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Classical and 3D QSAR studies on inverse agonists of human histamine H1 receptor

Sundarapandian Thangapandian, Shalini John and Keun Woo Lee*

Division of Applied Life Science (BK21 Program), Systems and Synthetic Agrobiotech Center (SSAC), Plant Molecular Biology and
Biotechnology Research Center (PMBBRC), Research Institute of Natural Science (RINS), Gyeongsang National University (GNU),
501 Jinju-daero, Gazha-dong, Jinju 660-701, Republic of Korea

(Received 29 November 2011; final version received 20 May 2012)

Human histamine H1 receptor (HHR1) is one of the receptors through which histamine exerts its allergic reactions, and
inhibition of this receptor is an important strategy in treatment of inflammatory diseases. In this study, classical and 3D
quantitative structure–activity relationship (QSAR) studies were carried out using 36 inverse agonists of which 27 diverse
compounds were used in training set. The MOEw and SYSTATw programs were used in descriptor calculation and step-wise
multiple regression analysis. A predictive and statistically significant QSAR model based on four descriptors was developed
and cross-validated with the leave-one-out (LOO) method. The statistical data of this model were r ¼ 0.908, F ¼ 25.703,
s ¼ 0.445, q2LOO ¼ 0:945. Comparative molecular field analysis (CoMFA) and comparative molecular similarity indices
analysis (CoMSIA) studies were carried out using the same training set compounds. Pharmacophore-based molecular
alignment was used to develop models using different fields. The best CoMFA model was the one developed using the
CoMFA indicator fields (r 2 ¼ 0.998, q2LOO ¼ 0:580), and the best CoMSIA model was the one with CoMSIA steric fields
(r 2 ¼ 0.862, q2LOO ¼ 0:434). As the models explain well the observed variance in HHR1 binding affinities in both the
training and the test set, they can be used in designing future antihistamines.

Keywords: CoMFA; CoMSIA; contour maps; human histamine H1 receptor; inverse agonists

1. Introduction

Quantitative structure–activity relationship (QSAR) is a

method building computational or mathematical models

that can derive a statistically significant correlation or

relationship between physicochemical properties and

biological activities of chemical substances and used in

the prediction of new chemical entities. The physico-

chemical properties refer here to the structure of the

chemical compounds, and the statistical methods such as

regression analysis, partial least square (PLS) analysis,

principal components analysis, neural networks and

genetic algorithms are used in deriving significant models.

The basic principle behind QSAR is that the difference in

structural properties is responsible for the observed

changes in biological activities of the compounds [1].

Various QSAR approaches were developed in the course

of time and have been considered as valuable tools in

designing new pharmaceuticals and agrochemicals. Early

and classical QSAR studies have utilised 1D and 2D

structural properties, and this was considered as a major

drawback of this type for which 3D QSAR method was

considered as replacement in which 3D properties of the

ligands are used to predict the biological activities. Despite

these types, all QSAR methods focus on the same goals

which are as follows: (i) quantification of the structural

properties that directly influence the biological activities,

(ii) optimisation of existing leads to improve their

biological activities and (iii) prediction of biological

activities of untested and newly designed compounds. The

QSAR techniques have always been considered as good

alternatives to the drug discovery and development

scientists as it can reduce the cost and time of conventional

syntheses and biological assays. The 1D and 2D QSAR

methods correlate biological activities with global

molecular properties such as pKa and log P and structural

patterns such as connectivity indices and 2D pharmaco-

phores. But the 3D QSAR method is a broad category

including all those QSAR methods that correlate the

biological activity with non-covalent interaction fields

surrounding the compounds and computed atom-based

descriptors calculated from the spatial representation of

the molecular structures [2–5].

Histamine receptors are categorised under the super-

family of G-protein-coupled receptors (GPCRs). GPCRs

transduce signals across the cell membrane upon ligand

binding (a photon in case of opsins), and at the cytosolic

side they activate the G-protein. GPCR consists of a single

protein that crosses the cell membrane seven times.

Human histamine H1 receptor (HHR1) belongs to class I

of the GPCRs and interacts with G-proteins to activate

phospholipase C [6]. Ligands bind on the extra cellular

part of the membrane and transduce the signal. Four

subtypes (H1–H4) of histamine receptors are present in

various parts of human body which deliver various actions
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against ligand binding [7–16]. Specific activation or

blockade of these receptor subtypes has led to a

tremendous increase in the knowledge of the roles of

histamine in both physiology and pathology. HHR1 is

known to be involved in various inflammatory effects [17].

Moreover, histamine plays a role in allergic conditions that

have often been treated successfully with HHR1

antagonists [18]. It is reported majorly that GPCRs are

activated even in the absence of agonists and this

phenomenon is known as constitutive receptor activity

and compounds blocking this activity are called inverse

agonists [19]. Early research and development of HHR1

ligands started on antagonists that were used for their anti-

allergic effects in the periphery. However, the first

generation HHR1 antagonists such as mepyramine (MEP)

and diphenhydramine have exhibited Central Nervous

System (CNS)-related side effects due to their high

lipophilicity [20–22]. This was followed by the develop-

ment of second generation HHR1 antagonists such as

acrivastine and cetirizine, which exhibited high selectivity

and less sedative effect due to the decrease in their ability

to penetrate blood–brain barrier [23,24]. A non-selective

nature of some of this class of compounds was observed as

they have also shown affinity towards 5-HT2A, dopamine

D2 and muscarinic M1 receptors [25]. Zwitterionic HHR1

antagonists such as acrivastine and fexafenadine have

shown the highest degree of selectivity for HHR1. The

inverse agonism has become a well-accepted phenomenon

in the field of GPCRs [26–30]. Many ligands that were

previously thought to act as antagonists actually inhibit

constitutive receptor signalling, indicating their inverse

agonistic behaviour. It was reported that there are various

human diseases as the results to constitutive receptor

activity induced by mutations in genes encoding GPCRs

[31–34]. From this it has become obvious that for these

genetic disorders, inverse agonists are necessary to treat

the mutant GPCRs, as other antagonists would be of no

use. Thus, the development of HHR1 inverse agonists will

become an effective pharmacological means to study the

constitutive activity of HHR1 and to address the problems

arisen due to this activity. As very limited SAR studies

have been reported in these molecules, in this study,

systematic classical and 3D QSAR studies were carried

out in order to identify the essential structural features and

physicochemical properties that correlate the inverse

agonistic properties of the ligand molecules.

In our QSAR studies, a set of diverse compounds with

alkylaminoimidazoles, alkylaminopyridines, thiazoles and

various other alkylamines were utilised to generate classical

and 3DQSARmodels.Comparativemolecular field analysis

(CoMFA)models were developed using different fields, viz.

Tripos Standard, hydrogen bonding and parabolic indicator,

whereas comparative molecular similarity indices analysis

(CoMSIA) models were developed using steric, electro-

static, donor, acceptor, hydrophobic and combination of

fields. The generated models were further validated using an

external test set by predicting the biological activities of the

test set compounds. The contourmaps derived fromCoMFA

and CoMSIA models were the visual results of SAR

observed from the data-set of compounds with biological

activities. The SAR information extracted from these

models could effectively be used in HHR1 inverse agonist

designing.

2. Materials and methods

2.1 Selection of data-sets

A set of 36 diverse chemical compounds with a wide range

of experimentally known inverse agonistic activities for

HHR1 were used in this study. Classical and 3D QSAR

approaches were employed to observe the SAR within the

selected set of HHR1 inverse agonists. The activity values

of the compounds ranged from 0.002 to 501.18mM over

five orders of magnitude (Table 1). The compounds under

study include derivatives of aminoalkylimidazoles,

aminoalkylthiazoles, aminoalkylpyridines and arylalkyla-

mines. The binding affinity data of these compounds for

HHR1 are expressed in Ki values, which were determined

under the same biological conditions [35]. The selection of

training set is considered very important for any QSAR

technique as that influence the model generation directly

and as equal is the test set utilised in model validation.

Thus, this data-set was divided into training and test sets

based on their chemical diversity and activity. The

resultant training and test sets represented the full range

of activity values. Particularly, the molecules with lowest

and highest activity were selected to be in the training set.

Whereas the training set used in model generation test set

was used in validating or testing the predictive ability of

the generated models.

2.2 Classical QSAR

Molecular operating environment (MOE) Version 2005.06

software from Chemical Computing Group was used for

sketching, minimising the energy of the molecules and

calculating various physicochemical descriptors [36]. MOE

is a fully integrated suite of computational chemistry,

molecular modelling and informatics software for various

life science applications. MOE runs on a wide range of

computer hardware, including computer clusters, making it

ideal for use by experts and occasional users alike. Two-

hundred and thirty-five molecular descriptors available in

MOE were calculated using its QSAR descriptors module.

The resultant file was saved in MS-excel format to be

comfortably used with other computational and statistical

programs. Other programs, namely SYSTAT 10.2 [37] and

BuildQSAR [38], were employed to perform various

statistical calculations with the data. The correlation matrix

S. Thangapandian et al.1144

D
ow

nl
oa

de
d 

by
 [

G
ye

on
gs

an
g 

N
at

io
na

l U
ni

],
 [

Su
nd

ar
ap

an
di

an
 T

ha
ng

ap
an

di
an

] 
at

 2
2:

22
 0

3 
O

ct
ob

er
 2

01
2 



Table 1. Training and test set compounds.

NX

(CH2)nNR1R2

Name X n R1 R2 pKi Ki (mM)

1a NH 6 H H 3.3 501.19
1b NH 8 H H 4.4 39.81
1c NH 9 H H 4.7 19.95
1d NH 10 H H 5.3 5.01
1ea NH 11 H H 5.6 2.51
1f NH 12 H H 6 1.00
1 g NH 13 H H 6.4 0.40
1 h NH 14 H H 6.6 0.25
1i NH 8 Z(CH2)42 5.4 3.98
1ja NH 10 Z(CH2)42 5.4 3.98
1k NH 12 Z(CH2)42 5.7 1.99

N
(CH2)nNH2

Name Isomer n pKi Ki (mM)

PEAa Ortho 2 3.8 158.49
13a Ortho 9 4.5 31.62
13ba Ortho 10 4.9 12.59
13c Ortho 12 6 1.00
13d Meta 10 5.1 7.94
13ea Meta 12 5.4 3.98
13f Para 10 5.3 5.01
13 g Para 12 5.4 3.98

R2

R1

(CH2)n

X

N

H2N

Name X N R1 R2 pKi Ki (mM)

17a NH 0 Cl H 5.2 6.31
17b NH 0 CF3 H 5.4 3.98
17c NH 0 Cl Cl 4.7 19.95
19aa S 0 H H 4.5 31.62
19b S 0 CF3 H 4.9 12.59
19c S 1 H H 4.2 63.10
19d S 1 Cl H 4.5 31.62

(CH2)n

X

N

R2R1N

R3

Name N R1 R2 R3 pKi Ki (mM)

18ba 1 H H Phenyl 5.1 7.94
18c 2 H H Phenyl 5.7 1.99
18d 3 H H Phenyl 5.8 1.59
18ea 4 H H Phenyl 5.9 1.26
18f 2 H H Cyclohexyl 5 10.00
18 g 2 H H p-Br-phenyl 5.6 2.51
18 h 2 H H p-CH3-phenyl 5.5 3.16
18i 2 Z(CH2)42 Phenyl 5.6 2.51

Molecular Simulation 1145
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generation and multiple linear regression (MLR) analyses

were carried out using SYSTAT and the q 2, which is also

known as cross-validated correlation coefficient; calculation

was carried out in BuildQSAR program. The MLR is also

known as linear free-energy relationshipmethod,which is an

extension of simple linear regression analysis to more than

one dimension [39]. MLR generates QSAR equations by

performing standardmultivariable regression calculations to

identify the dependence of a drug property on any or all of

the descriptors under investigation. The possibility of chance

correlation is checked through the values of multiple

correlation coefficients (r), Fisher’s F ratio, standard

deviation (s) and through independent tests such as the

leave-one-out (LOO) method. The significance of corre-

lation can be judged through q 2 values. Step-wise MLR

method is a commonly used variant of MLR which also

creates a multiple-term linear equation, but not all the

independent variables are used [40]. In contrast to MLR,

each independent variable is sequentially added to the

equation and new regression is performed every time. The

new term is preserved only if the model passes a test for

significance. This regression technique is especially useful

when the number of descriptors is large and the key

descriptors are unknown.

2.3 3D QSAR

CoMFAandCoMSIAwere carried out on aSiliconGraphics

Octane R12000 workstation running on SYBYL 6.9

molecular modelling software (Tripos, St Louis, MO,

USA). The chemical structures drawn using MOE and used

in classical QSAR calculations were imported into SYBYL

for 3D QSAR calculations. Partial charges were computed

using Gasteiger–Huckel method, and were optimised for

their geometry using Tripos force field with a distance-

dependent dielectric function and energy convergence

criterion of 0.001 kcal/mol Å using 1000 iterations and

standard SYBYL settings [41,42]. Alignment of the

compounds is a crucial step in CoMFA studies, and

SYBYL provides three different methods such as maximum

common structure-based alignment, rigid body field fit

alignment andmultifit alignment to generate an alignment of

compounds. There are other methods utilising pharmaco-

phore model, and molecular docking was also reported to

generate a valid alignment of compounds [1,42–46].

A pharmacophore-based alignment of compounds was

generated in this study utilising our HypoGen-based

pharmacophore model, which was made of five pharmaco-

phoric features and high predictive ability [19,47].

2.4 CoMFA and CoMSIA model development

CoMFA generates an equation correlating the biological

activity with the contribution of interaction energy fields at

every grid point. CoMFA results are shown as coefficient

contour plots to allow simple and easy visual interpret-

ation. These contour maps explain important regions in

space around the molecules where specific modifications

significantly alter the activity [47,48]. The alignment of

compounds obtained based on the pharmacophore model

was further used in CoMFA and CoMSIA studies. In this

3D QSAR method, superimposed molecules are kept in a

3D grid for various calculations. The steric (Lennard-

Jonnes potentials) and electrostatic fields (Coulombic

potentials) for CoMFA were calculated using fields, viz.

standard CoMFA field, H-bonding fields, indicator fields

and parabolic fields for the CoMFA calculation. For each

alignment, an sp3 carbon atom having a charge of þ1 and

a radius of 1.52 Å was used as a probe to calculate various

steric and electrostatic fields, the grid spacing was set at

2 Å and the region was calculated automatically. In order

to investigate the influence of different parameters on

CoMFA, various steric and electrostatic cut-offs and grid

spacing were also tried.

In the CoMSIA calculation, molecular similarity indices

were calculated at different points in a regularly spaced grid

for pre-aligned compounds. Several advantages such as

greater robustness related to both region shifts and small

shifts within the alignments, no application of steric cut-offs

and more intuitively interpretable contour maps render

CoMSIA much more superior than CoMFA. The standard

settings are the probe with charge to þ1, hydrogen bond

accepting toþ1, attenuation factor a to 0.3 and grid spacing

to 2 Å for CoMSIA calculations. This calculates five

different fields such as steric, electrostatic, hydrophobic,

acceptor and donor.

O

NN

HN+

N

NH+

N

MEP TRNa

pKi ¼ 8.7 (Ki ¼ 0.002mM) pKi ¼ 8 (Ki ¼ 0.01mM)

a Test set compounds.

S. Thangapandian et al.1146
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2.5 PLS analysis

It is an iterative regression procedure that produces its

solutions based on linear transformation of a large number

of original descriptors to a small number of new

orthogonal terms called latent variables [49]. PLS gives

a statistically robust solution even when the independent

variables are highly interrelated among themselves, or

when the independent variables exceed the number of

observations. Thus, PLS is able to analyse complex

structure–activity data in a more realistic way, and

effectively interpret the influence of molecular structure

on biological activity. This is one of the standard statistical

methods used for the development of predictive 3D QSAR

models. All models were investigated using full cross-

validated PLS (LOO) method with CoMFA standard

options for scaling of variables. Initially, the minimum

sigma (column filtering) was set to 2.0 kcal/mol to

improve the signal-to-noise ratio by omitting those lattice

points the energy variation of which is below this

threshold. The statistical significance and predictive

ability of the resulting models were assessed using LOO

cross-validated r 2, also called q 2. The conventional r 2

was considered as a measure of the predictive ability

within the training set, whereas the q 2 was considered as a

measure of predictive ability outside the training set.

2.6 Model validation and contour maps

The developed models were validated for their predictive

ability over the biological activities of external compounds

that were not used in model development. Nine

compounds were used as external data-set in the model

validation process. Correlation co-efficient values were

calculated from the experimental and predicted activity

values. The contour maps of CoMFA denote the region in

the space where the aligned molecules would favourably

or unfavourably interact with the receptor whereas the

CoMSIA contribution maps denote those areas within the

specified region where the presence of a group with a

particular physicochemical property will be favoured or

disfavoured for good biological activity. Generally, two

types of contours are shown for each interaction energy

field: the positive and negative contours. The contours for

steric fields are shown in green (positive contours, more

bulk favoured) and yellow (negative contours, less bulk

favoured), whereas the electrostatic field contours are

displayed in red (positive contours, electronegative

substituents favoured) and blue (negative contours,

electropositive substituents favoured) colours [50].

3. Results and discussion

3.1 Molecular descriptors and classical QSAR model
generation

All available molecular descriptors in MOE were

calculated and used in QSAR model generation. Pearson

correlation matrix displaying inter-correlation between the

activity value and all descriptors was calculated using

SYSTAT 10.2 (Table 2). Analyses of the inter-correlation

values revealed the possible highly correlating descriptors

with dependent variable, and thus, they were preferred to

be used as independent variables during QSAR model

generation using MLR analysis. The biological activity

was used as the dependent variable. The descriptors

scoring inter-correlation value .0.5 within independent

variables were not considered, whereas the descriptors

scoring.0.5 with biological activity (dependent variable)

were considered in QSAR model generation. None of the

descriptors used in deriving final model has shown an

inter-descriptor correlation more than 0.205 between

independent variables. The following parameters were

correlating well with the biological activity rather than any

other descriptors without showing any considerable inter-

correlations with other descriptors: (i) RINGS representing

the number of rings present in the compounds under study,

(ii) KierA3 representing third alpha modified shape index,

(iii) Q_VSA_PPOS indicating positive polar van der

Waals surface area and (iv) E_OOP standing for the out-

of-plane potential energy (Tables 3 and 4).

In view of the major contribution to the generated

model, the predicted activity values of the compounds are

from Q_VSA_PPOS, which represent the positive polar

van der Waals surface area. It is of interest to focus our

attention to study the contribution of this parameter by

every substituent rather than the whole molecule. HHR1

inverse agonist activity (pKi) also referred to as biological

activity was selected as dependent variable in step-wise

multi parameter regression analysis, whereas all other

structural physicochemical parameters were chosen to be

independent variables. Regression analysis led to the

Table 2. Correlation matrix of physicochemical parameters used in model generation.

BA RINGS Q_VSA_PPOS E_OOP KierA3

BA 1 0.119 0.641 20.429 0.339
RINGS 1 0.205 20.148 20.576
Q_VSA_PPOS 1 20.040 20245
E_OOP 1 20.189
KierA3 1

Molecular Simulation 1147
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derivation of the following QSAR equation:

pK i ¼1:501ð^0:538Þ þ 0:344ð^0:128ÞRINGS

þ 0:042ð^0:005ÞQ_VSA_PPOS2 37:816

£ ð^15:864ÞE_OOPþ 0:275ð^0:050ÞKierA3;

n ¼ 27; r ¼ 0:908; r 2 ¼ 0:824; q2 ¼ 0:945;

s ¼ 0:445; F ¼ 25:703:

This equation shows a high correlation (r ¼ 0.908) on

HHR1 inverse agonist activity with Q_VSA_PPOS,

RINGS, E_OOP and KierA3 descriptors. These are the

four best parameters that can fit well with the biological

activity. The combination of other descriptors led to the

reduced correlation co-efficient and high inter-descriptor

correlation. This QSARmodel has predicted the pKi values

of the training set compounds with a correlation value (r)

of 0.908, and none of the residual values was.0.8 (Table 3

and Figure 1). This prediction and residual values are

strong indications of predictive ability of the generated

model (Figure 2(a)).

Table 3. Calculated descriptors along with the experimental and predicted biological activities of training set compounds (sorted by its
pKi values).

Comp. pKi (Exp.) RINGS Q_VSA_PPOS E_OOP KierA3 pKi (Pred.) Residual

1a 3.300 1 39.049 0.031 3.626 3.31 20.01
19c 4.200 2 44.171 0.000 3.069 4.89 20.69
1b 4.400 1 39.049 0.000 5.095 4.89 20.49
13a 4.500 1 30.430 0.000 6.530 4.92 20.42
19d 4.500 2 44.171 0.001 3.700 5.02 20.52
17c 4.700 2 39.049 0.000 2.649 4.56 0.14
1c 4.700 1 39.049 0.000 5.832 5.09 20.39
19b 4.900 2 48.151 0.000 3.066 5.05 20.15
18f 5.000 3 39.049 0.000 4.167 5.32 20.32
13d 5.100 1 30.430 0.000 7.305 5.13 20.03
17a 5.200 2 39.049 0.000 2.294 4.46 0.74
13f 5.300 1 30.430 0.000 7.305 5.13 0.17
1d 5.300 1 39.049 0.000 6.669 5.32 20.02
13 g 5.400 1 30.430 0.000 8.977 5.59 20.19
17b 5.400 2 48.095 0.000 2.664 4.94 0.46
1i 5.400 2 48.196 0.001 5.324 5.64 20.24
18 h 5.500 3 39.049 0.000 4.654 5.45 0.05
18 g 5.600 3 39.049 0.000 4.425 5.39 0.21
18i 5.600 4 48.196 0.000 4.470 6.13 20.53
18c 5.700 3 39.049 0.002 3.678 5.11 0.59
1k 5.700 2 48.196 0.000 8.067 6.43 20.73
18d 5.800 3 39.049 0.001 4.120 5.27 0.53
13c 6.000 1 30.430 0.000 8.977 5.59 0.41
1f 6.000 1 39.049 0.000 8.318 5.77 0.23
1 g 6.400 1 39.049 0.000 9.131 6.00 0.40
1 h 6.600 1 39.049 0.000 10.02 6.24 0.36
MEP 8.700 2 122.243 0.000 4.410 8.54 0.16

Notes: MEP, Mepyramine. Residual ¼ predicted activity – experimental activity.

Table 4. Summary of PLS statistics of various CoMFA models using different fields.

Parameters COMFA_T COMFA_H COMFA_I CoMFA_P

q 2 0.551 0.325 0.580 0.573
r 2 1.000 0.987 0.998 0.998
SE of estimate 0.009 0.128 0.050 0.045
F 39561.614 301.170 2003.80 2474.812
Component 7 5 7 6
Fraction 0.516(s) 0.649(d) 0.646(s) 0.545(s)

0.484(e) 0.351(a) 0.354(e) 0.455(e)

Notes: CoMFA_T – Tripos, CoMFA_H Z Hydrogen bond, CoMFA_I – Indicator, CoMFA_P – Parabolic fields. s, e, a and d are steric, electrostatic,
hydrogen bond acceptor and donor field contributions, respectively.
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3.2 3D QSAR model generation

CoMFA and CoMSIA methods were employed to derive

3D QSAR models based on a data-set of 27 compounds for

which the HHR1 inverse agonistic activity profile was

determined from the same biological assay and used in

classical QSARmodel generation as discussed earlier. The

alignment of these compounds was generated using our

previously built pharmacophore model [19]. A number of

3D QSAR models were generated, and the best among

them was selected based on the statistically significant

results. Though a 3D QSAR model with a q 2 value of

.0.4 is normally preferred, a value of .0.3 is also

considered statistically significant.

3.2.1 CoMFA study

Force fields are used in CoMFA to describe the

interactions that typically occur between a ligand and the

target macromolecule. The forces normally responsible for

ligand–protein interactions include the steric, electro-

static, hydrogen bonding and hydrophobic molecular

fields. The results of CoMFA study are summarised. The

best q 2 value 0.580 was obtained from the indicator field

with a conventional r 2 value of 0.998, which is a high

correlation value along with the low standard error (SE) of

estimate (0.050) using seven principal components. The

parabolic field has shown the next highest q 2 value (0.573)

followed by Tripos standard and hydrogen bonding fields

(0.551 and 0.325). The Tripos standard field has produced

the highest r 2 value of 1 along with the lowest SE of

estimate (0.009) (Table 4). As an indication of statistical

significance of the CoMFA model, the biological activity

values of the training set compounds were predicted with

high correlation (Table 5 and Figure 3). The residual

values that were not higher than 0.15 were calculated, and

the very high prediction of the training set compounds was

proved (Figure 2(b)).

3.2.2 CoMSIA study

Various CoMSIA models were generated considering all

possible combinations of field descriptors. Seven CoMSIA

fields namely steric (S), electrostatic (E), hydrophobic (H),

donor (D), acceptor (A) and combination of SE and AD

were used. Among the calculated q 2 values, only steric

field has shown a q 2 value of 0.434, which is greater than

the preferred value (0.4). None of the other six fields has

shown significant values explaining the activity values.

The conventional r 2 value for the steric field was 0.862,

which was the highest among other fields (Figure 3). Thus,

we have considered the CoMSIA steric field model as

significant model among others to relate with the

biological activities. The experimental activity values of

the training set compounds were predicted with high

correlation (Table 6) and the residuals were not .0.8,

which displays the predictive ability of the model (Figure

2(C)). Further validation analyses based on the test set

compounds were carried out for all the models.

3.3 External validation using test set

In order to validate the generated models, an external test

set containing nine compounds with considerable diversity

in terms of their structures and activity values was used.

The activity values of these test set compounds were

predicted with high accuracy. The predicted activity

values of nine test set compounds based on three models

are displayed along with their experimental values in

Figure 1. Correlation graph between experimental and predicted activity values for training (square points) and test set (asterisks)
compounds based on classical QSAR model.
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Tables 7 and 8, and a correlation plot was generated

between them (Figures 1, 3 and 4). The residual values

calculated for all test set compounds from the experimen-

tal and predictive activities are plotted as a graph and

displayed in Figure 2. The predicted correlation co-

efficient (r2pred) value for the classical QSAR model

equation is 0.901. The same test set compounds were also

used in the validation of CoMFA and CoMSIA models.

The r2pred based on the molecules of test set was calculated

by the following equation: r2pred ¼ (SD-PRESS)/SD, where

SD is the sum of the squared deviations between the

biological activities of compounds in the test set and the

mean biological activities of the training set compounds

and PRESS is the sum of the squared deviations between

predicted and actual activity values for each molecule in

the test set [50]. The r2pred value for the test set based on

Figure 2. (Colour online). Plot representing the residual values between experimental and predicted activities of training (orange) and
test set (green) compounds for (a) classical QSAR, (b) CoMFA and (c) CoMSIA models.
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CoMFA and CoMSIA studies was 0.998 and 0.897,

respectively, which are very high correlation coefficient

values.

3.4 CoMFA contour maps

One of the attractive features of the CoMFA and CoMSIA

models is the visualisation of the results as 3D coefficient

maps. Contour maps were generated from the 3D QSAR

models to visualise the information derived and also to

rationalise the regions in 3D space around the molecules

where changes in each field were predicted to increase or

decrease the activity. The 3D QSAR contour maps from

both CoMFA and CoMSIA studies clearly illustrate the

steric, electrostatic and hydrogen bonding requirements for

ligand binding, and provide a deeper visual insight to the

medicinal chemists about the SAR. In the CoMFA analysis,

sterically unfavourable regions are shown in yellow,

whereas favourable regions are in green. Electrostatic

positive favourable (or negatively unfavourable) regions

correspond to the blue areas, and the negative favourable

correspond to the red areas. Analysis of the CoMFA steric

and electrostatic fields obtained from the CoMFA indicator

field for the most active and least active compounds is

shown in Figures 5 and 6. In Figure 5, the green contours

represent regions of high steric tolerance (80% contri-

bution), whereas yellow contours represent regions of low

steric bulk tolerance (20% contribution). In the same figure,

the electrostatic field is indicated by blue (80% contribution)

and red (20% contribution) contours that reveal the regions

where electron-donating and electron-withdrawing groups

would be favourable. As shown in Figure 5(a), the green

contour region adjacent to the aromatic ring of MEP

indicates that steric bulk is favourable at this region, i.e.

substitution on this ring with any bulky groups would

Table 5. Training set compounds with their experimental,
predicted activity values and their residuals predicted from
CoMFA and CoMSIA studies.

CoMFA CoMSIA

Comp.
PKi

(Exp.)
pKi

(Pred.) Residual
pKi

(Pred.) Residual

1a 3.3 3.263 20.037 3.351 0.051
19c 4.2 4.318 0.118 4.053 20.147
1b 4.4 4.387 20.013 5.20 0.800
13a 4.5 4.443 20.057 4.968 0.468
19d 4.5 4.425 20.075 5.060 0.560
17c 4.7 4.782 0.082 4.820 0.120
1c 4.7 4.758 0.058 5.380 0.680
19b 4.9 4.994 0.094 4.896 20.004
18f 5 5.044 0.044 5.000 0
13d 5.1 5.136 0.036 5.250 0.150
17a 5.2 5.183 20.017 4.768 20.432
13f 5.3 5.276 20.024 5.558 0.258
1d 5.3 5.183 20.117 5.399 0.099
13 g 5.4 5.393 20.007 5.770 0.370
17b 5.4 5.351 20.049 5.237 20.163
1i 5.4 5.439 0.039 5.300 20.100
18 h 5.5 5.492 20.008 5.110 20.390
18 g 5.6 5.658 0.058 5.560 20.040
18i 5.6 5.546 20.054 5.077 20.523
18c 5.7 5.643 20.057 5.610 20.090
1k 5.7 5.667 20.033 5.820 0.120
18d 5.8 5.82 0.02 4.980 20.820
13c 6 5.982 20.018 5.911 20.089
1f 6 6.023 0.023 5.732 20.268
1 g 6.4 6.43 0.03 6.286 20.114
1 h 6.6 6.579 20.021 6.378 20.222
MEP 8.7 8.739 0.039 8.690 20.010

Notes: MEP – mepyramine. Residual ¼ predicted activity –
experimental activity.

Figure 3. Correlation graph between experimental and predicted activity values for training (asterisks) and test set (triangular points)
compounds based on CoMFA model.

Molecular Simulation 1151

D
ow

nl
oa

de
d 

by
 [

G
ye

on
gs

an
g 

N
at

io
na

l U
ni

],
 [

Su
nd

ar
ap

an
di

an
 T

ha
ng

ap
an

di
an

] 
at

 2
2:

22
 0

3 
O

ct
ob

er
 2

01
2 



increase the potency of the compound. The huge yellow

contour regions along the alkyl-amino chain indicate that

bulkier groups would not favour the biological activity. In

Figure 5(b), the red contour near the phenyl ring with

methoxy group indicates that the electron-withdrawing

group would benefit the activity, whereas the blue contour

around the rest of the compound demonstrates that electron-

donating groups may increase the activity. In Figure 6(a),

the steric and electrostatic contour maps for the least active

compound in the training set are shown. In order to increase

the potency of the least active compound based on the

contour maps, steric bulkiness should be increased near

the green contour regions, whereas it should be reduced in

the yellow regions. In the sameway, fromFigure 6(b), it was

interpreted that the addition of electron-withdrawing groups

in the red contour region and addition of electron-donating

groups around the blue regions would improve the activity.

This is the reason why the compounds MEP and

tripelennamine (TRN) are most potent in terms of their

antihistaminic activities, since they have the steric bulkiness

and electrostatic properties at appropriate regions. The least

active compounds with poor activity values possess less or

no steric bulkiness and electrostatic properties in the

required regions or vice versa. The best CoMSIA models

also revealed the same steric and electrostatic regions for

most and least active compounds (Figure 7). In Figure 7(a),

the steric and electrostatic contours of most active

compound MEP are shown, whereas in Figure 7(b), the

steric and electrostatic contour maps for the least active

compound 1a are displayed.

4. Conclusion

In this study, during the development of classical QSAR

model, four parameters such as Q_VSA_PPOS, E_OOP,

Table 8. Prediction of activity values of test set compounds
based on CoMFA and CoMSIA models.

CoMFA CoMSIA

Comp.
pKi

(Expt.)
pKi

(Pred.) Residual
pKi

(Pred.) Residual

PEA 3.8 3.794 20.006 3.356 20.444
19a 4.5 4.433 20.067 4.371 20.129
13b 4.9 4.903 0.003 5.417 0.517
18b 5.1 5.121 0.021 5.368 0.268
13e 5.4 5.431 0.031 5.721 0.321
1j 5.4 5.399 20.001 5.006 20.394
1e 5.6 5.62 0.02 5.942 0.342
18e 5.9 5.92 0.02 5.36 20.54
TRN 8 7.924 20.076 7.885 20.115

Notes: TRN, Tripelennamine. Residual ¼ predicted activity – expe-
rimental activity. Experimental and predicted activity values are shown
along with the residuals.

Table 6. Summary of PLS statistics of various CoMSIA models using different fields.

Parameters CM_S CM_E CM_A CM_D CM_H CM_SE CM_AD

q 2 0.434 20.114 0.120 0.234 0.251 0.194 0.204
r 2 0.862 0.531 0.610 0.560 0.812 0.779 0.625
SE of estimate 0.390 0.719 0.655 0.696 0.454 0.494 0.643
F 66.433 12.068 16.718 13.556 46.187 37.528 17.756
Component 3 1 1 1 1 3 1
Fraction 1 1 1 1 1 0.541(s) 0.663(d)

0.459(e) 0.337(a)

Notes: CM_S, CM_E, CM_A, CM_D, CM_H, CM_SE, CM_AD – CoMSIA Steric, Electrostatic, Acceptor, Donor, Hydrophobic, Steric & Electrostatic,
Acceptor & Donor fields, respectively. s, e, a and d are steric, electrostatic, hydrogen bond acceptor and donor field contributions, respectively.

Table 7. Physicochemical parameters and predicted biological activities for test set compounds based on classical QSAR model (sorted
by pKi values).

Comp. pKi (Exp.) Rings Q_VSA_PPOS E_OOP KierA3 pKi (Pred.) Residual

PEA 3.8 1.000 30.430 0.000 1.592 3.55 0.25
19a 4.5 2.000 39.106 0.000 2.197 4.40 0.10
13b 4.9 1.000 30.430 0.000 7.305 5.10 20.20
18b 5.1 3.000 39.049 0.000 3.276 5.06 0.04
13e 5.4 1.000 30.430 0.000 8.977 5.59 20.19
1j 5.4 2.000 48.196 0.002 6.656 5.98 20.58
1e 5.6 1.000 39.049 0.000 7.449 5.52 0.08
18e 5.9 3.000 39.049 0.000 4.561 5.41 0.49
TRN 8 2.000 97.245 0.000 4.044 7.37 0.63

Notes: TRN, Tripelennamine. Residual ¼ predicted activity – experimental activity.
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KierA3 and RINGS explaining polar positive surface

area, out-of-plane potential energy, third alpha modified

shape index and number of rings, respectively, were

involved in the equation and contributed for the HHR1

inverse agonistic activity. The high r 2, q 2 values along

with other statistically significant values are the proofs

of high predictive ability of the model. The 3D QSAR

studies including CoMFA and CoMSIA were carried out

using the molecular alignment derived based on our

pharmacophore model containing five features. The

CoMFA indicator and parabolic fields predicted the

activity values with q 2values of 0.580 and 0.573,

respectively. Analyses of contour maps generated using

CoMFA and CoMSIA models revealed the contribution

of steric and electrostatic fields around the molecules

that would in turn help medicinal chemists to design new

compounds by understanding the effects of steric and

electrostatic properties on binding affinity.

Figure 5. (Colour online) Graphical representation of best CoMFA models at the default resolution of 80% favoured and 20%
disfavoured regions. (a) steric fields and (b) electrostatic fields around the most active compound MEP.

Figure 4. Correlation graph between experimental and predicted activity values for training (squared points) and test set (circular points)
compounds based on CoMSIA model.
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