, r2, 0.917 for CoMFA (Table 3). All the aligned molecules
are shown in Figure 1, and Figure 2 shows the correlation between the experimental and predicted 
pKi values for CoMFA. 

Table 2. Experimental and Calculated pKi Values of Compounds from the Training and Test Sets 
Comp. a Exp. pKi Calc. pKi Residual

1A* 4.885 5.221 –0.336
2A 5.332 5.394 –0.062
3A 4.832 5.227 –0.395
4A 4.947 4.963 –0.016

5A* 5.436 5.012 0.424
6A 5.328 5.436 –0.108
7A 5.246 5.165 0.081
8A 5.349 5.334 0.015
9A 5.554 5.478 0.076

10A 5.669 5.775 –0.106
11A* 5.556 5.618 –0.062
12A* 5.325 5.800 –0.475
13A 5.692 5.810 –0.118
14A 5.572 5.789 –0.217
15A 5.747 5.384 0.363
16A 5.780 5.618 0.162
17A 6.013 6.070 –0.057
18A 6.051 6.221 –0.170
19A 6.155 6.155 0.141
20B* 5.247 5.926 –0.679
21B* 5.730 5.048 0.682
22B 5.809 5.444 0.365

23B* 5.951 5.750 0.201
24B* 6.125 5.598 0.527
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Table 2. (Continued)
Comp. a Exp. pKi Calc. pKi Residual

25B 6.252 6.249 0.003
26B 6.309 5.810 0.499
27B 6.468 6.685 –0.217
28B 7.222 6.254 0.968

29C* 6.259 5.829 0.430
30C(R) 6.469 6.567 –0.098
31C(S) 6.119 6.270 –0.151
32C* 5.633 6.036 –0.403
33C 5.317 6.060 –0.743
34D 5.428 5.355 0.073
35D 5.475 5.580 –0.105

36D* 5.804 5.613 0.191
37D 5.699 5.925 –0.226
38E* 6.409 5.859 0.55

39E(R) 5.134 5.290 –0.156
40E(S)* 5.455 5.253 0.202

41E 5.349 5.163 0.186
42E 6.398 6.477 –0.079
43E 5.311 5.603 –0.292
44E 5.135 5.036 0.099

45E* 5.654 5.103 0.551
46E 7.046 6.433 0.613
47* 6.004 5.737 0.267
48* 5.113 5.285 –0.172
49 5.906 5.592 0.314

50* 6.115 5.698 0.417
a Compounds labeled with * are included in the test set 

Table 3. CoMFA PLS Result Summary
q2 r2 r2

pred r2
LFO n F value SEE Steric Electrostatic

0.647 0.917 0.652 0.662 5 59.524 0.177 0.498 0.502

Figure 1. Alignment of all molecules used for molecular field generation 
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Figure 2. Plot of actual versus predicted pKi values for the CoMFA model

Figure 3. Steric and electrostatic contour maps for 28B, a highly active human QC inhibitor. Sterically favored areas in
green; sterically disfavored areas in yellow. Positive potential areas in blue, and negative potential favored areas in red
(no red contours in the plot). 
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3.1 CoMFA Contour Analysis 
The steric and electrostatic contour maps for human QC inhibitory model are displayed in the 

Figure 3. The steric plot shows three small sized yellow contours around a phenyl ring, disfavoring 
bulky groups in these regions. Substitution of cycloalkyl group at R3 and R4 (compounds with E
scaffold) position shows detrimental effect on inhibitory potency. For example, compounds 43E–48
have poor activities. Compounds 1A–6A, with their bulky aliphatic chains, cycloalkyl ring and 
norbornyl residues also exhibit poor activity. Another big yellow contour near the Nitrogen atom
also disfavors substitution of methyl group in this region. Compound 33C, substituted with methyl
at the R3 position, has poor activity. Other compounds with a C scaffold have shown better activity, 
except for 32C, which has cycloalkyl group. In the displayed plot, one medium sized green contour 
runs above the phenyl ring, while another, large sized green contour runs around it, indicating that 
substitution of a methoxy group on the phenyl ring has led to a great increase of inhibitor potency. 
Therefore, compounds 24B, 26B, 27B, 28B, 30C, 38E, 42E and 46E exhibit good activity. 

The electrostatic plot shows two small blue contours supporting the thio–amide group for better 
activity. This explains why compound 26B shows reduced activity compared to 28B. The 
substitution of sulfur, a weaker electronegative atom than oxygen enhances the inhibitory potency. 
Any change in this region leads to a decrease in inhibitory potency, as may be observed in similar
compounds, mentioned in Table 1. In the same plot, there is a big blue contour around the phenyl 
ring, favoring negative inductive effect (–I) groups, namely NO2, NR and OR. This pattern can be 
observed in compounds 13A, 14A, 24B, 27B, 29C–31C, 38E and 46E. We also found that 
compounds having strong –I groups like NO2, NR exhibit less activity than weak –I groups such as 
OR.

4 CONCLUSIONS 

In the current study, we have successfully established the ligand–based 3D QSAR CoMFA 
model on 50 imidazole derivatives, reported as QC inhibitors. This model has good statistical 
results in terms of q2 and r2 values and showed a great predictivity of the test set, in the external 
validation, without visible outliers. The model gave q2 and r2 values of 0.647 and 0.917. The 
CoMFA results suggest that steric interactions (49.8%) as well as electrostatic interactions (50.2%) 
contribute to the activities of inhibitors. Using a test of 17 ligands, we were able to demonstrate that 
the model is also predictive for new compounds.

The effect of steric and electrostatic fields around aligned molecules was clarified by analyzing 
CoMFA contour maps. The analysis of CoMFA contour maps suggested that substitution of 
aliphatic chains and cycloalkyl rings at R1 (A scaffold) and R3, R4 (E scaffold) positions will cause 
reduction in the activity. CoMFA contour maps favor the substitution of Oxygen with Sulfur at 
thio–amide region. Substitution of methoxy group at meta and para position on phenyl ring largely 
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contributes to a great increase in the inhibitory activity. This comparative analysis of contour maps
is expected to be of an aid in the design of compounds with an enhanced inhibitory activity and 
better selectivity to glutaminyl cyclase protein. 
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