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Abstract Histamine is an important biogenic amine, which
acts with a group of four G-protein coupled receptors
(GPCRs), namely H1 to H4 (H1R – H4R) receptors. The
actions of histamine at H4R are related to immunological and
inflammatory processes, particularly in pathophysiology of
asthma, and H4R ligands having antagonistic properties
could be helpful as antiinflammatory agents. In this work,
molecular modeling and QSAR studies of a set of 30
compounds, indole and benzimidazole derivatives, as H4R
antagonists were performed. The QSAR models were built
and optimized using a genetic algorithm function and partial
least squares regression (WOLF 5.5 program). The best
QSAR model constructed with training set (N=25) presented
the following statistical measures: r2=0.76, q2=0.62, LOF=
0.15, and LSE=0.07, and was validated using the LNO and
y-randomization techniques. Four of five compounds of test
set were well predicted by the selected QSAR model, which
presented an external prediction power of 80%. These
findings can be quite useful to aid the designing of new
anti-H4 compounds with improved biological response.
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Introduction

Histamine (Fig. 1) is one of the most important biogenic
amines. It is widely distributed in the body, and the highest
concentrations are found stored in the inflammatory cells,
mainly mast cells [1]. The physiological functions of
histamine are not fully known, but they are involved in
several processes such as: hypersensitivity reactions [2];
production of acid by parietal cells [3]; control of the state
of wakefulness and food intake in the central nervous
system (CNS) [4]; and, play an important role in inflam-
mation [2, 3]. During inflammation, histamine is released
from preformed stores in mast cells and basophils [5].

The most recently discovered histamine receptor subtype,
the H4 receptor (H4R), expressed on blood cells [6] has a
distinct pharmacological profile and is considered a promising
target for the treatment of various chronic inflammatory
diseases (inflammatory bowel disease, asthma, and rheuma-
toid arthritis) [5, 7]. The H4R seems to be related to the
activation of immune cells in inflammatory reactions, mainly
dendritic cells, eosinophils, mast cells, monocytes, basophils
and T-lymphocytes [5, 6]. Studies have shown that the
activation of the H4R leads to the release of cytokines and
other chemotactic factors, as interleukin 16 (IL-16), which is
important in the asthma pathophysiology [5]. Considering
that, selective H4R antagonists could be clinically useful to
treat asthma and other inflammatory diseases.

The three-dimensional structure of the human H4R is not
yet available, but its primary aminoacid sequence is already
known. Then, there are homology models which were used
to perform ligand-supported homology model of human
H4R applying virtual screening and demonstrated to be
suitable models [7, 8]. Although the structure-based virtual
screenings (SBVS) on H4R provided some hit compounds
[8], the homology models are only an approximation of the
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receptor conformations, and because of that, a ligand-based
drug design (LBDD) strategy can be considered as a better
alternative for planning new H4 antagonists.

Among the H4R antagonists reported in the literature
[9–12], the indole- (a) and benzimidazole-piperazine-
carboxamide (b) are compounds with good affinity as
well as they are the subject of new patents [9] (see Fig. 2).
Structure-activity relationships studies have shown that
the best substitution in the piperazine nitrogen is a methyl
group, and the benzimidazoles have a superior solubility in
comparison to the indoles derivatives [10]. The alkylation
of the indole nitrogen was shown to be unfavorable for the
ligand-receptor interaction [11], and substitution in the
aromatic ring conferred differences in the compounds’
affinity [12]. Regarding these findings, quantitative structure-
activity relationships (QSAR) studies were carried out to
provide more information related to the substitutions men-
tioned and their correlation with the changes in biological
response. The results may be helpful to understand the
molecular mechanism of the actions of indole and benzimid-
azole derivatives as potential H4R antagonists and to design
more active compounds as promising leads acting on that
subtype of histamine receptor.

Methods

Set of compounds and their biological activities

A set of 30 compounds, including indole- and benzimidazole-
piperazine-carboxamide derivatives, were selected from ref-
erence 12 (Table 1). The binding affinity (Ki) to the human

H4R were evaluated from displacement of [3H]-histamine
from the recombinant human H4R expressed in SK-N-MC
cells [12]. The Ki values were expressed in negative
logarithmic units, pKi (-logKi). The pKi values are given in
Table 1 and comprise the set of dependent variables in the
QSAR analysis. The range in activity found for the compounds
in Table 1 were between 3.37 and 5.40. The training set was
composed of 25 compounds whereas five compounds were
selected as an external validation set (test set), using
hierarchical cluster analysis (HCA) [13], and are marked
with an asterisk (*) in Table 1.

Molecular modeling and QSAR models

The three-dimensional models were built up in their neutral
forms using the HyperChem 7.51 software [14]. The
crystallized structures of the ligands 5-chloro-N-[2-(cyclo-
pentyl-(2-hydroxyethyl)amino)-2-hydroxy-ethyl]-1H-in-
dole-2-carboxamide and 1H-benzimidazole-2-carboxilic
acid were retrieved from PDB (entry codes 1XOI [15] and
1FQ4 [16]) and used as starting geometries to construct the
indole and benzimidazole derivatives, respectively. Each
3D-model was geometry-optimized using HyperChem 7.51
MM+force field without any restriction, followed by the
AM1 semiempirical method [17] and ab initio method
(Hartree-Fock/6-31G*), implemented at Gaussian 03W
[18]. Partial atomic charges (ESP) were calculated based
on CHELPG algorithm and the Hartree-Fock/6-31G*
theory level (Gaussian 03W) [18]. The resulting 3D
structures were used to calculate the independent variables
considered in this QSAR study. The programs employed to
generate the independent variables were: HyperChem 7.51
[14], Marvin Beans [19], and Gaussian 03W [18]. A total of
63 descriptors of distinct nature (structural, lipophilic,
electronic, topologic, steric, thermodynamic) were calculated,
such as: interatomic distance, bond and torsional angles,
calculated n-octanol/water partition coefficient (ClogP) [20,
21], calculated n-octanol/water distribution coefficient (logD)

Fig. 1 Chemical structure of histamine

Fig. 2 Histamine H4R
antagonists
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[20–22] in pH 1.5, 5.0, 7.4 and 8.0, molar refractivity
(MR) [20], polarizability (α) [23], van der Waals volume
(VvdW) [24] and molecular surface (SvdW) [24], heat of
formation (HF) [17], ionization constant (pKa) of nitrogen
atoms [25], isoelectric point (pI) [25], index of Platt [26],
Randič [27], Balaban [28] and Wiener [29], steric effect of
substituents [30], number of hydrogen-bond donor and
acceptor groups, energy of molecular orbitals (highest

occupied molecular orbital, HOMO, and lowest unoccu-
pied molecular orbital, LUMO) [18], dipole moment (total
and x, y, z) obtained by the Hartree-Fock method [18], and
partial atomic charges (ESP) [31], for example. A
preliminary systematic search of the most significant
independent variables was carried out based on their
distribution or variability against the biological data (visual
inspection) using scatter plots.

Table 1 Set of compounds selected and their binding affinities (Ki) [12]

Compound R4 R5 R6 R7 X Ki (nM)ª pKi

1 H H H H CH 17±1 4.77

2 Br H H H CH 32±2 4.50

3 H H Br H CH 147±23 3.83

4 H Br H H CH 8±1 5.10

5 (a) H Cl H H CH 4±1 5.40

6 H F H H CH 15±1 4.82

7* H CH3 H H CH 46±5 4.34

8 H CF3 H H CH 412±94 3.39

9* H OH H H CH 23±2 4.64

10 H NH2 H H CH 15±1 4.82

11 H H H Cl CH 19±1 4.72

12* H H H Br CH 61±5 4.21

13 H H H CH3 CH 7±1 5.16

14* H H H NH2 CH 8±1 5.10

15 Cl Cl H H CH 5±3 5.30

16 CH3 F H H CH 27±1 4.57

17 H F H F CH 14±1 4.85

18* H Cl H Cl CH 11±1 4.96

19 H CH3 H CH3 CH 31±1 4.51

20 H CH3 H Cl CH 33±3 4.48

21 H H H H N 35±9 4.46

22 CH3 H H H N 30±3 4.52

23 H NH2 H H N 244±44 3.61

24 H F H H N 19±7 4.72

25 H Cl H H N 26±8 4.59

26 H CF3 H H N 427±80 3.37

27 (b) CH3 F H H N 7±3 5.16

28 F F H H N 49±21 4.31

29 Cl H CH3 H N 23±6 4.64

30 Cl H Cl H N 136±74 3.87

ªKi is the geometric mean±SEM obtained from three or more independent determinations

*test set compounds
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The selected descriptors (26) were used to build QSAR
models employing partial least squares (PLS) regression
[32] and a genetic function approximation (GFA) algorithm
[33], which are fitting functions available in the WOLF 5.5
program [34]. GFA can build models using not only linear
polynomials but also higher-order polynomials, splines, and
other nonlinear functions [35]. In this study, the top eight
QSAR models were selected by the WOLF 5.5 program
[34]. Linear and second-degree polynomials were the
functions tested. The GFA optimizations started with 500
randomly generated models and the mutation probability
over the crossover optimization cycle set as 10%. A
number of genetic operations or crossovers of 50 000 to
100 000 were tested. The models are scored using
Friedman’s lack-of-fit (LOF) measure, which is a
penalized least-squares measure. The lower the LOF
value, thebetter the adjustment of the model obtained.
The smoothing factor or parameter (d), which is part of
the LOF definition, is the only parameter adjustable by the
user [34], and it alters the balance between the number of
independent variables (descriptors) in the models and the
reduction in LSE measure, besides it controls overfitting.
The default value of smoothing factor is 1.0. In this study,
smoothing factor values of 1.0 to 0.1 were tested for
generating the QSAR models.

Statistical measures of significance including the regres-
sion coefficient (r2), leave-one-out (LOO) cross-validation
coefficient (q2), least squares error (LSE), and LOF
measure, were calculated to test the robustness of the
models. The cross-correlation descriptor matrix was exam-
ined to eliminate trial QSARs in which pairs of descriptors
have cross-correlation coefficients greater than 0.5. Also,
the cross-correlation matrix of residuals of fit between pairs
of models was computed to determine if the top eight
QSAR models provide common or distinct information.
Pairs of models with highly correlated residuals of fit (R≈1)
are judged to be nearly the same model, while pairs of
models with poorly correlated residuals (R<0.5) are distinct
from one another.

In this study, the ligands of the training set whose
differences in observed and predicted activities exceeded
two standard deviation (SD) from the mean of a model
were considered as outliers.

Approaches to QSAR model validation, including y-
randomization or y-scrambling, robust internal validation
strategies such as multiple leave-N-out (LNO) cross-
validations, and external validation were applied in this
study whereas only validated QSAR models can offer a
meaningful mechanistic interpretation, especially in the
context of design or discovery of novel chemical agents
with desired properties [36–40].

The LNO procedure was carried out in triplicates and
repeated till ten compounds were left out from the training

set. Ideal expectation is high average q2. In other words, if a
QSAR model has a high average q2 in LNO validation, it
can be reasonably concluded that the obtained model is
robust [38].

The y-randomization test is a widely used technique to
ensure the robustness of a QSAR/QSPR model [36]. In
this test, the dependent-variable vector, y-vector, is
randomly shuffled and a new QSAR model is developed
using the original independent-variable matrix. The pro-
cess is repeated several times [37]. In the present study,
that procedure was performed in triplicates and repeated
ten times. It is expected that the resulting QSAR models
should generally have low r2 and low LOO q2 values.
Otherwise, if all QSAR models obtained in the y-
randomization test have relatively high r2 and LOO q2, it
implies that an acceptable QSAR model cannot be
obtained for the given data set by the current modeling
method, probably due to a chance correlation or structural
redundancy of the training set.

It is recommended [38] that the external test set must
contain at least five compounds, representing the whole
range of both descriptors and activity of compounds
included into the training set. In this study, the test set
contains just five compounds considering the total number
of compounds investigated (N=30). These five com-
pounds were not included in the building of the QSAR
models, but they were used to validate the best QSAR
model constructed from the training set and to evaluate its
prediction capacity. The predicted activity value (pKi calc)
of each ligand in the test set was calculated using the
equation of the best model by the substitution of the
descriptors’ values, which were selected as the most
relevant to the biological activity.

Results

The top eight models (N=25) selected by the WOLF 5.5
program, using a smoothing factor of 0.3; 10 %
probability of mutation for each crossover; and 100 000
genetic operations or crossovers, presented two functions
type (linear and quadratic or simply second-degree
polynomial terms). The r2 and q2 values ranged from
0.71 to 0.76, and from 0.52 to 0.60, respectively, whereas
the LOF and LSE values varied from 0.13 to 0.14, and from
0.07 to 0.08, respectively. The number of descriptors
changed from 4 to 5 and all generated models did not
present any outliers.

The cross-correlation matrix of residuals of fit between
pairs of models was computed and they were highly
correlated to one another (R=0.74 to 1.00) (Table 2). Thus,
the models were judged to be nearly the same model
meaning that there is a single unique model. Model 1
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(Eq. 1) was selected as the best model because it did not
have any outliers (see Table 3 and Fig. 3).

Model 1:

pKi ¼ 5:4572� 0:0002 HF� 12:963ð Þ2
� 0:0601 logD1:5 þ 5:758ð Þ2 þ 0:0191ðμx þ 3:639Þ2
� 0:3916 pI� 8:811ð Þ2 � 1:3107qC5

N ¼ 25; r2 ¼ 0:76; q2 ¼ 0:60; LOF ¼ 0:13; LSE ¼ 0:07;

outliers ¼ 0
ð1Þ

Where: HF is the heat or enthalpy of formation (thermo-
dynamic descriptor); logD1.5 is the calculated n-octanol/
water distribution coefficient in pH 1.5; μx is the dipole
moment at x coordinate; pIl is the isoeletric point; and qC5
is the ESP partial atomic charge of the carbon bound to the
R5 substituent.

The predicted and observed activities found for the
training set (N=25) considering model 1 are plotted in
Fig. 3. As already mentioned, all ligands have their activity
well predicted by model 1 (no outliers). The obtained
model was validated using the LNO and y-randomization
tests. Table 4 presents the obtained q2LNO values when up to
ten compounds from the training set were left out (n is the

number of objects excluded in the internal validation
process which varied from 2 to 10). Table 5 shows the
resulting LOO q2 and r2 values when the y-vector was
randomly shuffled ten times and new ten QSAR models
were developed for the same data set, using the original
independent-variable matrix and the same conditions
employed in the building of the selected best QSAR model
(model 1; Table 6).

The external validation of the model was carried out
using five compounds (* marked in Table 1) that were not
used to build up the model. The pKi of four compounds
were well predicted by the model, providing a predictability
of 80% to the model.

Discussion

The compounds reported by Venable et al. [12] have a well-
defined aromatic nucleus (indole or benzimidazole ring)

Table 2 Correlation matrix of residuals of fit between pairs of models
found for the top eight models

Model 1 2 3 4 5 6 7 8

1 1.00 0.98 0.79 0.78 0.78 0.78 0.78 0.78

2 1.00 0.75 0.78 0.78 0.77 0.74 0.74

3 1.00 0.97 0.96 0.97 0.99 0.99

4 1.00 1.00 0.99 0.98 0.96

5 1.00 0.99 0.97 0.95

6 1.00 0.97 0.97

7 1.00 0.98

8 1.00

Table 3 Top eight models and their statistical measures, number of
descriptors and number of outliers

Model r2 q2 LSE LOF No descriptors Outliers

1 0.76 0.60 0.07 0.13 5 0

2 0.76 0.59 0.07 0.13 5 0

3 0.72 0.56 0.08 0.13 4 0

4 0.71 0.54 0.08 0.13 4 0

5 0.71 0.54 0.09 0.14 4 0

6 0.71 0.54 0.09 0.14 4 0

7 0.71 0.52 0.09 0.14 4 0

8 0.71 0.55 0.09 0.14 4 0

Fig. 3 Predicted or calculated (pKi predicted) and observed or
experimental (pKi observed) activity values found for the training set
(N=25), considering model 1

Table 4 Internal validation LNO procedure results for the selected
best model (model 1; N=25)

n q2LNOð1Þ q2LNOð2Þ q2LNOð3Þ

2 0.50 0.57 0.47

3 0.53 0.53 0.46

4 0.48 0.62 0.56

5 0.55 0.43 0.63

6 0.56 0.45 0.48

7 0.56 0.66 0.59

8 0.48 0.45 0.51

9 0.49 0.57 0.55

10 0.48 0.30 0.51
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substituted in various positions as well as a piperazine-
carboxamide portion as a side chain. In a previous work
[10], it was shown that the best piperazine nitrogen
substitution is a methyl group, and a longer alkyl chain is
detrimental to the biological activity of these compounds.
Also, the carbonyl group seems to be essential to the
activity, but substitution in vicinal position of amine
piperazine ring is not favorable to the receptor affinity
[10]. Substitutions on aromatic nucleus afforded com-
pounds that change their receptor affinity, and halogen
R5-substituents increase potency, mainly associated to any
other substitution. Otherwise, substitution in R7 position
provides an increase of potency, but this effect is less
intense [12]. Even though these findings were relevant to
the understanding of H4R antagonists’ interactions, there
are not quantitative structure-activity relationships estab-
lished yet. In this study, a QSAR model was obtained,
which estimates the contributions of the substitutions
mentioned.

Model 1 has only one linear function (qC5) correlated to
the pKi values. Regarding the quadratic or second-degree
polynomial and linear functions, the higher the value of the
sum or the difference of the terms between parentheses, the
more significant (favorable or unfavorable) the contribution
to the biological activity. A brief discussion considering the
descriptors in model 1 is made below.

HF is an important independent variable, which is defined
as the enthalpy gained in forming a molecule from its
constituent atoms. It represents the chemical stability and
reactivity of a compound [41]. Here, this descriptor is
probably related to the conformational arrangement and
thermodynamic stability. In model 1, HF is a quadratic term,
which indicates that there is possibly an optimal value between
40 and 50 kcal mol-1 for a maximum receptor affinity.

The logD value is correlated directly to the molecule
ionization, and thereby to the diffusion through biological
membranes [21]. In model 1, the calculated logD value in
acidic pH (1.5) is present. Anti-H4 compounds act as anti-
inflamatory agents, and the environment under inflamma-

tory conditions is always acidic. Then, the logD property in
acidic pH could be related to the compounds’ diffusion in
the inflammatory tissue and/or cells. The logD1.5 is also a
quadratic term, and to reach the best biological activity its
value should be in the range -3.0 to -2.0. However, it is
possible that to have a good biological activity, the
compounds must have a limited penetration in the tissue
and act on the cell surface, presenting the piperazine amine
group positively charged in acidic pH, whereas for
interacting with the receptor might be in the neutral form.
The balance between these partition-electronic features
must be observed.

Dipole moment indicates the polarity of a molecule,
which is related to the electronegativity of the molecule’s
atoms and depends on the charge distribution. Dipole
moment in the x-axis or coordinate (μx) indicates the
tendency of charge distribution at the molecule’s x-axis
direction. Optimum value of μx to achieve maximum
activity is about 2.0 Debye.

The isoelectric point (pI) corresponds to the defined pH
in which a molecule has no net electric charge [42]. It is
correlated to the charge of certain atoms or groups and can
be directly associated to the receptor affinity and binding.
The pI of compounds with high pKi values is approximately
9.0. The investigated compounds have three nitrogen atoms
(aromatic, amide and amine). The aromatic and amine
nitrogen atoms are under influence of the ring substituents
due to the resonance effect, changing the ionization degree
(pKa) of those nitrogen atoms and, consequently, the pI of
the respective compound.

The role of the X group in aromatic nucleus does not
seem to be determinant to the binding affinity. The
compounds investigated present CH or N as X group,
which are considered as bioisosteres. Regarding Table 1, in
some cases, indole (X=CH) and benzimidazole (X=N)
series are very similar in their binding affinities, but they
also have some remarkable differences. For example,
compounds 8 and 26 have almost the same pKi value
(3.39 and 3.37, respectively), but compounds 10 and 23 are
completely different regarding its activity (pKi 4.82 and
3.61). Therefore, X group does not directly affect the pKi,
but it can affect the aromatic nucleus characteristics which

Randomization q2LOO r2

1 -0.17 0.19

2 -0.28 0.14

3 -0.83 0.06

4 -0.38 0.28

5 -0.33 0.08

6 -0.38 0.08

7 -0.53 0.06

8 -0.12 0.24

9 -0.39 0.11

10 -0.39 0.19

Table 5 Values of LOO q2 and
r2 found for the ten QSAR
models generated with the same
data set (N=25) employing the
y-randomization technique

Table 6 External validation (test set; N=5) of model 1

Compound pKi observed pKi predicted Residuals

7 4.34 4.35 -0.01

9 4.64 4.52 0.12

12 4.21 4.41 -0.20

14 5.10 5.34 -0.24

18 4.96 5.37 -0.41
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led to changes in molecular properties. Considering model
1, the indole derivatives have higher pI values (9.53 found
for compound 8), while benzimidazole derivatives present
pI values of approximately 7 (7.70 found for compound
26). As pI has influence on biological activity, then indole
derivatives seem to be more active than benzimidazoles.

As already mentioned, model 1 shows that the ESP
partial charge [31] in the carbon bound to the R5
substituent (qC5) is the only descriptor that is linearly
correlated to the biological activity, having an inverse
influence or unfavorable contribution. Then, more positive
values found for the ESP partial charge distribution on that
moiety of the molecules leads to lower pKi values. The
most active compounds must present higher electronic
density on that region (C5), as can be seen in the color
maps of electrostatic potential (MEPs) for compounds 5
(the most active indole derivative) and 8 (less active),
respectively (Fig. 4). Considering these findings, the
receptor probably has in the binding site an amino acid
residue positively charged complementary to the C5 region.
Thus, the substitution in R5 plays an important role in the
biological activity of this set of compounds, as already
observed by Venable et al. [12].

It can be observed that substitutions in R5 attribute
relevant characteristics to the compounds particularly when
the substituent group is halogen without any other
substitutions (compounds 4, 5, 6, 24 and 25). Other kinds
of substituent groups in the same position even having
similar electronic features appear to be detrimental to the
binding affinity (compounds 8 and 26). However qC5
seems to be determinant to the activity, there is probably
another effect (maybe the volume) that changes the affinity
and is also related to the R5 substituent.

The internal validation LMO procedure (internal predic-
tion power) and y-randomization technique (check for
chance of correlations) were carried out to verify the
robustness of model. Good QSAR models must have
q2LNO values closest to the LOO q2 value of the selected
best model. Furthermore, the q2LNO values must be closest to
the average, < q2LNO >, and the oscillation range accepted
is 0.1. All q2LNO values (Table 4) are closest to the LOO q2

value (0.60). Also, the q2LNO values oscillated from 0.00 to

0.08 in comparison to the average value ð< q2LNO >¼ 0:52Þ,
indicating a good internal predictability.

If in the application of a simple y-randomization test
many models present acceptable values of LOO q2 for the
same data set, there is no real structure-activity relationship
and, consequently, any interpretation of those QSAR
models built in this fashion is spurious. All QSAR models
obtained in the y-randomization test have low LOO q2 and
r2 values (Table 5), it implies that an acceptable QSAR
model can be obtained for the given data set by the current
modeling method, which is model 1.

To ascertain the external predictive power of model 1
based on screening a test set of compounds (* marked in
Table 1), the pKi value of each of the test set ligands was
calculated using Eq. 1, as described in External validation. Four
of the five ligands of the test set had residuals whose absolute
values were less than or equal to the standard deviation value
from the mean of the model (SD=0.2) (Table 2). This finding
indicates that model 1 has a capacity of prediction of 80 %,
which is a good external predictive power.

Compound 18 was not well predicted by model 1
probably due to its electronic and partition properties. The
μx and logD1.5 values (3.85 Debyes and -1.93, respectively)
were quite distinct in comparison to those found for the
compounds 7, 9, 12, and 14. Electronic and partition
properties are involved in the ligand-receptor binding
process and, consequently, are crucial to trigger the
desirable biological response.

Conclusions

Considering the conditions adopted in this study, the QSAR
model is robust (LNO and y-randomization validation
techniques) and has a good internal and external predict-
ability. The electronic and partition features are among the
molecular properties that might be considered for designing
new potential histaminergic H4R. The electronic effect of
the substituents in arene moiety, mainly in R5 position
(particularly halogen), plays an important role in the
receptor affinity. Also, the X position shows important
influence in binding affinity, and affects the pI values.

Fig. 4 Maps of electrostatic
potential (MEPs) calculated
for compounds 5 and 8, respec-
tively (Gaussian 03W). The
electronic density around C5 is
higher in 5 than in 8
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These findings are quite useful to the rational drug design
of novel potential H4R ligands with antagonistic properties.
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