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Abstract
Arylpiperazine compounds are promising 5-HT1A receptor ligands that can contribute for accelerating the onset of therapeutic effect of
selective serotonin reuptake inhibitors. In the present work, the chemometric methods HCA, PCA, KNN, SIMCA and PLS were employed
in order to obtain SAR and QSAR models relating the structures of arylpiperazine compounds to their 5-HT1A receptor affinities. A training
set of 52 compounds was used to construct the models and the best ones were obtained with nine topological descriptors. The classification
and regression models were externally validated by means of predictions for a test set of 14 compounds and have presented good quality, as
verified by the correctness of classifications, in the case of pattern recognition studies, and by the high correlation coefficients (q2¼ 0.76,
r2¼ 0.83) and small prediction errors for the PLS regression. Since the results are in good agreement with previous SAR studies, we can suggest
that these findings can help in the search for 5-HT1A receptor ligands that are able to improve antidepressant treatment.
� 2007 Elsevier Masson SAS. All rights reserved.
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1. Introduction

Selective serotonin reuptake inhibitors (SSRIs) are the most
effective class of antidepressants in current clinical use. How-
ever, they present the serious drawback of a delay of two to six
weeks in the onset of therapeutic effect. This delay can be
attributed to the need of SSRI to overcome the inhibitory
influence of 5-HT1A receptor, which reduces neuronal firing
rate and neurotransmitter release. With constant administra-
tion these receptors are desensitized and the SSRI is able to
show its clinical effects [1e3].

Clinical studies have shown that when a 5-HT1A receptor an-
tagonist, such as pindolol or WAY 100635, is administrated
along with different SSRIs, an increase of extra-cellular seroto-
nin concentration in terminal areas is observed [4e6]. So, the
combination of a 5-HT1A receptor antagonist and a SSRI may
* Corresponding author. Tel./fax: þ55 16 33739975.

E-mail address: alberico@iqsc.usp.br (A.B.F. da Silva).

0223-5234/$ - see front matter � 2007 Elsevier Masson SAS. All rights reserved.

doi:10.1016/j.ejmech.2007.03.036
accelerate the onset of antidepressant action improving the effi-
cacy of the pharmacological treatment of depression [7].

The most important class of 5-HT1A receptor ligands are ar-
ylpiperazine compounds (see general structure in Fig. 1).
Some QSAR studies were performed on different series of ar-
ylpiperazines, and the main results have indicated certain
structural features required for high 5-HT1A receptor affinity
[8e11]. In a CoMFA study performed on a series of 48 aryl-
piperazines [8], and afterwards in a study employing Hansch
and ANN analyses on 32 compounds [9], Lopez-Rodriguez
et al. suggested that voluminous substituents at ortho and
meta positions of the aromatic ring Ar1 may contribute for
high 5-HT1A receptor affinities, as well as a chain of three
to four CH2s between Ar2 and N1 (see Fig. 1). Another
CoMFA study [10] had previously indicated the important fac-
tors for optimal 5-HT1A binding as the following: (i) a favor-
able steric region close to Ar1; (ii) a sterically forbidden region
near the basic nitrogen; (iii) a favorable negative charge close
to the ortho position of Ar1 and (iv) opposite lipophilic
and electrostatic effects on the nitrogen substituent [10].
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Fig. 1. General structure of arylpiperazine compounds.
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Furthermore, in a Multiple Linear Regression study [11],
a good correlation (q2¼ 0.83) between theoretical descriptors
and affinity constant values was obtained, where the electro-
static interaction between the protonated amine function and
a primary nucleophilic site of the receptor necessary for recog-
nition were described by the molecular orbital (MO) indexes
localized on the NHþ group, while short-range attractive and
repulsive intermolecular interactions were described by MO
indexes computed on the whole molecules (polar and disper-
sive forces), and by ad hoc defined size and shape descriptors
(dispersive and steric forces) [11].

In the search for a new class of antidepressant compounds
with dual activity as 5-HT1A receptor antagonists and as seroto-
nin reuptake inhibitors, Martinez-Esparza et al. synthesized
a series of arylpiperazine compounds presenting structural moi-
eties related to serotonin reuptake and also other moieties de-
rived from typical 5-HT1A receptor ligands [12]. In the
present work our aim is to construct reliable, qualitative and
quantitative structureeactivity relationship models for arylpi-
perazine compounds concerning their affinities to the 5-HT1A

receptor. In order to identify theoretical descriptors that can
be related to these affinities, we have calculated a large amount
of electronic, structural, and topological descriptors to be em-
ployed in analyses performed with the chemometric methods
PCA (Principal Component Analysis), HCA (Hierarchical
Cluster Analysis), KNN (K-nearest Neighbor), SIMCA (Soft
Independent Modeling of Class Analogy), and PLS (Partial
Least Squares), by using a protocol described previously
[13e16].

2. Methodology
2.1. Data set
From the arylpiperazine compounds synthesized by Marti-
nez-Esparza et al. [12] we selected 52 compounds to constitute
the training set (shown in Table 1) and 14 compounds for a test
set to be used in the external validation of the final chemomet-
ric models (see Table 2). The choice of compounds was done
in a manner that the two sets presented structural diversity and
a good distribution of the biological property (pKi values rang-
ing from 5.30 to 8.30). The set of compounds was split into
two classes: compounds with pKi values greater than 6.70
were assumed as higher 5-HT1A affinity compounds (Class 1)
and those with pKi <6.70 were considered as lower 5-HT1A

affinity compounds (Class 2).
2.2. Geometry optimization and descriptor calculation
The structures of all compounds were initially optimized
with the molecular mechanics method MMþ [17,18]. A final
geometry optimization was then performed by using the semi-
empirical method AM1 [19,20]. From these structures, 10 elec-
tronic descriptors were calculated with the AM1 method, and
additionally 567 topological descriptors were calculated with
the Dragon 2.1 software [21]. All these descriptors were as-
sumed to represent electronic, structural and topological prop-
erties of the compounds that can be correlated to the
5-HT1A receptor affinities experimentally observed. The che-
mometric analyses were performed with the Pirouette software
[22], after autoscaling the variable values in order to give the
same importance for all of them.
2.3. Variable selection
In order to reduce the high number of calculated descrip-
tors we have computed the Fisher’s weight, W1e2, of each
descriptor. In this way, we were able to select the ones pre-
senting good discriminating power to distinguish the higher
and the lower affinity compounds [23]. The W1e2 for the i de-
scriptor and for samples belonging to the given Classes 1 and
2 is calculated through Eq. (1):

W1�2ðiÞ ¼
½Xið1Þ �Xið2Þ�2

S2
i ð1Þ þ S2

i ð2Þ
ð1Þ

where Xi are the mean values of variables for samples from
each class and Si

2 are the variance values for each class.
The 20 descriptors presenting significant Fisher’s weight

values, i.e., W1e2> 1.00, were selected as those that possess
a better ability in the discrimination between the higher and
the lower 5-HT1A affinity compounds. After this procedure,
we tested different combinations of these descriptors until
good HCA and PCA separations were found without any
sample being located in an incorrect group. The best HCA
and PCA models were obtained with the following variables:
AECC, ICR, HVcpx, MATS5v, GATS5e, GGI5, JGI5, JGI8
and H3m. The types and definitions of these descriptors
are listed in Table 3. AECC, ICR and HVcpx are topological
indices obtained from molecular graphs [24,25]; MATS5v
and GATS5e are 2D autocorrelation descriptors, also ob-
tained from molecular graphs, by summing the products of
atom weights of the terminal atoms of all the paths of the
considered path length (the lag) [26,27]; GGI5, JGI5 and
JGI8 are Galvez topological charge indices, which evaluate
the charge transfers between pairs of atoms and the global
charge transfers in the molecule [28]; and, finally, H3m is
a GETAWAY descriptor, calculated from the elements of
the leverage matrix obtained by centered atomic coordinates
[29,30].
2.4. Chemometric analyses
The chemometric methods employed in this work can be
classified into three categories: Unsupervised Pattern Recogni-
tion (HCA and PCA), Supervised Pattern Recognition (KNN
and SIMCA) and Multivariate Calibration (PLS regression).



Table 1

Molecular structures and pKi values of the training set compounds

Compound General structure R Z Ar1 pKi

1

N
N

R

z
Ar1

H CHOH 2-Methoxyphenyl 7.32

2 H CHO-4-CF3C6H4 2-Methoxyphenyl 6.35

3 H CNOH 2-Methoxyphenyl 7.76

4 H CO 4-Chlorophenyl 6.10

5 H CHO-4-CH3C6H4 4-Chlorophenyl 5.84

6 H CHO-3,4-OCH2OC6H3 4-Chlorophenyl 6.26

7 H CO 4-Methoxyphenyl 5.30

8 H CHOH 4-Methoxyphenyl 5.30

9 H CO 2-Chlorophenyl 6.74

10 H CHOH 2-Chlorophenyl 6.94

11 H CHO-4-CF3C6H4 2-Chlorophenyl 5.30

12 H CO 4-Fluorophenyl 6.10

13 H CHO-4-CF3C6H4 4-Fluorophenyl 5.30

14 H CO 2-Pyridyl 7.30

15 H CHOH 2-Pyridyl 6.81

16 H CO 4-Nitrophenyl 5.30

17 H CHOH 4-Nitrophenyl 5.30

18 H CHO-4-CF3C6H4 4-Nitrophenyl 5.30

19 Phenyl CO 2-Methoxyphenyl 5.44

20 Phenyl CHO-4-CF3C6H4 2-Methoxyphenyl 5.30

21 Methoxy CO 2-Methoxyphenyl 5.76

22 Methoxy CHOH 2-Methoxyphenyl 6.49

23 Methoxy CHO-4-CF3C6H4 2-Methoxyphenyl 6.00

24

Ar1

S

N
N

z
R

H CHOH 2-Methoxyphenyl 7.30

25 H CHO-4-CF3C6H4 2-Methoxyphenyl 6.59

26 H CNOH 2-Methoxyphenyl 8.19

27 H CO 4-Chlorophenyl 6.15

28 H CO 2-Chlorophenyl 6.70

29 H CHOH 2-Chlorophenyl 6.70

30 H CO 1-Naphthyl 7.46

31 2,5-Dimethyl CO 2-Methoxyphenyl 8.30

32 2,5-Dimethyl CO 2-Hydroxyphenyl 8.12

33 2,5-Dimethyl CHOH 2-Hydroxyphenyl 7.04

34 2,5-Dimethyl CO 1-Naphthyl 7.00

35

S

Ar1
N

N

R

z
H CO 2-Methoxyphenyl 8.00

36 H CHOH 2-Methoxyphenyl 7.72

37 H CO 4-Chlorophenyl 5.30

38 H CHOH 4-Chlorophenyl 5.30

39 5-Methyl CO 2-Methoxyphenyl 7.76

40 Ar1
N

N
R z

H CHOH 2-Methoxyphenyl 6.38

41 H CO 4-Chlorophenyl 5.30

42 H CHOH 4-Chlorophenyl 5.30

43

S

N
NR

z
Ar1

H CO 2-Methoxyphenyl 7.36

44 H CHOH 2-Methoxyphenyl 7.70

45 H CO 4-Chlorophenyl 5.30

46 H CHOH 4-Chlorophenyl 5.30

47 H CO 2-Hydroxyphenyl 6.96

48 H CHOH 2-Hydroxyphenyl 7.74

49 H CO 4-Chloro-2-methoxyphenyl 6.30

50 H CHOH 4-Chloro-2-methoxyphenyl 6.44

51 H CHOH 4-Fluoro-2-methoxyphenyl 6.30

52 H CO 1-Naphthyl 7.00
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HCA helped us to define the classes to which the compounds
belong and PCA provided an initial knowledge of the basic
structure of the data set. KNN and SIMCA, two methods based
on the assumption that closer the samples lie in measurement
space, the more likely they belong to the same class, were
employed to build classification models for the arylpiperazine
compounds. The PLS regression was performed to obtain
a quantitative structureeactivity relationship model of the
5-HT1A receptor affinities presented by the compounds under
study. With the exception of HCA, each of these methods was
employed here in two steps. First, a model was built and re-
fined based on the training set compounds and then it was
used for making predictions of unknown samples (test set
compounds).



Table 2

Molecular structures and pKi values of the test set compounds

Compound General structure R Z Ar1 pKi

53

N
N

R

z
Ar1

H CO 2-Methoxyphenyl 7.30

54 H CHOH 4-Chlorophenyl 6.10

55 H CHO-4-CF3C6H4 4-Methoxyphenyl 5.30

56 H CO 2-Pyrimidyl 6.92

57 H CHO-4-CF3C6H4 2-Pyrimidyl 5.80

58 H CHO-4-CF3C6H4 2-Pyridyl 5.80

59 Phenyl CHOH 2-Methoxyphenyl 6.07

60
Ar1

S

N
N

z
R

H CO 2-Methoxyphenyl 7.80

61 H CHOH 4-Chlorophenyl 5.56

62 2,5-Dimethyl CHOH 2-Methoxyphenyl 7.92

63
S

Ar1
N

N

R

z

5-Methyl CHOH 2-Methoxyphenyl 7.47

64 5-Nitro CO 2-Methoxyphenyl 6.47

65

Ar1
N

N
R z

H CO 2-Methoxyphenyl 6.60

66

S

N
NR

z
Ar1

H CO 4-Fluoro-2-methoxyphenyl 6.30
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3. Results and discussion
3.1. Unsupervised pattern recognition
The goal of unsupervised pattern recognition analyses is to
find realistic densities or clusters of samples in the space
determined by the measurements, which reflect the possible
existence of meaningful interrelationships. The existence of
Table 3

Selected descriptors and their definitions

Descriptor Type Definition

AECC Topological Average eccentricity [24]

ICR Radial centric

information index [25]

HVcpx Graph vertex

complexity index [25]

MATS5v 2D autocorrelations Moran autocorrelation e lag 5/weighted

by atomic van der Waals volumes [26]

GATS5e Geary autocorrelation e lag 5/weighted

by atomic Sanderson

electronegativities [27]

GGI5 Galvez topological

charge index

Topological charge

index of order 5 [28]

JGI5 Mean topological

charge index of order 5 [28]

JGI8 Mean topological

charge index of order 8 [28]

H3m GETAWAY H autocorrelation

of lag 3/weighted by atomic

masses [29,30]
clustering in a data set is evaluated without using class mem-
bership information [31].

3.1.1. Hierarchical cluster analysis
In the Hierarchical Cluster Analysis (HCA) methodology

distances between pairs of samples are calculated and com-
pared. Small distances between samples imply that they are
similar. On the other hand, dissimilar samples will be sepa-
rated by relatively large distances. HCA starts with each
sample defined as its own cluster, then groups together similar
samples to form new clusters until all samples are part of a
single cluster. The main purpose of HCA is to represent data
in a manner that emphasizes natural groupings assigning,
thus, categories to which samples belong. The visualization
of the groups corresponding to different classes is achieved
in the form of dendrograms where these classes can be easily
identified. Different dendrograms can be obtained according to
the techniques used to link the clusters [31].

Fig. 2 shows the dendrogram of the samples obtained
with the incremental linkage. The branches on the left of
the dendrogram represent single samples. The length of
the branches linking two clusters is related to their similar-
ity. The longer the branch, the less the similarity; the
shorter the branch, the greater the similarity and, therefore,
the smaller the intercluster distance. Similarity is plotted
along the top of the graphic with 1.0 corresponding to an
exact duplicate and 0.0 indicating maximum distance and
dissimilarity [32].

In Fig. 2, our training set compounds appear clustered into
two groups: Group 1, characterized by the higher 5-HT1A



Fig. 2. Dendrogram for the training set compounds obtained with incremental

linkage.
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affinity compounds (1, 3, 9, 10, 14, 15, 24, 26, 28e36, 39, 43,
44, 47, 48, 52), and Group 2, containing the lower 5-HT1A af-
finity compounds (2, 4e8, 11e13, 16e23, 25, 27, 37, 38,
40e42, 45, 46, 49e51). Group 2 splits into two sub-groups:
sub-group 2a, in which Z substituents are CO or CHOH (see
structures in Table 1) and sub-group 2b in which most of the
compounds present the common feature of sizeable Z substit-
uents. Other common features in these groups can be
observed, as follows: in Group 1, almost all compounds pres-
ent a 2-methoxyphenyl or 2-hydroxyphenyl substituent as Ar1,
while in Group 2 most compounds present 4-chloro or 4-fluo-
rophenyl as Ar1 substituents. Additionally, most compounds
present a thiophene ring with substitutions in different posi-
tions or attached to a benzene ring. These findings are in
Fig. 3. Scores plot of PC2 against PC1
good agreement with previous SAR studies, which indicate
that ortho substitution in Ar1 as well as the presence of a thio-
phene ring in the molecule [8,9,12] is favorable for high
5-HT1A affinities.

Since the compounds are grouped according to their pKi

values (Group 1, pKi> 6.70 and Group 2, pKi< 6.70), the
classes of the compounds in all further analyses were attrib-
uted following this criterion, thus Class 1 corresponds to
Group 1 and Class 2 corresponds to Group 2.
3.1.2. PCA results
Principal Component Analysis (PCA) is a mathematical

manipulation of the data matrix where the aim is to represent
the variation present in many variables using a small number
of principal components (PCs). PCA finds linear combinations
of the original independent variables that account for maxi-
mum amounts of variation. So, the plotting of samples in the
new space formed by the first two or three PCs (placed on
the axes instead of original variables) guarantees the display
of intersample relationships to be optimal from the point of
view of the represented variance. It is important to mention
that in multivariate data, none of the original variables
describes completely the variation in the data set. However,
the first principal component is calculated in such a way that
it describes the variation in the data set more than any original
variable. Thus, PCA provides the best possible view of vari-
ability in the independent variables, which reveals whether
there is natural clustering in the data set and whether there
are outlier samples. It may also be possible to ascribe chemical
(or biological or physical) meaning to the data patterns that
emerge from PCA and to estimate which portion of the mea-
surement space is noise. Finally, a PCA model can be con-
structed which can serve as a benchmark for comparisons
with unknown samples [33,34].

Fig. 3 illustrates the scores plot of the first two PCs ob-
tained with the combination of the nine variables cited above
for the 52 training set compounds.
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(see Table 3). Together, these components contain 83% of the
total variance from the original data set providing, then, a reli-
able representation of it. In Fig. 3 it is possible to see that PC1
separates the data set in the same two groups as HCA: Group 1
(higher 5-HT1A affinity compounds) and Group 2 (lower 5-
HT1A affinity compounds).

Table 4 shows the loadings of each variable in PC1 and
PC2. There we can notice that all variables have similar im-
portance for PC1, with major contributions of GGI5, HVcpx,
ICR and AECC. On the other hand, the 2D autocorrelation de-
scriptor GATS5e presents the higher contribution to PC2.

The PCA model obtained with these variables was submit-
ted to two validation procedures: cross-validation and external
validation with the test set from Table 2. The leave-one-out
cross-validation resulted in 100% of correct information, i.e.,
no compound was incorrectly allocated. The projection of
the test set compounds in the PC space is shown in Fig. 4.
The purpose of prediction in PCA is to decide if the unknown
sample differs significantly from the training set or not. This
decision is based mainly on the magnitude of the residuals
when the unknown sample is projected into the model PC
space, i.e., samples significantly different will have large re-
siduals. For PCA prediction, a box around the scores on
each PC based on the training set values is constructed. For
each PC, the lower limit for the scores is:

tlimðlowerÞ ¼ tmin� ct�st ð2Þ

and the upper limit is:

tlimðupperÞ ¼ tmax þ ct � st ð3Þ

where tmin and tmax are the minimum and maximum values
of the scores, st is the scores standard deviation, t* is a t
value with degrees of freedom based on the number of sam-
ples in the training set and c is a constant called standard
deviation multiplier that can be changed in order to contract
or expand the boundaries around tmin and tmax by choosing
a negative and positive value, respectively [32]. In Fig. 4,
the hyperbox formed by the upper and lower score limits
is represented by the rectangle surrounding the samples.
The five test set compounds presenting higher affinities are in
the same region of the corresponding Group 1 of the training
set, as well as the lower 5-HT1A affinity test compounds are
in the Group 2 region. Thus the external validation, as well
as cross-validation, indicates that our PCA model presents
Table 4

Variable loadings in each PC

PC1 PC2

AECC 0.36 0.30

ICR 0.37 0.04

HVcpx 0.37 0.27

MATS5v 0.25 �0.60

GATS5e �0.24 0.59

GGI5 0.37 0.21

JGI5 0.29 �0.26

JGI8 0.35 0.08

H3m 0.36 0.10
good predictive ability. As the test set compounds are shown
to be similar to the training set ones, they have proved to be
suitable for being used in the external validation of all
models obtained in this work.
3.2. Supervised pattern recognition
In supervised pattern recognition methods, the training set
samples in the measurement space are previously ‘‘tagged’’
with a known classification. The primary objective is to de-
velop a rule which classifies these samples correctly and then
apply the same rule for classification of unknown samples [31].

3.2.1. KNN results
In the KNN method, the Euclidean distance separating each

pair of samples in the training set is calculated and stored in
a distance table. The class to which most of the nearest neigh-
bors belong is assigned for any particular sample. Thus, the
classification model obtained can be used in class prediction
of unknown samples [33].

The descriptors selected with the help of HCA and PCA
were employed in our KNN analysis. When considering until
nine nearest neighbors, all compounds from the training set
were correctly classified, which shows that the classes are
quite distinct and the selected variables have good discriminat-
ing ability.

An external validation of the KNN classification was
achieved for this model. As mentioned before, the criterion
used to split the training set into two classes of compounds
was also employed to assign the classes for the test set com-
pounds, i.e., compounds with pKi> 6.70 belong to Class 1
and compounds with pKi< 6.70 belong to Class 2. No predic-
tion errors were found when computing the distances to 1, 3, 5,
7 and 9 neighbors. The five higher 5-HT1A affinity compounds
from the test set were assigned to Class 1 and the nine lower 5-
HT1A affinity compounds were located in Class 2. This indi-
cates that a reliable and predictive model is obtained.

3.2.2. SIMCA results
SIMCA develops principal component models for each class

of the training set. Then, when the values of the independent
variables of a new sample are projected into the PC space of
each class, the new sample is assigned to the class it best fits.
Besides building a classification model to be used for predic-
tions of unknown samples, SIMCA also provides diagnostic
tools related to other interesting aspects of classification such
as discriminating and modeling power of variables, class dis-
tances and outlier detection. Moreover, the variance structure
of each class yields clues about category complexity and may
even reveal the phenomena causing one category to differ
from another. An additional attractive feature of SIMCA is its
realistic prediction options compared to KNN. The later assigns
every sample to exactly one training set class (the class of the
nearest neighbors) while SIMCA is able to identify if the sam-
ple does not belong to any class or if it can be member of both
classes since the outcomes are expressed probabilistically [33].



Fig. 4. Scores plot for PCA prediction performed for the 14 test set compounds.

370 K.C. Weber, A.B.F. da Silva / European Journal of Medicinal Chemistry 43 (2008) 364e372
The best SIMCA model was built with the same descriptors
as HCA, PCA and KNN. Fig. 5 presents the class distances
calculated according to the residuals of the samples when
they are adjusted to the classes. This plot is divided by two
lines that represent critical residual variances. Compounds ly-
ing in the northwest quadrant (NW) belong only to the x-axis
class, because they are at distances small enough to be consid-
ered members of this class. Similarly, compounds in the south-
east quadrant (SE) are members of the y-axis class only.
Compounds in the southwest quadrant (SW) may belong to
both classes, while the ones in the northeast quadrant (NE) be-
long to none. From Fig. 5 we can see the 29 lower 5-HT1A af-
finity compounds in the SE quadrant, which means that they
are assigned to Class 2 only. On the other hand, there are 12
higher 5-HT1A affinity compounds lying in the NW quadrant
(Class 1 only), while SIMCA predicts that 11 compounds
Fig. 5. Class distances obtained for
might belong not only to Class 1 but also to Class 2 (since
they are positioned in the SW quadrant).

This model was also employed for making predictions on
the test set compounds. For this set, no compound was pre-
dicted as not belonging to one of the classes or to both. As
the KNN model presented before, SIMCA resulted in a predic-
tive model.

Other data trends can be analyzed from the SIMCA classi-
fication. The interclass distance (a measure of class separation)
was computed as 6.22, showing that the classes are quite dis-
tinct in our SIMCA model (as a rule of thumb, classes are con-
sidered separable when the interclass distance is greater than 3
[34]). Considering the measures of variable importance, the
most relevant descriptor for separation of the classes is GA-
TS5e, which have the higher discriminating power. The
descriptor presenting the highest modeling power is AECC,
the 52 training set compounds.
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what means that this is the variable that better describes infor-
mation for the two classes of the training set.
3.3. PLS regression
Fig. 6. Plot of fitted versus experimental pKi values for the PLS regression ob-

tained with six PLS components, showing the training and test set compounds.

Table 6

Prediction residuals for the 14 test set compounds

Compound Experimental pKi Predicted pKi Residual
The chemometric regression method PLS was employed in
this work to model the dependent variable (pKi values), Y,
using a set of independent variables (Xi), representing the
chemical structures of the investigated compounds. In the
same manner as PCA, the PLS method finds linear combina-
tions of the original independent variables that account for
maximum amounts of variation. But in PLS, the loading
matrix is defined in such a way that not only the variance is
maximized but also the product of the variance times the cor-
relation to Y is optimized. Thus, in the matrix form we have
the regression equation given by:

Y ¼ XbþF ð4Þ

where b is the regression vector and F represents the residual
errors in estimating Y.

The best model is chosen on the basis of the cross-valida-
tion predicted residual error sum of squares (PRESS). The op-
timal number of PLS components is the one that minimizes
PRESS. If the model presents good quality, which is verified
mainly by the correlation coefficients r2 and q2 and also by
the prediction residuals, it can be then used for making predic-
tions of the biological properties of unknown compounds
structurally similar to the ones from the training set [35].

The best PLS model found in this work was built with the
same descriptors as the pattern recognition models presented
before. The optimal number of PLS components was chosen
by evaluating PRESS, for the residuals of prediction from
the cross-validation of the model, leaving one sample out
(see Table 5). The optimal estimated number of PLS compo-
nents was six, which is the one corresponding to the lowest
PRESS and highest q2. This resulted in a model with
r2¼ 0.83 and q2¼ 0.76, which indicates that a predictive
model is obtained. Fig. 6 shows the regression plot for the pre-
dicted pKi values against the experimental ones for the training
set compounds. Most of the prediction residuals are smaller
than 0.60, with only two compounds presenting high residuals
(0.92 and 0.99, for compounds 19 and 33, respectively).

Fig. 6 also shows the plot of test set compounds used to per-
form an external validation of the PLS model. The results of
Table 5

Variance percentage, PRESS, q2 and r2

PLS component % Cumulative variance PRESS q2 r2

1 66 17.757 0.621 0.654

2 81 12.645 0.730 0.776

3 87 11.911 0.746 0.811

4 92 11.597 0.754 0.825

5 95 11.342 0.759 0.831

6 98 11.305 0.760 0.832

7 100 11.539 0.755 0.833

8 100 12.091 0.744 0.834

9 100 12.185 0.743 0.835
predictions for the test set are shown in Table 6. There we
can see that the prediction errors are not higher than 0.34 (ex-
cept compound 64), indicating that a model with good predic-
tive power is obtained.

When we compare the results obtained with our chemomet-
ric analyses, we can notice that the qualitative and quantitative
structureeactivity relationship models presenting reliability
and predictive power were obtained with the same set of vari-
ables, which is a strong indication that the descriptors selected
in our work are important for 5-HT1A receptor affinity and also
that our correlations are not obtained by chance. The models are
able to separate the compounds according to their pKi values
and the following requirements to receptor affinity become ev-
ident in the two groups of compounds (Class 1 and Class 2): or-
tho substitution in Ar1 ring and a thiophene ring instead of
phenyl or naphthyl rings. This is in agreement with previous
SAR studies with arylpiperazine compounds [8,9,12]. Addi-
tionally, the principal components (in PCA and SIMCA analy-
ses) and the latent variables (PLS components) built with these
53 7.30 7.22 0.08

54 6.10 5.79 0.30

55 5.30 5.54 �0.24

56 6.92 7.03 �0.11

57 5.80 6.14 �0.34

58 5.80 6.09 �0.29

59 6.07 6.05 0.02

60 7.80 7.69 0.11

61 5.56 5.80 �0.24

62 7.92 7.59 0.33

63 7.47 7.20 0.27

64 6.47 5.78 0.69

65 6.60 6.51 0.10

66 6.30 6.06 0.24
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descriptors account for significant percentages of the whole var-
iance in the data matrix, showing that the data structure was
well captured by the variables used in the models. Through
all these considerations, we feel very confident in assuring
that the PLS model obtained here, as well as the pattern recog-
nition models, can be helpful in the design of new arylpipera-
zine compounds similar to our training set compounds.
4. Conclusions

In this work, reliable and predictive SAR and QSAR models
were obtained by means of chemometric approaches using a set
of fast and easily calculated descriptors. All models have pre-
sented internal consistency and are externally validated with
a test set of compounds. The selected descriptors, which en-
code useful information about several aspects of molecular
structure, have shown to be closely related to 5-HT1A receptor
affinities presented by the compounds under study, since they
were successfully employed in all chemometric analyses. Ster-
ical properties are well represented by the topological indices.
The selection of Galvez charge indices indicates the impor-
tance of electronic features of the compounds that may be in-
volved in ligand binding to the receptor. Moreover, the
characteristics of the compounds in each studied group (Class
1 and Class 2) are in good agreement with previous SAR anal-
ysis on arylpiperazine compounds, and confirm the accepted
requirements for 5-HT1A receptor recognition.
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