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The multiobjective optimization technique based on the desirability estimation of several interrelated
responses (MOOP-DESIRE) has been recently applied to quantitative structure–activity relationship
(QSAR) studies. However, the advantage of applying this new methodology to the study of selectivity and
affinity to competitive targets has been little explored. We used the MOOP-DESIRE methodology and
a variation of this, to study the arylpiperazine derivates that could interact with 5-HT1A and 5-HT2A,
serotonin receptor subtypes with the objective of designing more selective molecules for the 5-HT1A

receptor. We did show that the model results are in agreement with the available pharmacophore
descriptions, guaranteeing an appropriate structural correlation and proving the methodology, as
a useful tool for the important problem of selective drug design.

� 2009 Elsevier Masson SAS. All rights reserved.
1. Introduction

The potential multireceptor activity of arylpiperazine derivates
has become a source of new agents with different therapeutic
properties. This wide spectrum of possible interactions is associ-
ated with a variety of pharmacological and toxicological effects
[1–3]. One important branch is related to the capacity of these
molecules to interact with serotonin receptors (5-hydroxytrypta-
mine, 5-HT) 1A (5-HT1A) and 2A (5-HT2A), being the principal
subtypes [3–5].

Serotonin 5-HT1A subtype is frequently a therapeutic target for
depression and anxiety [6–9] while 5-HT2A subtype causes various
adverse effects, resulting from several psychoactive and halluci-
nogenic drugs of abuse, such as ecstasy and LSD, by excessive
stimulus of serotonin secretion and inhibition of its enzymatic
degradation in the reward system [2,5,10–13].

The independent construction of models to increase or reduce
the selectivity to one or other of the targets could be mutually
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affected due to the receptor and pharmacophore similarity. For
this reason a simultaneous approach could be more appropriate
for selectivity improvement using the multiobjectives optimiza-
tion (MOOP) methods as a way to design more selective
molecules.

Multiobjective optimization method (MOOP) allows the iden-
tification of the best solution by optimizing several dependent
properties simultaneously. The advantage of MOOP is creating
a local optimal solution through a group of different objectives. So,
this method allows the use of different goals in the same study.
Each objective may contribute in a positive or a negative way to the
final solution [14–18]. This methodology has been applied in
several cases: for example, the focus on molecular alignment and
pharmacophore identification, through the genetic algorithm
method for multiple molecular alignment [19] or the genetic
algorithm with linear application for the hypermolecular alignment
of datasets [20].

MOOP techniques have only recently been applied to the
building of QSAR models, in particular, for the interpretation of
physicochemical properties responsible for selectivity [14,21,22]. A
novel multiobjective optimization technique based on the desir-
ability estimation of several interrelated responses (MOOP-DESIRE)
was recently proposed [23]. This methodology simplified multiple
objectives to a single one using independent desirability criteria
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and was used for the optimization of direct pharmaceutical profiles
through multiple QSAR model combinations.

In the present study we applied, for the first time, the multi(bi)-
objective desirability function of the MOOP-DESIRE method to
a selectivity problem and simultaneously we present an alternative
improvement of the preceding methodology [23]. Our aims are the
design of new arylpiperazine candidates with high selectivity for
the 5-HT1A receptor and simultaneously low selectivity for the
5-HT2A receptor, as well as the comparison of two methodologies
presented here and their correspondence with the available phar-
macophore models.

2. Materials and methods

2.1. Data set

Prediction models were developed from a group of forty-three
arylpiperazine derivates characterized by Grundt et al. [24], Leo-
poldo et al. [22] and Bojarski et al. [25], which were used in
previous QSAR studies (Tables 1–3).

2.2. Computational methods

Structures of all arylpiperazine derivates were drawn in the
ChemDraw [26] software package, pre-optimized by molecular
mechanics using the MM2 force field. The final structure was
obtained by posterior optimization with AM1 semi empirical
Hamiltonian, implemented in the MOPAC 6.0 program [27].

Molecular descriptors (n¼ 1666) were calculated for each
molecular structure using the eDragon software [28–31] while the
appropriate descriptor selection was made by means of the genetic
algorithm (GA) program designed in Matlab v7.0 for this purpose.
The GA procedure was composed of three principal blocks [32,33]:
initial population generation, crossover and mutation procedures
(see Fig. 1). In this methodology two parameters needed to be
considered: the crossover and mutation probabilities. In our work
the initial population was randomly generated and composed of
600 chromosomes (representing 600 initial not optimized models)
fixing the maximal number of variables at five. However, we had
already explored the number of variables from four until eight, with
the objective to analyse two important aspects: the predictability
and interpretability of the model. The problem of the selected
number of variables will be discussed later (see Results and
discussion).

The crossover procedure is an iterative process where any two
chromosomes (parents) are combined to produce new child chro-
mosomes conserving the common genes (variables) present in the
parents. In our application the crossover was performed uniformly
and with a probability of 50%, which means that any two parents
are selected and the children information is composed of 50% of the
information of each parent. The children obtained were evaluated
with the objective function of leave-one-out internal cross-valida-
tion ðQ2

LOOÞ. If the ðQ2
LOOÞ obtained was higher that any chromosome

of the initial population, then the chromosomes with less ðQ2
LOOÞ

were replaced by the generated children. This procedure was fixed
at 1000 effective steps (Fig. 1).

The mutation procedure was carried out after the crossover and
basically consisted of changing the genes (variables) of the chro-
mosomes with a fixed probability. In our case the probability was
50%, therefore the mutation was almost random. The goal of this
procedure was to expand the search capability in the variable space.
The entire population was mutated and the ðQ2

LOOÞ function was
evaluated for each mutated chromosome. Similar to the crossover
procedure, the chromosome with less ðQ2

LOOÞ value in the pop-
ulation was replaced by the accepted mutated chromosome (which
ðQ2
LOOÞ was greater that any other in the population). So, the initial

population was updated after the crossover and mutation proce-
dures with the most promising chromosomes. The crossover/
mutation steps (GA generations) were repeated several times until
they had reached a fixed stop criteria. In our model, the stop criteria
was fixed at 100 iterations (Fig. 1); however, after approximately
10–15 GA generation (which represent 10,000–15,000 effective
crossovers) a convergence was generally reached.

It is known that the ðQ2
LOOÞ criterion on its own tends to over-

estimate the predictability of the model. Several approaches were
available [34,35] for model validation and, so, we calculated
(beside the Q2

LOO) the determination coefficient ðR2andQ2
�adjustedÞ,

the leave-multiple-out internal cross-validation ðQ2
LMOÞ and the

bootstrap internal cross-validation ðQ2
BOOÞ. The Q2

LMO was calcu-
lated considering only a group of molecules (around 50%) for the
model construction and predicted the remaining ones. On the
other hand, the Q2

BOO is a more accepted internal cross-validation
[36] and is calculated taking samples randomly and repeatedly, of
size N (where N is the molecules number) for the construction of
the model and predicting the remaining molecules. This proce-
dure was repeated several times (we used 5000 repetitions) and
the Q2

BOO represented the mean predictability coefficient. For the
GA calculation and model validation we used the Matlab v7.0 and
the multiple linear regression module of the Statistica Package
[37,38].

A further important point that we had to take into consideration
was the applicability domain (AD; the space of molecules that could
affect the stability of the model). The most common way to do this
is using the leverage [39] of each compound as well as its respective
standardized residues of the cross-validation procedure. The
leverage values were calculated as:

H ¼ X
�
X0X

��1X0 (1)

where X is the model matrix and H is the leverage matrix. The
diagonal elements hii of H correspond to the interest parameter that
must be less than a critical leverage (hc) defined as:

hc ¼ 3
p
n

(2)

where p and n are the number of model coefficients and the
molecules number, respectively. All the molecules i with Hii> hc,
represent an important influence which points to the regression
model and should be analyzed carefully as well as those with
standardized residues greater than �2.

2.3. MOOP based on the desirability estimation

From the previously constructed model, for each of the prop-
erties (pK1A and pK2A) and according to the previous methodology
[23], each predicted property response ðbPiÞ, corresponding in our
case to bpK1A and bpK2A, was translated to a desirability value, di,
using the desirability functions proposed by Derringer and Suich
[18,23]. Therefore, pKi values related to 5HT2A and 5HT1A receptors
were minimized and maximized using the following eqs. (3) and
(4), respectively, defined as:

di ¼

8>>>>>>><>>>>>>>:

1 if bPi�Ti ¼ L"bPi�U
Ti�U

#s

if U< bPi�Ti

0 if bPi�U (3)



Table 1
5-HT1A and 5-HT2A receptor binding affinities.

Mol. N –R1 –R pK1A pK2A Mol. n –R1 –R pK1A pK2A

S1 3 m-Cl 6.63 7.80 S7 4 o-OCH3 7.44 6.25

S2 4 m-Cl 7.30 5.74 S8 3 m-Cl 6.38 6.18

S3 3 o-OCH3 7.27 5.67 S9 4 m-Cl 6.40 6.24

S4 4 o-OCH3 7.96 5.84 S10 3 o-OCH3 7.52 6.52

S5 4 m-Cl 7.30 7.17 S11 4 o-OCH3 7.37 6.43

S6 3 o-OCH3 7.00 6.34 S12 3 m-Cl 6.69 6.57
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Table 2
5-HT1A and 5-HT2A receptor binding affinities.

Mol. Ar [Linker] –R pK1A pK2A Mol. Ar [Linker] –R pK1A pK2A

S13 2,3-diCl 6.51 7.03 S22 2,3-diCl 5.69 6.17

S14 2,3-diCl 7.04 7.33 S23 2,3-diCl 7.23 7.33

S15 2-OCH3 7.66 7.12 S24 2,3-diCl 6.01 6.05

S16 2-OCH3 7.14 7.18 S25 2,3-diCl 7.63 7.64

S17 2,3-diCl 7.46 7.37 S26 2,3-diCl 6.03 6.48

S18 2,3-diCl 5.74 6.26 S27 2-OCH3 7.47 6.81

S19 2-OCH3 7.44 6.16 S28 2-OCH3 8.17 6.64

S20 2,3-diCl 6.93 7.05 S29 2,3-diCl 7.53 7.81

S21 2,3-diCl 7.82 7.81 – – – – – –
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>>>>>0 if bPi�L" #

di ¼

8
>><>>>>>>>:
bPi�L
Ti�L

s

if L< bPi�Ti

1 if bPi�Ti ¼U (4)
-
where bPi is the predicted response ðbpK1A and bpK2AÞ, s corresponds
to an exponent that determine how important is to hit the target
value Ti and U, L and T are the upper, lower and target values that
must be chosen for each response, respectively. For s¼ 1, the
desirability function increases linearly towards Ti. So, it was easy to
note that eqs. (3) and (4) performed a linear minimization and
maximization of the responses respectively and 0�di� 1. In our
case, [L; U] values were [5; 8.5] for the 5-HT1A receptor and [4.5; 7.5]
for the 5-HT2A receptor. The idea was previously maximized the 5-
HT1A receptor interaction instead of 5-HT2A receptor, so, we
consider that a molecule with a pK2A value of 4.5 as tolerant and
pK1A value of 8.5 as a good selection. On the other hand, fixing a 0 or
1 desirability value outside of the minimum or maximum value of
the set would affect the linearity of the transformation and,
therefore, the predictability of the models.

Finally, all individual desirability was combined into a single
total desirability D according to eq.(5) and then was maximized as
a function of the descriptor’s space (X1,X2,.,Xn) of each indepen-
dent QSAR model.

D [ ðd1 3 d2 3 . 3 dkÞ1=k (5)

where k are the number of objectives, in our case two objectives
more exactly a maximize pK1A value and a minimize pK2A value for
each molecule.

An important topic in this methodology was the descriptors’
space (X1,X2,.,Xn) used to build QSAR equations. It is evident that if
the equations share the same descriptors the final interpretation is
easy; however, if all the models did not have the same descriptors,
even more if the number of properties is high, the final interpre-
tation is more difficult.

In our particular case, the molecular aspects (and molecular
descriptors) that tend to increase the selectivity for the 5-HT1A

receptor ðX1
1 ;X

1
2 ;.;X1

nÞ could be different from the 5-HT2A receptor



Table 3
5-HT1A and 5-HT2A receptor binding affinities.

Mol. –R1 –R2 pK1A pK2A Mol. –R1 –R2 pK1A pK2A

S30 –S–CH3 – 7.28 6.49 S40 –S(CH3)O2 – 5.51 5.40
S31 –O–CH3 – 8.07 5.90 S41 –CH2–CH3 – 7.10 5.47
S32 –CH3 – 6.55 6.58 S42 –(CH2) 2–CH3 – 6.78 5.50
S33 –C(CH3)O – 8.42 4.91 S43 –CH(CH3)2 – 6.78 5.32
S34 –OH – 7.62 5.47 – – – – –
S35 –H – 6.89 7.11 – – – – –
S36 –NO2 – 6.74 6.55 – – – – –
S37 –Cl – 7.02 6.52 – – – – –
S38 –CN – 7.78 6.15 – – – – –
S39 –C(CH2)O – 6.31 5.40 – – – – –
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ðX2
1 ;X

2
2 ;.;X2

mÞ and if we considered the simultaneous case of
maximal 5-HT1A and minimal 5-HT2A interactions, even other
molecular aspects could be pointed out (different descriptors and/
or different QSAR equations) instead of the lineal combination
X1

1 ;X
1
2 ;.;X1

n and X2
1 ;X

2
2 ;.;X2

m_ The essential advantage of this
methodology was transforming the inconvenience of multiple
variable optimizations to a single one, by applying a desirability
criterion; as we can see, in the described methodology was
necessary as QSAR equations as properties involved, because the
eqs. (3) and (4) were obtained using the predicted response.
However, we will use and compare an alternative approach using
the same equations (eqs. (3) and (4)) with the experimental
Fig. 1. Diagram of the implemented GA procedure. In the present procedure, a number
of 600 chromosomes were generated for the initial population. Then, the crossover
step was fixed to 1000 while the GA generation was fixed to 100 iterations.
activities, therefore, the overall desirability resulted from experi-
mental values using eq. (5) and it was considered as the target
response (Dexp). Using this approach the models were reduced to
a single QSAR equation independent of the number of initials
properties; consequently, the errors involved in the complete
methodology were minimized and the descriptor space to future
interpretation was reduced. The two different approaches of
methodologies are illustrated in Fig. 2. As we can see, in the alter-
native methodology (see Fig. 2; Methodology II), the GA procedure
was used to select a set of variables that should contain the infor-
mation relative to an increase and reduce affinity to 5-HT1A and 5-
HT2A receptors, respectively.
3. Results and discussion

According to the previously described methodology, the selected
models for 5-HT1A, 5-HT2A and Dexp are presented in Table 4. As
previously referred, we explored four until eight variables in the
models constructions. However, the results in the Table 4 show only
five variables. In the construction of the Model III with four vari-
ables, the value of Q2

LOO was lower than 0.80 and a maximal Q2
LOO

value of 0.89 was noted when we fixed the number of variables to
seven. In the construction of Model I and II considering four vari-
ables, the Q2

LOO values were 0.73 and 0.65, respectively, while
maximal Q2

LOO values of 0.84 and 0.82 were reached with 8 variables,
respectively. We considered that even when the predictability with
8 variables appears to be higher that 5 variables consideration, these
did not justify the use of 8 variables due to the difficulty increment
degree in the models’ interpretation and the future molecular
design. Nevertheless, the desirabilities of the designed molecules
were recalculated one more time with eight variables in all the
models and the selected molecules with higher desirability still
remained as the same promising ones saw in the five variables’
models.

The leverage variation of the training data (Fig. 3) is always less
than the warning leverage and the cross-validation standardized
residual values are within the �2 range indicating acceptable
models, but to obtain that kind of results we had to exclude the
following molecules: S5; S17; S21; S26; S29; S34 and S36.

The desirability predicted values (cross-validation) calculated
from bpK1A and bpK2A (using eq. (3)–(5)) as well as through Model III
(Table 4) have the same Q2 values (Fig. 3) that confirm the possi-
bility of the use of Model III for desirability prediction, simplifying
the methodology and minimizing the source of errors by the
reduction of the number of models. However, analysing the partial
models (Models I and II in Table 4), we could note that the model
obtained using the Dexp values demonstrate superior predictability,
even when using a bootstrap procedure. The possible implication of
these differences will be discussed later.

As already said, the desirability was maximized directly over
independent variables presented in Table 4 (supplemented mate-
rial). Afterwards, predicted values for each receptor were used to fit
a model containing all the independent variables from which
a desirability profile was built (Fig. 4). Alternatively, we actually
performed an optimization of Dexp (Fig. 5).

The most important contribution to overall desirability comes
from descriptors MATS2v, SHP2, nBnz, X3A and AMW and, to
a lesser degree E1s, nBM, RDF085v and EEig06d descriptors. The
marked values in red (Figs. 4 and 5) represent the optimal values to
reach a maximal overall desirability. The appropriate trans-
formation of these descriptor values to the chemical structure
(inverse QSAR) is a very difficult task (if possible, at all) as well as its
correct interpretation. However, the possibility to obtain the
optimal descriptors values is one of the main contributions of the



Fig. 2. Diagram of the methodologies used in the present work. The blocks I, II and III represent: the initial data, the model construction and the optimization procedures,
respectively. In the first methodology a QSAR equation was necessary for each receptor and the desirabilities (see Table 4; 5-HT1A Mod. I and Mod. II) were evaluated in the
predictive activities. Instead, in the second methodology, the desirability was calculated using the experimental activities and before the GA procedure. For those reasons only one
QSAR equation (see Table 4; Dexp Mod. III) is needed in the second methodology.

Table 4
Predictive models and statistical parameters obtained by GA-MLR.

R R2 F P Q2
LOO Q2

LMO Q2
BOO

5-HT1A Mod. I pK1A¼ 21.3232(1.49)� 11.187(1.23) MATS2v� 52.301(5.05) SHP2� 0.080(0.02) RDF045m� 0.802 (0.15) Mor15mþ 4.491(0.86) E1s
0.926 0.857 36.063 <0.01 0.807 0.866 0.795

5-HT2A

Mod. II
pK2A¼� 26.163(4.14)þ 0.060(0.03) nBMþ 1.042(0.30) nBnzþ 157.156(20.15) X3Aþ 0.116(0.02) RDF080m� 0.103(0.04) RDF085v
0.898 0.806 24.921 <0.01 0.721 0.652 0.710

Dexp

Mod. III
Dexp¼ 0.681(0.23)� 0.326(0.02) AMW� 2.625(0.24) MATS2vþ 0.453(0.09) EEig02dþ 0.298(0.04) EEig06dþ 0.123(0.04) Mor18m
0.948 0.899 53.592 <0.01 0.852 0.866 0.842

The number in (.) is the standard error of the coefficient; Q 2
LMO is the mean value from a group of 15 molecules leave-multiple-out; finally, Q2

BOO is the median value of 5000
run of boostrap validation.
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desirability proposed methodology, especially in the drug design
research by using screening or combinatorial libraries [40].

The easiest interpretable descriptors family includes the
constitutional descriptors, functional groups, atom-centred frag-
ments and a few other descriptors. However, all of them are often
weakly correlated even though several of them are needed to build
Fig. 3. Leverage plot of all the models (Table 4). The critical levera
a desirable model. Therefore, we explored the correlation matrix
between model descriptors and ‘‘interpretable ones’’ (data not
shown), as a way to understand our models of future design.

All the descriptors used are strongly related to flexibility
(number of rotatable bonds), molecular weight, aromatic
substructure and atom type involved in the aromatic substitution;
ge of all the models (5-HT1A, 5-HT2A and Dexp) were 0.50 (hc).



Fig. 4. Multiple response desirability function due to maximization of 5-HT1A and minimization of 5-HT2A affinities for the data set molecules (S1-43), along with the individual
desirability functions coming from the indicated descriptors.
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and all they represent the principal factors involved in 5-HT
receptor selectivity and affinity. Correlation data, together with the
result of the desirability optimization, revealed that the number of
benzene substitutions, the absence of halogen elements (such as
fluorine and chlorine) and the increment of hydrogen attached to
Fig. 5. Optimization results of desirability (Dexp) obta
alpha carbons and others unsaturated structures (C–C(]X)–;
R-C^X; X]C]X; X: O, N), allow a referent affinity to 5-HT1A

receptor. The presence of halogen elements and saturated struc-
tures, such as the number of benzene rings, permit the promotion
of affinity to 5-HT2A receptors. However, the increment in the polar
ined by experimental pKs presented in Table 2.



Table 5
5-HT1A and 5-HT2A receptor binding affinities predicted for designed compounds.

Comp. –R –R2 bpK1A bpK2A

M1 –COOH – 7.10 6.49
M2 –C(CH2CH3)]O – 8.40 6.99
M3 –Cl; 5-Cl – 7.40 5.72
M4 –F; 5-F – 5.84 5.54

M5 – 7.58 5.53

M6 –OH; 5-OH – 6.88 5.74

M7 – 8.46 5.90

M8 – 7.59 6.18

M9 –OCH3; 4-OCH3 – 8.09 5.65
M10 –OCH3; 5-OCH3 – 6.84 4.52
M11 –C(CH3)]S – 7.34 5.82

M12 – 6.85 5.29

M13 – 6.50 5.31

M14 –C]N–CH3 – 7.45 5.46

M15 – 8.21 6.01

M16 – 6.21 5.35

M17 – 8.10 5.45

M18 –OCH3; 6-OCH3 – 7.74 6.50
M19 –OH; 6-OH – 8.27 5.75

M20 – 8.58 5.06

M21 – 8.78 4.96

Table 5 (continued )

Comp. –R –R2 bpK1A bpK2A

M22 – 7.08 4.86

M23 – 8.01 5.40

M24 – 7.18 5.49

M25 – 7.83 5.87
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area associated with N and the increment of rotatable bonds in the
benzene substitute are important to both receptors with a slight
preference for the 5-HT2A receptor. This is one of the reasons why
even when the RDF085v descriptor is present in Model II (Table 4)
with a negative coefficient, in the overall desirability shows
a positive increment but in narrow range (Fig. 4).

Our previous interpretations are in agreement with the well-
known Mellin’s two-point pharmacophore models [41] and three-
point Chilmonczyk’s model [42]. Both of them consist of an
aromatic ring and basic nitrogen (of the piperazine ring), but the
three-point model also includes an oxygen atom forming a trian-
gular configuration. Therefore, the basic nitrogen is surrounded by:
an aromatic or hydrophobic group on one side and polar
(or H-bond) group in the other. On the other hand, even when the
basic nitrogen presence is questionable [43], the decrease of 5-HT2A

receptor affinity to the detriment of 5-HT1A affinity requires the
minimization of structure donor hydrogen (in accordance with
Chidester et al. [44]), aromatic unsaturated structures and the
absence of halogen elements. The negative effect of halogen
elements is probably related to the spatial arrangement of the
group in the aromatic ring and its influence in the final arylpiper-
azine conformation, as observed by López-Rodrı́guez et al. [9] and
Gaillard et al. [7].

3.1. Molecular design

On the basis of the previous discussion, we designed a group of
arylpiperazine derivates by substitution of the R1 or R2 position,
exploring several aspects of the molecular space (Table 5). The
predictability of the QSAR models obtained was always restricted to
the structural spaces contained in the initial molecular family used
for the models’ constructions. In the present work, the structural
variation was almost limited to modifications on the aromatic
groups, steric and H-bond properties. In addition, the model
predictability would be low if the arylpiperazines derivates have
a poor similarity in respect to the initial compounds family. So, all
these aspects were taken in consideration for the molecular design
of new arylpiperazines.

The source of leverage increment in the desirability calculated
with bpK1A and bpK2A (Table 5 and shown in Fig. 6) is associated with
the 5-HT2A receptor model by the minimum induced from the
selected descriptors. However, it can be noted that in the case of M4
molecule, the prediction is closer to both models, while in the M3



Fig. 6. Predicted desirability for the designed molecules (Table 3) using both meth-
odologies. Columns marked represent molecules with leverage higher than critical
values.
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there could have been a lower estimation of pK2A values increasing,
incorrectly, the desirability value with respect to the other model.

The results indicate that M22 is outside of the AD and the pre-
dicted values may not be reliable. The effects of aromatic substi-
tutions in the ortho position by an oxygen with a double bond in the
plane of the aromatic ring or other bond with a methyl group as
sterically favourable to 5-HT1A affinity is observed in molecules
M20 and M23 or M21 and M22, respectively, in accordance with the
experimental results of Gaillard and co-workers [7]. Another vali-
dation is noted comparing M4, S22, S23, S24 and S25 molecules
with respect to the desirability reduction by the halogen (e.g.,
chlorine) presence and saturated structure fragment. In general
even when some discordant desirability values are present
between the two models, the general pattern is conserved and the
results show that, at least in the AD study, as well as in the target
molecule selections, could be more useful the combination of both
methods.

In general, molecules with an electrostatic or H-bond interac-
tion (substituent) near the ortho position and a little flexibility,
without affecting the rotation of benzene, demonstrate high
affinity and selectivity at 5-HT1A receptor with increased desir-
ability in both models. In these groups the new molecules M7, M9,
M10, M14, M15, M17, M19, M20 M21 and M23 are the promising
ones. In the case of M20 and M21 the affinity for 5-HT1A is
approximately 3300 fold higher and 6600 fold (Table 5),
respectively.

The limitations of the models presented are conditioned to the
quality of fit and predictive capabilities of the initial equations. The
methodology followed to obtain the individual QSAR equations for
each receptor or any other properties of interest is the decisive
factor in the desirability estimation of a higher confidence.
Although, only a subgroup of arylpiperazines was explored, it is
possible to use the same methodology in a more general chemical
compounds group to expand the structural diversity on molecular
design and to understand the 5-HT1A and 5-HT2A receptors’
interaction.
4. Conclusion

In this work, we applied the MOOP-DESIRE method as well as an
alternative variation of the same one, with the purpose of facili-
tating the design of new compounds more selective for the 5-HT1A
receptor with respect to 5-HT2A subtype. The validation of these
methodologies is capable of reflecting the pharmacophore aspects
of both receptors.

Higher values of desirability are related with molecules without
H-donor groups or halogen atoms and with electronic density close
to the benzene ortho substitution position in agreement with the
principal pharmacophore aspects associated with 5-HT1A receptor.

Modifying the previous methodology using only one equation to
predict the desirability simplifies the overall procedures conserving
the same chemical meaning. However the combination of models
can be helpful in the final design process. We propose two mole-
cules with potentially selective capabilities: M20 and M21 with 80–
94% desirability values and highest differences between pK1A and
pK2A values. The designed molecules are not available in the Pub-
Chem molecular database and therefore experimental work is
pursued to validate these results.
Appendix A. Supplemental material

Supplementary information for this manuscript can be down-
loaded at doi:10.1016/j.ejmech.2009.09.008.
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