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Abstract 
The aim of this study is to enhance the predictivity power of CoMFA and 
CoMSIA models by means of different variable selection algorithms. The 
genetic algorithm (GA), successive projection algorithm (SPA), stepwise 
multiple linear regression (SW-MLR), and the enhanced replacement method 
(ERM) were used and tested as variable selection algorithms. Then, the 
selected variables were used to generate a simple and predictive model by the 
multilinear regression algorithm. A set of 74 histamine H3 antagonists were split 
into 40 compounds as a training set, and 17 compounds as a test set, by the 
Kennard-Stone algorithm. Before splitting the data, 17 compounds were 
randomly selected from the pool of the whole data set as an evaluation set 
without any supervision, pretreatment, or visual inspection. Among applied 
variable selection algorithms, ERM had noticeable improvement on the 
statistical parameters. The r2 values of training, test, and evaluation sets for the 
ERM-MLR model using CoMFA fields were 0.9560, 0.8630, and 0.8460 and 
using the CoMSIA fields were 0.9800, 0.8521, and 0.9080, respectively. In this 
study, the principles of organization for economic cooperation and development 
(OECD) for regulatory acceptability of QSARs are considered. 
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Introduction 
One of the most frequently used QSAR techniques is the comparative molecular field 
analysis (CoMFA) [1–5]. The CoMFA method was developed to take into account the 
effect of steric and electrostatic interactions, which are involved in blocking a molecule 
from its receptor. In CoMFA, each molecule is located within grid-spacing through a grid-
box dimension, and a probe calculates the energy fields between it and other aligned 
molecules. In this method, we assume that the whole molecule interacts with the receptor 
in all directions and the energy fields are then calculated for all of the grids. As a result, 
thousands of interactions participate in the model. These variables consist of two types: 
some of them have a correlation with biological activity and the others are noisy variables, 
which are poorly informative and irrelevant to the biological activities [5]. However, we 
know from the results of X-ray crystallography of a protein-ligand complex that only some 
parts of the molecule interact with the receptor [6, 7]. 

In the literature, there are some solutions to address this problem. First, series are 
methods that try to improve the quality of CoMFA models by discriminating between 
informative and meaningless variables. The genetic algorithm and GOLPE are two 
variable selection algorithms that have been used previously to extract meaningful 
variables from the large pool of calculated interactions [8, 9]. It is also possible to select a 
cluster of variables, rather than a single variable, by a smart region definition (SRD) 
procedure, which is as advanced as the GOLPE algorithm [10]. The prediction-weighted 
partial least-squares regression algorithm (PWPLS) selects predictor variables and weight 
them to create a model that is more robust than the CoMFA model [11]. CoMFA region 
focusing (CoMFA-RF) is another similar attempt to weight the lattice points in a CoMFA 
region to enhance or attenuate the contribution of these points to the PLS model [12]. In 
contrast to the first series, there are some methods such as Compass [13], SURFCOMP 
[14], or CoMSA [15] AFMoC [16] that try to generate variables that are more effective and 
reduce non-predictive variables. One of the differences between CoMFA and these 
methods is that they try to sample CoMFA-like fields on the molecular surface or near such 
a surface. Therefore, the amount of noisy variables decreases. In addition, there are some 
methods which use receptor information to avoid generation of non-informative variables.  

CoMSIA (comparative molecular similarity indices analysis), is developed based on 
similarity indices. Unlike CoMFA, CoMSIA applies a Gaussian-type distance-dependent 
function to calculate steric, electrostatic, hydrophobic, and hydrogen bonding donor and 
acceptor fields [17, 18]. Like CoMFA, CoMSIA uses an atomic probe at regularly spaced 
grid points around the aligned molecules. Then, the probe experiences a large number of 
noisy and parametric interactions. On the other hand, it has been proven that variable 
selection and outlier detection are related. Then the molecules that are chosen as outliers 
by a set of descriptors may be within the model when described by a different set of 
descriptors, and also the regression model will be distorted toward the outliers. In addition, 
as the number of descriptors increases, the risk of chance correlation may increase 
19, 20]. An intelligence variable selection with true judgment between informative and 
noisy variables could generate an ideal model, which is predictive, robust, and has no 
molecule labeled as an outlier with it. In this study, GA, SPA, SW-MLR, and ERM were 
applied on the CoMFA and CoMSIA fields. Then the selected variables were modeled by 
the MLR algorithm to generate a simple and predictive model. The performance of the 
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different CoMFA and CoMSIA models were evaluated by modeling a data set of histamine 
H3 antagonists. 

Histamine is a biogenic amine neurotransmitter, which interacts with four types of G 
protein-coupled receptors (GPCR)s i.e. H1, H2, H3, and H4 [21]. The GPCRs contain three 
common parts: seven α-helices that span the cell membrane, an extracellular N-terminus 
part and a cytoplasmic C-terminus part with variable length. The third and fifth 
transmembrane (TM) regions of receptors are involved in ligand-drug interactions, while 
the third intracellular loop is responsible for a signaling pathway connection [22, 23]. The 
Histamine H3 receptor (HH3R) was initially identified on a pharmacological basis by Arrang 
et al in 1983 [24]. In 1999, Lovenberg et al cloned this receptor (GPCR97, Uniport ID: 
Q9Y5N1). GPCR97 has (31%) homology with the a2-adrenergic and muscarinic 
M1receptors, whereas 22% and 21.4% are homologous with the H1 and H2 receptors, 
respectively. The sequence of GPCR97 has a 445-amino acid coding region with a notable 
aspartic acid residue in transmembrane region 3, which is a putative binding site for the 
interaction of receptors with primary amines [25]. 

The new generations of HH3R antagonists are non-imidazole based. They contain at least 
one basic amine, either a piperidine or pyrolidine, which is connected by an alkyl linkage to 
an aromatic ring. However, antagonists with a second basic site show significantly better 
activity, such as the ligands in this study [26]. The interaction of the negatively charged 
carboxylic group of Asp114 on the third helix of the HHR3 and a protonated amine group 
of an antagonist, is the common point in all of the docking results of HHR3 antagonists by 
different homology modelling [27–31]. 

HHR3 antagonists act on both the histaminergic and non-histaminergic neurons. On the 
histaminergic neurons, they regulate the release of histamine and its synthesis and on the 
non-histaminergic neurons, they presynaptically inhibit the release of a number of other 
neurotransmitters such as dopamine [32], GABA [33], acetylcholine [34], noradrenaline 
[35], and serotonin [36]. The H3 receptor antagonists are involved in cognition, sensory 
gating, food intake, sleep, the waking state, and pain perception. Thus, this could be a 
potential target for the treatment of numerous diseases, disorders affecting cognition (e.g., 
attention deficit and hyperactivity disorder [ADHD], Alzheimer’s disease, and 
schizophrenia), sleep (e.g., hypersomnia and narcolepsy), and energy homeostasis (e.g., 
obesity), myocardial ischaemia, migraine, and inflammatory diseases [37–40]. 

Results and Discussion 
Comparison and validation of the models (Goodness-of-fit, robustness, predictivity) 
The CoMFA model which was built by PLS in SYBYL showed very poor statistical 
parameters (e.g. q2~0.1). In addition, its results were sensitive to the orientation and 
placement of the compounds in the box. Therefore, the all-orientation search (AOS) and 
the all-placement search (APS) strategies [41] applied on the aligned compounds to 
improve the q2 value. Using the AOS algorithm, all of the possible samplings of the 
molecular field are tested by systematically rotating and translating the molecular 
aggregate within the grid, and subsequently the one with the highest q2 value can be 
picked out. The AOS algorithm was run in 30, 10, 5, 1, and even 0.1º intervals (Fig. 1), in 
such a way that the result of each AOS run was fed to the next run. In APS, aligned 
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molecules moved in the box in all three dimensions of space and the best placement was 
selected according to the highest q2. The best APS results did not represent significant 
changes in the q2 value by 1.00, 0.50, 0.10, and 0.05 Å movements of the aligned 
compounds. 

One of the most important aspects of a QSAR model is its predictivity. It is so important 
that the OECD member countries adopted it as a separate and critical principle for an ideal 
model [42]. Tropsha et al have emphasized that having such a high value for goodness-of-
fit and cross-validated correlation coefficient r2 (q2) is insufficient for judging about the 
predictivity power of a model. Although a high q2 value is vital, it cannot guarantee the 
predictivity power of a model [43, 44]. Therefore, an external test set is necessary. An 
ideal QSAR model must also have accurate predictivity on the external set [45]. Therefore, 
we selected 17 of 74 compounds in a fully blind sampling for the independent or evaluation 
set and the remaining 57 compounds were divided into 40 compounds as the training set, 
and 17 compounds as the test set by the Kennard-Stone algorithm [46]. The Kennard-
Stone algorithm tries to guarantee uniform selection of objects for the training and test 
sets. The r2 and q2 values of the CoMFA model on the AOS-aligned compounds were 
0.9780 and 0.6040, respectively (Table 1). The CoMFA-RF algorithm improved the q2 
value to 0.6530 by weighting CoMFA fields. Although it improved the statistical parameters 
of the CoMFA model to some extent, satisfactory results were still not obtained. Hence, 
the raw fields were extracted from SYBYL. The zero columns were removed. Then 
different variable selection algorithms were applied to the rest of 3331 CoMFA fields to 
filter out the noisy variables. Variable selectors have more of a tendency to sterically clash 
with CoMFA fields than electrostatic ones, because of their variance contribution. Then 
CoMFA standard scaling was applied to the CoMFA fields to avoid swamping the 
electrostatic fields with steric ones. This is a block-scaling and in the case of CoMFA and 
CoMSIA fields, this is the best one. 

 
Fig. 1.  The aligned compounds based on the most active compound (51) in the 

orientation achieved by AOS 
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Fig. 2.  Predicted versus experimental bioactivities for (a) CoMFA model, (b) ERM-MLR 
model based on the CoMFA fields, (c) CoMSIA model and (d) ERM-MLR model 
based on the CoMSIA fields; The molecules in the training, test set, and 
Evaluation sets are presented in stars, triangles, and circles respectively. The 
dotted lines indicate the ±2S margins 

Tab. 1.  Statistical parameters for comparing of different models constructed by CoMFA 
fields 

 

The PLS algorithm performs regression on the latent variables which do not have physical 
meanings, but the MLR algorithm is simpler and more interpretative than the PLS 

Parameter Traditional 
CoMFA 

Region 
Focusing 
CoMFA 

SPA-MLR GA-MLR SW-MLR ERM-MLR 

Da 6 6 13 21 15 16 
r2 Training set 0.9780 0.9740 0.8610 0.8620 0.9059 0.9560 
r2 LOO-CV 0.6040 0.6530 0.6770 0.3660 0.6071 0.8810 
r2 LMO-CV (10group) 0.5470 0.5920 0.6612 0.3630 0.5670 0.8700 
r2 Test set 0.4431 0.4470 0.3740 0.1177 0.7527 0.8630 
r2 Evaluation set 0.3471 0.4420 0.4590 0.4020 0.6547 0.8460 
RMSEP 0.5378 0.5524 0.5715 0.7351 0.3324 0.2258 
(r0

2−r2) / r2  −1.241 −0.002 −0.267 −1.086 −0.008 0.000 
(r2−r'02) / r2 0.536 1.313 0.585 9.803 0.215 0.028 
r0

2−r'02 0.67 0.59 0.12 1.02 0.16 0.02 
k 1.04 0.96 0.96 0.94 1.08 0.99 
k' 0.96 1.04 0.16 1.06 0.70 1.01 
Predictive No No No No Yes Yes 
a No. of latent variables or fields. 
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algorithm. However, due to the collinearity between the CoMFA or CoMSIA fields, MLR 
disables to generate a successful model especially from a huge amount of variables. Then 
using a variable selector to extract informative variables with multiple linear regression for 
building a simple and easy to interpret model, will be useful. Among the variable selectors, 
which were applied on the extracted CoMFA fields, the results of SW-MLR were 
significantly better than SPA and GA, and the results of the SPA algorithm were better 
than GA to some extent (Table 1). In spite of improving the predictivity power of the 
models by these variable selectors, they could not give acceptable predictivity power 
according to following measures: 

r2 CV > 0.5 
r2 Pred > 0.6  
(r0

2−r2)/r2 < 0.1 and 0.85 < k < 1.15 or (r2−r'02)/r2 < 0.1 and 0.85 < k'< 1.15 

r0
2−r'02< 0.3 

The ro
2 and r'o2 are the correlation coefficients of predicted versus observed activities for 

regressions through the origin and vice versa. The k and k´ values are their corresponding 
slopes, respectively [43]. 

The SW-MLR model does not meet all the above measures because the k´ value for this 
model is smaller than 0.85. However, the statistical parameters for this model, especially 
its r2 value for the evaluation set, are acceptable. This model with 15 variables had an r2 
value of 0.9059, a q2 value greater than 0.5 (0.6071), and a fair r2 value of 0.7527 for the 
test set. Therefore, we considered this model as a predictivity model (Table 1). The ERM 
algorithm donates such a priority to the subsequent MLR model, which distinguishes it 
from the other models. The goodness-of-fit value (0.9560) for this model with 16 variables 
is as high as this value for traditional CoMFA or CoMFA-RF models, which have the 
advantage of the PLS algorithm. In addition, the high q2 values of leave-one-out (LOO) 
and leave-many-out (LMO) cross validation (10 groups) for this model (i.e. 0.8810 and 
0.8700, respectively) emphasize that this model is very close to an ideal predictive 3D 
QSAR model. The considerable improvement of about 0.4 and 0.5 units, respectively, in 
the r2 values of the test and evaluation sets over the traditional CoMFA model were 
obtained for the ERM-MLR model. In addition, ERM-MLR passes all of the predictivity 
measures successfully (Table 1). Figure 2(a) and (b) show predicted versus experimental 
biological activities for the traditional CoMFA and ERM-MLR model based on the CoMFA 
fields. For the traditional CoMFA model, some of the predicted y values show a clear bias 
from the experimental ones, and two objects detect as outliers because their predictions 
are located beyond the ±2S boundary lines. However, in Fig. 2b all predicted y values are 
located within ±2S boundary lines. Then in the ERM-MLR model, no molecule is labeled 
as an outlier. These results, besides the low RMSEP value (0.2258) for the ERM-MLR 
model, show that among all variable selector algorithms, ERM is the most effective 
algorithm and acts as a semi-full search tool. Figure 3 shows that with 16 variables, the 
built MLR model, besides simplicity, has remarkable statistical parameters and the r2 
values for the training, test, and evaluation sets are the highest. The generated ERM-MLR 
model is a combination of the selected CoMFA fields:  
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Biological activity = 0.2993S876 + 0.4488S521 + 0.9246S142 − 0.3553S1067 − 0.2996E1087 + 
0.3724E2727 + 1.3755S986 − 0.5288S1087 − 0.9670E2836 + 0.3130S842 − 0.5613S670 + 
4.2289E2389 − 3.5361S1221 − 0.3647S1130 − 1.0753E2849 − 1.2007S795 
Thirteen of the sixteen selected fields are steric and the rest of them are electrostatic, i.e. 
the contribution of steric fields is more than that of electrostatic ones (Figure 4a). In the 
MLR algorithm, coefficients of the fields and their signs appear in the equation. As a result, 
their results are easier to interpret than those of the PLS algorithm. However, the nature of 
the CoMFA fields is energy and they are calculated by the summation of steric and 
electrostatic interactions over the whole of the compound. Hence, calculation of energy in 
different grids may result in identical or similar values. In addition, information from atoms 
and molecular features are convoluted in fields. Therefore, in practice the interpretation 
and suggestion of functional groups for various positions on a given scaffold or 
reconstructed molecule from fields is difficult. Figure 4a illustrated the ERM-selected steric 
and electrostatic CoMFA fields. These points are to a great extent in agreement with 
CoMFA (not shown here for simplicity) or CoMFA-RF contour maps (Fig.5). By this 
similarity, we can say that the interpretation of these fields is very similar and/or the same 
with what we can say for that of CoMFA-RF. 

 
Fig. 3.  Using 16 CoMFA fields result in simultaneously maximization on the ERM-MLR 

model features (the r2 values of the training, LOO-CV, test, and evaluation sets) 

Figure 5 shows the contours of CoMFA-RF for the steric and electrostatic maps. Greater 
values of bioactivity correlate with more bulk near green; less bulk near yellow; more 
positive charge near blue and more negative charge near red. The contour map of the 
steric fields has two separate parts: a green part near the backbone and a yellow part far 
from it. By replacing each compound with another in the space of contours, we can see 
that the chain substitute, or five and six-membered monocycle substitutes, usually oriented 
toward the green contours and most of the fused or bridged bicycle substitutes directed 
toward the yellow areas. The green contour near the backbone indicates that more bulky 
groups are favorable. It explains why the activity of compound 22 (pIC50=9.25) with two 
methyl groups is higher than that of 23 (pIC50= 8.74) with a bromide branch. The same 
reason is acceptable for higher activity of 21 (pIC50=9.72) compared to 22 (pIC50=9.25) or 
33 (pIC50=8.60) rather than 32 (pIC50=8.29), which in these pairs a smaller oxygen atom 
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was replaced by a more bulky sulfur atom. The bi-cyclic fused substitute in 78 (pIC50=8.44) 
is located near the green contour, therefore replacing it with a bulky three-cycle substitute 
in 79 (pIC50=9.00) which has increased the activity. The COOEt group in compound 24 
increases the activity (pIC50=8.15) but this group decreases the activity in compound 25 
(pIC50=7.46); this shows that the attachment position of a substitute to the backbone is 
also important, because it results in a different direction of a substitute toward the yellow or 
green contours. In compound 24, the bulky COOEt substitute oriented toward the green 
contours, but in 25 oriented toward the yellow contours. The bulkiness of substitutes along 
the yellow contours causes unfavorable effects on the pIC50 values. This is due to the fact 
that the activity in compound 36 is less than 35 (or 43 < 44, 64 < 63, 69 < 67 < 68). More 
examples can be found in the data set. It must be noted that, since Figure 5 illustrates the 
contour maps that were achieved from all of the compounds, then some cases can be 
found that have incomplete adaptation to the contour maps.  

  

Fig. 4.  The selected fields by ERM algorithm. a) The selected CoMFA steric (favored 
green points and unfavored yellow points) and electrostatic fields (favored blue 
points and unfavored red point); b) The selected CoMSIA steric (favored green 
points and unfavored yellow points), electrostatic (favored blue points), 
hydrogen-bond acceptor (favored magenta points and unfavored orange points) 
and hydrogen-bond donor (unfavored white point) 

  

Fig. 5.  Contour maps of CoMFA-RF based on compound 51: (a) steric, (b) electrostatic 
fields. (Contours for traditional CoMSIA model not shown here) 



 Improvement of the Prediction Power of the CoMFA and CoMSIA Models on Histamine H3 … 555 

Sci Pharm. 2012; 80: 547–566 

The electrostatic contours of compounds also have two parts. The first part consists of 
blue contours that are enclosed or are near to the quinoline ring and the second part 
consists of red contour maps far from the backbone (Fig. 5b). The electronegative groups 
that oriented toward the red region increase the activity. Therefore compound 14, which 
has a CN group near the red contour, has higher activity (pIC50=9.16) than compound 15 
(pIC50=8.13), in the same way 35 > 34 and 43 > 42. Again, the attachment-position of a 
substitute to a compound is important because different attachment-positions change the 
orientation of the attached group toward the red or blue contours. In such a way, 
compound 31 has a higher pIC50 (9.08) than compound 32 (8.29), because two nitrogen 
atoms in compound 31 oriented toward the red region, but the oxygen atom in compound 
32 oriented toward the blue contour, which by even rotating around the sp3 band, its 
orientation does not differ. Compound 45 has the lowest pIC50 value in the set, because its 
three electronegative fluorine atoms and the oxygen atom of the OH branch directed 
toward the blue contours. In general, bulky and electropositive groups near the backbone, 
and small and electronegative groups far from the backbone are favorable in increasing 
bioactivity. 

Tab. 2.  Statistical parameters for comparing of different models constructed by CoMSIA 
fields 

Parameter Traditional 
CoMSIA SPA-MLR GA-MLR SW-MLR ERM-MLR 

Da 6 9 14 14 17 
r2 Training set 0.9360 0.6930 0.5820 0.8789 0.9800 
r2 LOO-CV 0.3440 0.2737 0.2850 0.5900 0.8970 
r2 LMO-CV (10group) 0.2920 0.2832 0.2850 0.6341 0.8930 
r2 Test set 0.5350 0.2043 0.1360 0.7218 0.8521 
r2 Evaluation set 0.3920 0.5834 0.0540 0.6884 0.9080 
RMSEP 0.5587 0.5814 0.6682 0.4035 0.2276 
(r0

2−r2) / r2  0.004 0.078 1.593 0.004 0.002 
(r2−r'02) / r2 0.579 8.010 5.000 0.089 0.014 
r0

2−r'02 0.31 1.62 0.46 0.06 0.01 
k 0.95 0.96 0.96 0.97 0.99 
k' 1.05 −1.43 1.04 1.03 0.84 
Predictive No No No Yes Yes 
a No. of latent variables or fields. 

 

Table 2 contains the statistical parameters for the traditional CoMSIA and the other 
models, which benefit variable selections before using MLR. CoMSIA analysis was 
performed by six components at a column filtering of 1 kcal/mol and grid spacing of 2 Å. 
To select the optimal CoMSIA results, different combinations of CoMSIA fields were tested 
(Fig. 6). The combination of steric (S), electrostatic (E), hydrogen bond donor (D), and 
acceptor (A) fields generated the highest q2 (0.3440) and a non-cross-validated r2 of 
0.9360. Because of these poor statistical results, the CoMSIA fields (SEDA) were 
extracted from SYBYL. Then zero variables were removed. Block (CoMFA) scaling applied 
to the rest of the 3478 variables. Finally, different stochastic and systematic variable 
selectors were applied to them. The selected variables were used in different MLR models. 
Among these variable selectors, GA and SPA did not have satisfactory results. The r2 
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values of the training, test, and evaluation sets for the stepwise algorithm were 0.8789, 
0.7218, and 0.6884, respectively. These results, besides a q2 value greater than 0.5 units 
(0.5900), show that the stepwise algorithm is effective on the quality of the MLR model. 
Although, these results were statistically acceptable; however, the results of the ERM-MLR 
model were excellent and dramatically better than those of other models. ERM selected 
six steric, three electrostatic, one hydrogen bond donor, and seven acceptor fields. The 
combination of these fields in MLR algorithm results in: 

Biological activity = −0.0523 A3366 − 2.5960 A2541 + 0.4903S762 + 0.2354A2978 − 0.2096A3089 
− 0.2765D2232 − 1.5016S428 − 0.4413A2952 − 0.4516S523 + 4.4938S104 + 0.8839E1649 − 
2.0127A2822 + 0.2209E2067 + 0.2052E1997 + 3.1509S555 + 0.1573A3203 − 0.5170S 914 

The r2 values of the training, test, and evaluation sets and the q2 value of LOO-CV for this 
model were 0.9800, 0.8521, 0.9080, and 0.8970, respectively. Then the ERM-MLR model 
has a 0.3-unit increase in the q2 value over the traditional CoMSIA model. Here an 
effective variable selector improved a non-predictive model (traditional CoMSIA) to a 
predictive one (Table 2). In addition, ERM is a powerful variable selector by participating 
with the informative variables in the model, which are highly correlated by y, causing all of 
the molecules to fall in the model space. Hence, the ERM-MLR model does not label any 
molecule as an outlier, and decreases dispersion in the predicted values (Fig. 2(c) in 
comparison with 2(d)). Figure 4 (b) is a visualization of the selected CoMSIA variables. 
Greater values of bioactivity are correlated with more bulk near green points and less bulk 
near yellow points. Magenta colored points indicate points where hydrogen-bond acceptor 
groups increase activity; orange points represent the orientation that inserting hydrogen-
bond acceptor groups decreases activity. The blue and red points show the locations 
where electropositive and electronegative groups are favored and unfavored, respectively. 
The greater contribution of the orange-magenta points (0.41% of total selected fields that 
selected by ERM) and the green-yellow points (35%) compared to the blue points, show 
that steric and hydrogen bond acceptor fields are more important in the model than 
electrostatic fields (18%). Since using 17 CoMSIA fields results in simultaneously 
increasing the r2 values of the training set, LOO-CV, test, and evaluation sets, then these 
number of fields were regarded as the optimum number of variables, which must 
participate in model building (Fig. 7). 

 
Fig. 6.  The distribution of q2 values that were obtained from 31 different combinations 

of CoMSIA fields 
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Fig. 7.  Using 17 CoMSIA fields result in simultaneously maximization on the ERM-MLR 

model features (the r2 values of the training, LOO-CV, test, and evaluation sets) 

The Applicability Domain (AD) 
The domain of applicability is a space that is generated by the descriptors of the training 
set and corresponding biological values. If the predicted biological activity for a compound 
falls within this domain, it is not extrapolated by the model and then is reliable [47]. A 
William plot is a useful tool for the simultaneous investigation of AD and outlier detection. It 
is a visualization of predictivity (standardized cross-validated residuals) versus reliability 
(leverages). In this plot, moving from the origin toward the x direction will increase the 
unreliability of the predicted values, and moving toward the y direction will decrease the 
predictivity of the model (Fig. 8). These figures show that the selected variables were so 
successful that no molecule labeled as an outlier in the ERM-MLR models were based on 
the CoMFA and CoMSIA fields. 

  

Fig. 8.  The domain of Applicability of ERM-MLR on the CoMFA fields (a) and the 
CoMSIA fields (b). The vertical lines indicate warning leverage 

Progressive scrambling analysis (PSA) 
Progressive scrambling analysis is a test for investigating the robustness of a QSAR 
model and its sensitivity to chance correlations. In a large data set, some members may 
be twins together. Then in leave-one-out cross validation, a near twin of each left-out 
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compound may remain in the training set. Hence, LOO-CV is not a good criterion for the 
robustness of a model. In addition, instead of shuffling the responses through the whole 
rang such as what the y-randomization algorithm does, PSA scrambles responses only 
within the blocks across the range. Then PSA is sensitive even to small perturbations in 
the data set [48]. In our study, PSA is run more than 30 times to decrease its dependency 
on the random number seed. The minimum and maximum of bins were two and 10, 
respectively, and the critical point was set to 0.85. The q2 values of scrambled y for 
traditional CoMFA, ERM-MLR (based on CoMFA fields), and ERM-MLR (based on 
CoMSIA fields) models were 0.4056, 0.1683, and 0.1590, respectively, and their 
calculated cross-validated standard error (cSDEP) values were 0.6452, 0.7691, and 
0.7748 for 30 PSA runs, respectively. The low q2 values show that models that were 
constructed after variable selection algorithms do not suffer chance correlation. 

Experimental and Methods 
A defined end point (biological activity) 
The first item of the EOCD principles states that for having an ideal QSAR model, a well-
defined end point based on a standardized test protocol is necessary [42]. Recently, Liu et 
al synthesized a series of quinoline compounds via the Friedlander quinoline condensation 
and assessed their binding affinities by an identical test protocol (displacement of [3H]-N-
a-methyl histamine, using cloned human H3 receptors). All of the reported values are the 
average of three independent measurements and the standard errors of the mean were 
less than 0.25 in each case (Table 3) [49]. 

Geometry Optimization, Alignment and CoMFA/CoMSIA fields’ calculations 
The IC50 values (nM) of the 74 compounds were converted to a logarithmic scale (pIC50) 
before modeling. The CoMFA and CoMSIA fields were calculated by the SYBYL 7.3 
molecular modeling package (Tripos, Inc, St. Louis, USA) running on a Red Hat Linux 
workstation 4.7. The most active compound (i.e. compound 51) was selected as a 
template and other compounds were superimposed according to their common structure. 
The accuracy of the prediction of CoMFA and CoMSIA models and the reliability of the 
contour maps depend on the structural alignment of the molecules. Rigid-body aligned 
molecules were performed using maximum common substructures defined by the Distill 
method (with included bond types in rings). Distill alignment had suitable results on this 
dataset. The aligned set of the molecules were positioned inside a 3D cubic lattice of a 2 Å 
(default distance) spacing grid box with an extension of 4 Å units in all Cartesian directions 
beyond the molecules to envelop all of them. The interaction energies for each molecule 
were calculated at each grid point using different probes i.e. C (SP3), O, N, etc. probes. 
The best results were achieved by a sp3 hybridized carbon atom with a +1 charge. The 
partial atomic charges were calculated by the Gasteiger–Hückel method and energy 
minimizations were performed using the Tripos force field with a distance-dependent diel-
ectric and the Powell conjugate gradient algorithm (convergence criterion of 0.01 kcal/mol 
Å) in order to obtain the best conformer for each molecule. Interaction of the probe with the 
molecules on a 2 Å grid provided 1800 explanatory variables for each field per compound. 
The uninformative values were removed by an optimized column filtering value equal to 
1.8 kcal/mol for CoMFA and 1.0 kcal/mol for CoMSIA models. For applying variable 
selection and MLR algorithms, fields’ entries were extracted from SYBYL by two separate 
SPL scripts for CoMFA and CoMSIA fields. All other parameters were set as defaults. 
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Tab. 3.  Structure of 74 human HH3R antagonists  
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Tab. 3.  (Cont.)  
Cpd. Structure pIC50 Cpd. Structure pIC50 Cpd. Structure pIC50 
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Variable selection strategies 
Genetic algorithm 

The genetic algorithm was inspired by a natural process. It tries to select the best-fitted 
variable with the higher fitness function through exploitation (natural selection) and 
exploration (evaluation) process. It benefits genetic operators (mutation and 
recombination) to enhance the new generation of variables with a higher fitness value and 
avoid trapping in local minima [50]. 

Stepwise multiple linear regression 

Stepwise regression is based on systematically adding new variables to the model. In 
each step a variable, which has the largest correlation with the properties vector, adds to 
the model or removes from it to decrease its standard deviation. Based on improvement of 
the regression, a partial F test judges in favour of retaining or removing this new candidate 
variable [50]. 

Successive projections algorithm (SPA) 

The main goal of SPA is the selection of variables with the lowest collinearity. It starts with 
a candidate variable in the search space and calculates its orthogonal sub-space. Its 
strategy for selecting the next candidate variable is based on selecting the variable that 
has the maximum projection value on the sub-space of the previous selected variable(s). 
The procedure is repeated for all of the variables, and for each variable a set of N desired 
numbers of variables are selected. The final step is construction of forward selection MLR 
models. The best model is the MLR model with lowest RMSEP value [51].  
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Enhancement replacement method 

The replacement method (RM) is an evolved form of the stepwise algorithm. The first time 
it was formulated by Duchowicz et al for the QSPR study on normal boiling points of some 
organic molecules [52]. It searches the pool of D (N×D) descriptors, according to the MLR 
procedure systematically, to find d optimal descriptors that minimize standard deviation 
(S): 

Eq. 1. S = 1
(N-d-1)

 ∑ resi
2N

i=1  

where N is the number of molecules in the training set and resi is the difference between 
the experimental and the predicted properties. The RM first chooses a vector of d 
descriptors at random and does a linear regression [52, 53]. Then among these 
descriptors, each time a descriptor with the greatest standard deviation in its coefficient is 
substituted with all of the remaining D-d descriptors, one by one (without considering the 
one(s) changed previously). This procedure is repeated until the standard deviation value 
does not decrease by more replacements. Then the final optimal sets of d descriptors that 
have the smallest value of S (in equation 1) are kept. In the modified replacement method 
(MRM), the descriptor with the largest error is substituted even if that replacement is not 
accompanied by a smaller value of S. The sequence of RM-MRM-RM is called ERM. It 
judiciously filters the noisy variables from informative ones in a semi-full search manner 
[54–56]. 

Authors’ Statement 
Competing Interests 
The authors declare no conflict of interest. 

References 
[1] Chen Q, Zhu XL, Jiang LL, Liu ZM, Yang GF. 

Synthesis, antifungal activity and CoMFA analysis of novel 1,2,4-triazolo[1,5-a]pyrimidine derivatives. 
Eur J Med Chem. 2008; 43: 595–603. 
http://dx.doi.org/10.1016/j.ejmech.2007.04.021 

[2] Yang GF, Lu HT, Xiong Y, Zhan CG. 
Understanding the structure–activity and structure–selectivity correlation of cyclic guanine derivatives 
as phosphodiesterase-5 nhibitors by molecular docking, CoMFA and CoMSIA analyses. 
Bioorg Med Chem. 2006; 14: 1462–1473. 
http://dx.doi.org/10.1016/j.bmc.2005.09.073 

[3] He YZ, Li YX, Zhu XL, Xi Z, Niu CW, Wan J, Zhang L, Yang GF. 
Rational Design Based on Bioactive Conformation Analysis of Pyrimidinylbenzoates as 
Acetohydroxyacid Synthase Inhibitors by Integrating Molecular Docking, CoMFA, CoMSIA, and DFT 
Calculations. 
J Chem Inf Model. 2007; 47: 2335–2344. 
http://dx.doi.org/10.1021/ci7002297 

http://www.ncbi.nlm.nih.gov/pubmed?term=Chen%20Q%5BAuthor%5D&cauthor=true&cauthor_uid=17618711
http://www.ncbi.nlm.nih.gov/pubmed?term=Zhu%20XL%5BAuthor%5D&cauthor=true&cauthor_uid=17618711
http://www.ncbi.nlm.nih.gov/pubmed?term=Jiang%20LL%5BAuthor%5D&cauthor=true&cauthor_uid=17618711
http://www.ncbi.nlm.nih.gov/pubmed?term=Liu%20ZM%5BAuthor%5D&cauthor=true&cauthor_uid=17618711
http://www.ncbi.nlm.nih.gov/pubmed?term=Yang%20GF%5BAuthor%5D&cauthor=true&cauthor_uid=17618711
http://www.ncbi.nlm.nih.gov/pubmed/17618711
http://dx.doi.org/10.1016/j.ejmech.2007.04.021
http://dx.doi.org/10.1016/j.bmc.2005.09.073
http://dx.doi.org/10.1021/ci7002297


562 J. B. Ghasemi and H. Tavakoli:  

Sci Pharm. 2012; 80: 547–566 

[4] Zhang L, Tan Y, Wang NX, Wu QY, Xi Z, Yang GF. 
Design, syntheses and 3D-QSAR studies of novel N-phenyl pyrrolidin-2-ones and N-phenyl-1H-pyrrol-
2-ones as protoporphyrinogen oxidase inhibitors. 
Bioorg Med Chem. 2010; 18: 7948–7956. 
http://dx.doi.org/10.1016/j.bmc.2010.09.036 

[5] Kubinyi H.  
In: Handbook of Chemoinformatics: From Data to Knowledge. 
Germany: WILEY-VCH Verlag GmbH & Co, 1998: 1555–1574. 
http://dx.doi.org/10.1002/9783527618279.ch44d 

[6] Puzyn T, Leszczynski J, Cronin MT. 
In: Recent Advances in QSAR Studies, Methods and Applications. 
Germany: Springer Science+Business Media, 2010. 
http://dx.doi.org/10.1007/978-1-4020-9783-6 

[7] Halperin I, Ma B, Wolfson H, Nussinov R.  
Principles of docking: an overview of search algorithms and a guide to scoring functions. 
Proteins 2002; 47: 409–443. 
http://dx.doi.org/10.1002/prot.10115.abs 

[8] Hasegawa K, Miyashita Y, Funatsu K.  
GA Strategy for Variable Selection in QSAR Studies: GA-Based PLS Analysis of Calcium Channel 
Antagonists. 
J Chem Inf Comput Sci. 1997; 37: 306–310. 
http://dx.doi.org/10.1021/ci960047x 

[9] Baroni M, Costantino G, Cruciani G, Riganelli D, Valigi R, Clementi S.  
Generating Optimal Linear PLS Estimations (GOLPE): An Advanced Chemometric Tool for Handling 
3D QSAR Problems. 
Quant Struct-Act Rel. 1993; 12: 9–20. 
http://dx.doi.org/10.1002/qsar.19930120103 

[10] Pastor M, Cruciani G, Clementi S. 
Smart region definition: a new way to improve the predictive ability and interpretability of three-
dimensional quantitative structure-activity relationships. 
J Med Chem. 1997; 40: 1455–1464. 
http://dx.doi.org/10.1021/jm9608016 

[11] Tominaga Y, Fujiwara I. 
Prediction-weighted partial least-squares regression method (PWPLS) 2: Application to CoMFA. 
J Chem Inf Comput Sci. 1997; 37: 1152–1157. 
http://dx.doi.org/10.1021/ci970025q 

[12] Cho S, J Tropsha A. 
Cross-validated R2-guided region selection for comparative molecular field analysis: a simple method 
to achieve consistent results. 
J Med Chem. 1995; 38: 1060–1066. 
http://dx.doi.org/10.1021/jm00007a003 

[13] Jain AN, Koile K, Chapman D. 
Compass: Predicting Biological Activities from Molecular Surface Properties. Performance 
Comparisons on a Steroid Benchmark. 
J Med Chem. 1994; 37: 2315–2327. 
http://dx.doi.org/10.1021/jm00041a010 

[14] Hofbauer C, Lohninger H, Aszódi A. 
SURFCOMP:  A Novel Graph-Based Approach to Molecular Surface Comparison. 
J Chem Inf Comput Sci. 2004; 44: 837–847. 
http://dx.doi.org/10.1021/ci0342371 

http://www.sciencedirect.com/science/journal/09680896
http://www.sciencedirect.com/science/journal/09680896/18/22
http://dx.doi.org/10.1016/j.bmc.2010.09.036
http://dx.doi.org/10.1002/9783527618279.ch44d
http://www.springerlink.com/content/?Editor=Tomasz+Puzyn
http://www.springerlink.com/content/?Editor=Jerzy+Leszczynski
http://www.springerlink.com/content/?Editor=Mark+T.+Cronin
http://www.springerlink.com/content/978-1-4020-9782-9/
http://dx.doi.org/10.1007/978-1-4020-9783-6
http://dx.doi.org/10.1002/prot.10115.abs
http://dx.doi.org/10.1021/ci960047x
http://dx.doi.org/10.1002/qsar.19930120103
http://dx.doi.org/10.1021/jm9608016
http://dx.doi.org/10.1021/ci970025q
http://dx.doi.org/10.1021/jm00007a003
http://dx.doi.org/10.1021/jm00041a010
http://dx.doi.org/10.1021/ci0342371


 Improvement of the Prediction Power of the CoMFA and CoMSIA Models on Histamine H3 … 563 

Sci Pharm. 2012; 80: 547–566 

[15] Polański J, Gieleciak R, Ba̧k A. 
The Comparative Molecular Surface Analysis (COMSA) − A Nongrid 3D QSAR Method by a Coupled 
Neural Network and PLS System:  Predicting pKa Values of Benzoic and Alkanoic Acids. 
J Chem Inf Comput Sci. 2002; 42: 184–191. 
http://dx.doi.org/10.1021/ci010031t 

[16] Silber K, Heidler P, Kurz T, Klebe G. 
AFMoC Enhances Predictivity of 3D QSAR:  A Case Study with DOXP-reductoisomerase. 
J Med Chem. 2005; 48: 3547–3563. 
http://dx.doi.org/10.1021/jm0491501 

[17] Klebe G. 
Comparative molecular similarity indices analysis: CoMSIA. 
3D QSAR in Drug Design 2002; 3: 87–104. 
http://dx.doi.org/10.1007/0-306-46858-1_6 

[18] Pirhadi S, Ghasemi JB. 
3D-QSAR analysis of human immunodeficiency virus entry-1 inhibitors by CoMFA and CoMSIA. 
Eur J Med Chem. 2010; 45: 4897–4903. 
http://dx.doi.org/10.1016/j.ejmech.2010.07.062 

[19] Grohmann R, Schindler T. 
Toward robust QSPR models: Synergistic utilization of robust regression and variable elimination. 
J Comput Chem. 2008; 29: 847–860. 
http://dx.doi.org/10.1002/jcc.20831 

[20] Cao D, Liang Y, Xu Q, Yun Y, Li H.  
Toward better QSAR/QSPR modeling: simultaneous outlier detection and variable selection using 
distribution of model features. 
J Comput Aid Mol Des. 2011; 25: 67–80. 
http://dx.doi.org/10.1007/s10822-010-9401-1 

[21] Mahdy A M, Webster NR. 
Histamine and antihistamines. 
Anaesth Intensive Care Med. 2011; 12: 324–329. 
http://dx.doi.org/10.1016/j.mpaic.2008.04.016 

[22] Information system for G protein-coupled receptors.  
http://www.gpcr.org/7tm/ 

[23] de la Nuez Veulens A, Rodríguez RG. 
Protein-coupled receptors as targets for drug design. 
Biotecnol Apl. 2009; 26: 24–33. 

[24] Arrang JM, Garbarg M, Lancelo JC, Lecomte JM, Pollard H, Robba M, Schunack W, Schwartz JC.  
Highly potent and selective ligands for histamine H3-receptors. 
Nature. 1987; 327: 117–123. 
http://dx.doi.org/10.1038/327117a0 

[25] Lovenberg TW, Roland BL, Wilson SJ, Jiang X, Pyati J, Huvar A, Jackson MR, Erlander MG. 
Cloning and functional expression of the human histamine H3 receptor. 
Mol Pharmacol. 1999; 55: 1101–1107. 
http://www.ncbi.nlm.nih.gov/pubmed/10347254 

[26] Apodaca R, Dvorak CA, Xiao W, Barbier AJ, Boggs JD, Wilson SJ, Lovenberg TW, Carruthers NI.  
A new class of diamine-based human histamine H3 receptor antagonists: 4-(aminoalkoxy) 
benzylamines. 
J Med Chem. 2003; 46: 3938–3944. 
http://dx.doi.org/10.1021/jm030185v 

[27] Axe FU, Bembenek SD, Szalma S. 
Three-dimensional models of histamine H3 receptor antagonist complexes and their pharmacophore. 
J Mol Graph Model. 2006; 24: 456–464. 
http://dx.doi.org/10.1016/j.jmgm.2005.10.005 

http://dx.doi.org/10.1021/ci010031t
http://dx.doi.org/10.1021/jm0491501
http://dx.doi.org/10.1007/0-306-46858-1_6
http://dx.doi.org/10.1016/j.ejmech.2010.07.062
http://dx.doi.org/10.1002/jcc.20831
http://dx.doi.org/10.1007/s10822-010-9401-1
http://dx.doi.org/10.1016/j.mpaic.2008.04.016
http://www.gpcr.org/7tm/
http://dx.doi.org/10.1038/327117a0
http://www.ncbi.nlm.nih.gov/pubmed/10347254
http://dx.doi.org/10.1021/jm030185v
http://dx.doi.org/10.1016/j.jmgm.2005.10.005


564 J. B. Ghasemi and H. Tavakoli:  

Sci Pharm. 2012; 80: 547–566 

[28] Cirauqui N, Schrey AK, Galiano S, Ceras J, Pérez-Silanes S, Aldana I, Monge A, Kühne R. 
Building a MCHR1 homology model provides insight into the receptor-antagonist contacts that are 
important for the development of new anti-obesity agents. 
Biorg Med Chem. 2010;18: 7365–7379. 
http://dx.doi.org/10.1016/j.bmc.2010.09.014 

[29] Dastmalchi S, Hamzeh-Mivehroud M, Ghafourian T, Hamzeiy H. 
Molecular modeling of histamine H3 receptor and QSAR studies on arylbenzofuran derived H3 
antagonists. 
J Mol Graph Model. 2008; 26: 834–844. 
http://dx.doi.org/10.1016/j.jmgm.2007.05.002 

[30] Lorenzi S, Mor M, Bordi F, Rivara S, Rivara M, Morini G, Bertoni S, Ballabeni V, Barocelli E, 
Plazzi PV. 
Validation of a histamine H3 receptor model through structure-activity relationships for classical H3 
antagonists. 
Biorg Med Chem. 2005; 13: 5647–5657. 
http://dx.doi.org/10.1016/j.bmc.2005.05.072 

[31] Morini G, Comini M, Rivara M, Rivara S, Lorenzi S, Bordi F, Mor M, Flammini L, Bertoni S, 
Ballabeni V.  
Dibasic non-imidazole histamine H3 receptor antagonists with a rigid biphenyl scaffold. 
Biorg Med Chem Lett. 2006; 16: 4063–4067. 
http://dx.doi.org/10.1016/j.bmcl.2006.04.092 

[32] Schlicker E, Fink K, Detzner M, Göthert M. 
Histamine inhibits dopamine release in the mouse striatum via presynaptic H 3 receptors. 
J Neural Transm. 1993; 93: 1–10. 
http://dx.doi.org/10.1007/BF01244933 

[33] Garcia M, Floran B, Arias-Montano J, Young J, Aceves J. 
Histamine H3 receptor activation selectively inhibits dopamine D1 receptor-dependent [3H] GABA 
release from depolarization-stimulated slices of rat substantia nigra pars reticulata. 
J Neurosci. 1997; 80: 241–249. 
http://dx.doi.org/10.1016/S0306-4522(97)00100-0 

[34] Arrang J, Drutel G, Schwartz J. 
Characterization of histamine H3 receptors regulating acetylcholine release in rat entorhinal cortex. 
Br J Pharmacol. 1995; 114: 1518–1522. 
http://dx.doi.org/10.1111/j.1476-5381.1995.tb13379.x 

[35] Schlicker E, Fink K, Hinterthaner M, Göthert M.  
Inhibition of noradrenaline release in the rat brain cortex via presynaptic H 3 receptors. 
Naunyn Schmiedebergs Arch Pharmacol. 1989; 340: 633–638. 
http://dx.doi.org/10.1007/BF00717738 

[36] Schlicker E, Betz R, Göthert M. 
Histamine H3 receptor-mediated inhibition of serotonin release in the rat brain cortex. 
Naunyn Schmiedebergs Arch Pharmacol.. 1988; 337: 588–590. 
http://dx.doi.org/10.1007/BF00182737 

[37] Leurs R, Bakker RA, Timmerman H, de Esch IJP. 
The histamine H3 receptor: from gene cloning to H3 receptor drugs. 
Nat Rev Drug Discov. 2005; 4: 107–120. 
http://dx.doi.org/10.1038/nrd1631 

[38] Brioni JD, Esbenshade TA, Garrison TR, Bitner SR, Cowart MD. 
Discovery of histamine H3 antagonists for the treatment of cognitive disorders and Alzheimer's 
disease. 
J Pharmacol Exp Ther. 2011; 336: 38–46. 
http://dx.doi.org/10.1124/jpet.110.166876 

http://dx.doi.org/10.1016/j.bmc.2010.09.014
http://dx.doi.org/10.1016/j.jmgm.2007.05.002
http://dx.doi.org/10.1016/j.bmc.2005.05.072
http://dx.doi.org/10.1016/j.bmcl.2006.04.092
http://dx.doi.org/10.1007/BF01244933
http://dx.doi.org/10.1016/S0306-4522(97)00100-0
http://dx.doi.org/10.1111/j.1476-5381.1995.tb13379.x
http://www.springerlink.com/index/WJ003RK3JM8815UH.pdf
http://dx.doi.org/10.1007/BF00717738
http://dx.doi.org/10.1007/BF00182737
http://dx.doi.org/10.1038/nrd1631
http://dx.doi.org/10.1124/jpet.110.166876


 Improvement of the Prediction Power of the CoMFA and CoMSIA Models on Histamine H3 … 565 

Sci Pharm. 2012; 80: 547–566 

[39] Plancher J-M. 
The Histamine H3 Receptor as a Therapeutic Drug Target for Metabolic Disorders: Status, Challenges 
and Opportunities. 
Curr Top Med Chem. 2011; 11: 1430–1446. 
http://dx.doi.org/10.2174/156802611795860906 

[40] Passani MB, Blandina P. 
Histamine receptors in the CNS as targets for therapeutic intervention. 
Trends Pharmacol Sci. 2011; 32: 242–249. 
http://dx.doi.org/10.1016/j.tips.2011.01.003 

[41] Wang R, Gao Y, Liu L, Lai L. 
All-orientation search and all-placement search in comparative molecular field analysis. 
J Mol Model. 1998; 4: 276–283. 
http://dx.doi.org/10.1007/s008940050085 

[42] OECD principles for the validation of (Q)SARs. 
http://www.oecd.org/dataoecd/33/37/37849783.pdf 

[43] Golbraikh A, Tropsha A. 
Beware of q2! 
J Mol Graph Model. 2002; 20: 269–276. 
http://dx.doi.org/10.1016/S1093-3263(01)00123-1 

[44] Tropsha A, Gramatica P, Gombar VK. 
The importance of being earnest: validation is the absolute essential for successful application and 
interpretation of QSPR models. 
QSAR Comb Sci. 2003; 22: 69–77. 
http://dx.doi.org/10.1002/qsar.200390007 

[45] Tropsha A. 
Best practices for QSAR model development, validation, and exploitation. 
Mol Inf. 2010; 29: 476–488. 
http://dx.doi.org/10.1002/minf.201000061 

[46] Daszykowski M, Walczak B, Massart D. 
Representative subset selection. 
Anal Chim Acta 2002; 468: 91–103. 
http://dx.doi.org/10.1016/S0003-2670(02)00651-7 

[47] Gramatica P. 
Principles of QSAR models validation: internal and external. 
QSAR Comb Sci. 2007; 26: 694–701. 
http://dx.doi.org/10.1002/qsar.200610151 

[48] Clark RD, Fox PC. 
Statistical variation in progressive scrambling. 
J Comput Aid Mol Des. 2004; 18: 563–576. 
http://dx.doi.org/10.1007/s10822-004-4077-z 

[49] Liu H, Altenbach RJ, Diaz GJ, Manelli AM, Martin RL, Miller TR, Esbenshade TA, Brioni JD, 
Cowart MD. 
In vitro studies on a class of quinoline containing histamine H3 antagonists. 
Bioorg Med Chem Lett. 2010; 20: 3295–3300. 
http://dx.doi.org/10.1016/j.bmcl.2010.04.045 

[50] Massart D, Vandeginste B, Buydens L, De Jong S, Lewi P, Smeyers-Verbeke J. 
In: Handbook of chemometrics and qualimetrics: Part A. 
The netherlands: Elsevier Science Pub Co, 1997. 

[51] Araújo MCU, Saldanha TCB, Galvão RKH, Yoneyama T, Chame HC, Visani V.  
The successive projections algorithm for variable selection in spectroscopic multicomponent analysis. 
Chemom Intell Lab Syst. 2001; 57: 65–73. 
http://dx.doi.org/10.1016/S0169-7439(01)00119-8 

http://dx.doi.org/10.2174/156802611795860906
http://dx.doi.org/10.1016/j.tips.2011.01.003
http://dx.doi.org/10.1007/s008940050085
http://www.oecd.org/dataoecd/33/37/37849783.pdf
http://dx.doi.org/10.1016/S1093-3263(01)00123-1
http://dx.doi.org/10.1002/qsar.200390007
http://dx.doi.org/10.1002/minf.201000061
http://dx.doi.org/10.1016/S0003-2670(02)00651-7
http://dx.doi.org/10.1002/qsar.200610151
http://dx.doi.org/10.1007/s10822-004-4077-z
http://dx.doi.org/10.1016/j.bmcl.2010.04.045
http://dx.doi.org/10.1016/S0169-7439(01)00119-8


566 J. B. Ghasemi and H. Tavakoli:  

Sci Pharm. 2012; 80: 547–566 

[52] Duchowicz PR, Castro EA, Fernandez FM, Gonzalez MP. 
A new search algorithm for QSPR/QSAR theories: Normal boiling points of some organic molecules. 
Chem Phys Lett. 2005; 412: 376–380. 
http://dx.doi.org/10.1016/j.cplett.2005.07.016 

[53] Duchowicz PR, Fernández M, Caballero J, Castro EA, Fernández FM. 
QSAR for non-nucleoside inhibitors of HIV-1 reverse transcriptase. 
Bioorg Med Chem. 2006; 14: 5876–5889. 
http://dx.doi.org/10.1016/j.bmc.2006.05.027 

[54] Mercader AG, Duchowicz PR, Fernandez FM, Castro EA. 
Replacement Method and Enhanced Replacement Method Versus the Genetic Algorithm Approach for 
the Selection of Molecular Descriptors in QSPR/QSAR Theories. 
J Chem Inf Comput Sci. 2010; 50: 1542–1548. 
http://dx.doi.org/10.1021/ci100103r 

[55] Mercader AG, Duchowicz PR, Fernández FM, Castro EA. 
Modified and enhanced replacement method for the selection of molecular descriptors in QSAR and 
QSPR theories. 
Chemom Intell Lab Syst. 2008; 92: 138–144. 
http://dx.doi.org/10.1016/j.chemolab.2008.02.005 

[56] Mercader AG, Duchowicz PR, Fernández FM, Castro EA, Cabrerizo FM, Thomas AH. 
Predictive modeling of the total deactivation rate constant of singlet oxygen by heterocyclic 
compounds. 
J Mol Graph Model. 2009; 28: 12–19. 
http://dx.doi.org/10.1016/j.jmgm.2009.03.002 

 

http://dx.doi.org/10.1016/j.cplett.2005.07.016
http://dx.doi.org/10.1016/j.bmc.2006.05.027
http://dx.doi.org/10.1021/ci100103r
http://dx.doi.org/10.1016/j.chemolab.2008.02.005
http://dx.doi.org/10.1016/j.jmgm.2009.03.002

