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A classical quantitative structure-activity relationship (Hansch) study and artificial neural
networks (ANNs) have been applied to a training set of 32 substituted phenylpiperazines with
affinity for 5-HT1A and R1-adrenergic receptors, to evaluate the structural requirements that
are responsible for 5-HT1A/R1 selectivity. The resulting models provide a significant correlation
of electronic, steric, and hydrophobic parameters with the biological affinities. Although the
derived linear Hansch correlations give good statistics and acceptable predictions, the
introduction of nonlinear relationships in the analysis gives more solid models and more
accurate predictions. In the ANN models on the basis of the obtained 3D plots, the 5-HT1A
affinity has a nonlinear dependence on F, Vo, Vm, and πo, although the nonlinear relationship
is not far from a planar one. The R1-adrenergic receptor affinity has a clear nonlinear dependence
on F, Vo, Vm, πo, and πm. A comparison of both analyses gives an additional understanding for
5-HT1A/R1 selectivity: (a) high F values increase the binding affinity for 5-HT1A receptors and
decrease the affinity for R1 sites; (b) the hydrophobicity at the meta-position has only influence
for the R1-adrenergic receptor; (c) the meta-position seems to be implicated in the 5-HT1A/R1
selectivity. While the 5-HT1A receptor is able to accommodate bulky substituents in the region
of its active site, the steric requirements of the R1-adrenergic receptor at this position are more
restricted. This information was used for the design of the new ligand EF-7412 (33) (5-HT1A:
Ki exptl ) 27 nM, R1: Ki exptl > 1000 nM; 5-HT1A: Ki pred ANN ) 36 nM, R1: Ki pred ANN ) 2745 nM)
which was characterized as an antagonist in vivo in pre- and postsynaptic 5-HT1AR sites.
Computational simulations of the complex between EF-7412 (33) and a 3D model of the
transmembrane domain of the 5-HT1A receptor allowed us to define the molecular details of
the ligand-receptor interaction that includes: (i) the ionic interaction between the protonated
amine of the ligand and Asp 3.32; (ii) the hydrogen bonds between the m-NHSO2Et group of
the ligand and Asn 7.39; and the hydrogen bonds between the hydantoin moiety of the ligand
and (iii) Thr 3.37, (iv) Ser 5.42, and (v) Thr 5.43. These QSAR and ANN results in combination
with computational simulations of ligand recognition will be useful for the design of potent
selective 5-HT1A ligands.
Introduction
The formulation of quantitative structure-activity
relationships (QSAR) is an important tool in the development of new agents because it can keep the number
of synthesized and tested compounds to a minimun.
Hansch1 demonstrated that the biological activities of
drug molecules can be correlated by a linear combination of the physicochemical parameters of the corresponding drug. However in the cases that biological
activities do not vary in a linear manner with physico† Dedicated to Professor José Luis Soto on the occasion of his 70th
birthday.
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chemical parameters, cross-product terms must be
included in the regression analysis. This adds complexity to data analysis and interpretation. During the past
years artificial neural networks (ANNs) have been
applied successfully in the QSAR field.2,3 It has been
demonstrated that this new technique is often superior
to the traditional Hansch approach, providing more
accurate predictions. The advantage of ANNs is that
with the presence of hidden layers, neural networks are
implicitly able to perform nonlinear mapping of the
physicochemical parameters to the corresponding biological activities.4
The preceding paper in this series describes the
design and synthesis of a test series of 32 arylpiperazine
derivatives with affinity for 5-HT1A and R1-adrenergic
receptors. The wide range of receptor affinities of these
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Table 1. 5-HT1A and R1-Adrenergic Receptor Binding Dataa
R1

5-HT1A

Figure 1. Compounds 1-32.

compounds, which is due to a rational choice of substituents, makes this material suitable for a QSAR investigation.
A classical Hansch regression analysis and ANNs
were employed to sort out the structural requirements
that are responsible for 5-HT1A/R1 selectivity. This type
of analysis leads to the identification and characterization of the physicochemical factors of the pharmacophore on which biological affinity and selectivity (5-HT1A
vs R1 affinity) are based. In the present paper we report
the results of this study, which provided information
for the design of the ligand EF-7412 (33) (5-HT1A: Ki
) 27 nM; R1: Ki > 1000 nM).
The 5-HT1A receptor (5-HT1AR) belongs to the family
of G protein-coupled receptors (GPCRs). Recently, the
detailed 3D structure of bovine rhodopsin (RHO) was
determined at 2.8 Å resolution.5 This major breakthrough has confirmed that RHO and the RHO-like
family of GPCRs are formed by seven antiparallel
R-helical transmembrane domains connected by hydrophilic loops. The highly conserved motifs that characterize the RHO-like family of GPCRs are all located in the
transmembrane region, which suggests a common transmembrane structure. In contrast the extracellular domain diverges in the GPCRs family.6 Here we present
the derivation, from the crystal structure of RHO,5 of a
computational model of the complex between EF-7412
(33) and the transmembrane domain of the 5-HT1AR.
The computed model rests on the definition of the
putative residues of the ligand-binding site guided by
published results of modifications of GPCRs using
methods of molecular biology. These insights obtained
from classical Hansch analysis, ANNs, and computational simulations of ligand recognition can be used to
guide the design of ligands with predetermined affinities
and selectivity.
Materials and Methods
Data Set. The training set of 32 phenylpiperazines
substituted in the ortho- and meta-positions (Figure 1)
was evaluated for in vitro 5-HT1A and R1-adrenergic
receptor affinities by radioligand binding assays. The
compounds were first tested at the fixed dose of 10-6
M, and for those that in this prescreening process
presented high activity (displacement of the radioligand
g55%), the dose-response curves were determined.
However, for the members of the series showing low
activity (displacement < 55%) the binding constants
were not determined. Nevertheless, low-activity compounds of a drug series allow the activity scale to be
expanded. Obviously a broad range of activity data
facilitates the recognition of QSAR relationships. The
estimation of the IC50 values for the compounds where
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a K ( SEM values were derived from 2-4 experiments peri
formed in triplicate. b SEM is indicated when Ki values were
obtained from complete DRCs. c pKi values were calculated from
Ki values in M.

only one point of the curve was available was performed
by the application of a method,7 which consists of a
simultaneous nonlinear regression analysis of all doseresponse curves (DRCs) of the drug series using eq 1:

% SB ) 100(1 - Cib/(IC50jb + Cib))

(1)

where SB is the specific binding of radioligand, b is the
slope, i ) 1...n (measurements), and j ) 1...m (number
of compounds).
This analysis is performed under the assumption that
all derivatives present the same mechanism of action
within the given test model (i.e., parallel sigmoidal
DRCs, identical Hill coefficients/slopes). This approach
requires that complete DRCs (g3 data pairs) are available for some analogues. Missing IC50 values are
obtained from “fragmentary” DRCs by a computational
parallel shift of complete DRCs. IC50 values were
converted to Ki values (Table 1) using the ChengPrusoff equation.8
Each chemical structure was described by six physicochemical parameters and three indicator variables.
As electronic descriptors, the field and resonance constants of Swain and Lupton (F, R) were used. To attend
a better quantification of the electrostatic effects, the
ortho- and meta-position factors calculated by Williams
and Norrington9 were introduced. The van der Waals
volumes (Vo, Vm) calculated with the SYBYL program10
were employed as steric parameters. The hydrophobic
effects exerted by the ortho- and meta-substituents were
measured using Hansch πo and πm constants.11
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Table 2. Indicator Variables and Physicochemical Parameters
Used in the QSAR Study
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0.689
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0.703
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0.712
0.515
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0.618
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1.057
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0.038
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-0.061
-0.122
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-0.095
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0.121
0.159
-0.095
-0.431
-0.475
0.038
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-0.122
0.121
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-0.431
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a

Data taken from ref 9. b Calculated with the SYBYL program.
c Data taken from ref 11.
Table 3. Correlation Matrix for the Indicator Variables and
Physicochemical Descriptors
IA
IA
IB
In)3
F
R
Vo
Vm
πo
πm

IB

1
0 1
0 0
0 0.075
0 -0.021
0 0.048
0 -0.012
0 -0.002
0 0.180

In)3

1
0
0
0
0
0
0

F

R

Vo

Vm

πo

πm

1
0.480 1
0.243 -0.052 1
-0.096 0.019 -0.547 1
-0.316 -0.500 0.562 -0.238 1
0.366 0.232 -0.110 0.178 -0.048 1

The indicator variables IA, IB and In)3 indicate the
presence or absence of certain structural elements: IA
) 0 or 1 for X ) -(CH2)3- or -(CH2)4-, IB ) 0 or 1 for
m ) 0 or 1, and In)3 distinguishes between compounds
where n ) 3 (In)3 ) 1) and n ) 4 (In)3 ) 0). The values
of the input parameters as well as the intercorrelation
among the physicochemical descriptors and the indicator variables are shown in Tables 2 and 3.
Hansch Method. A classical Hansch multivariate
regression analysis using the least-squares method12
was used to derive QSAR equations for our data set.
The level of significance of each coefficient is judged by
statistical procedures such as the Student t and F
tests.13
To obtain suitable equations two factors must be
taken into account. First, the ratio of compounds to
variables should be greater than 5, and second, a
minimal intercorrelation among the independent variables should be observed.
ANN. The neural network employed for this modeling
was a fully connected three-layer network (input, hidden, output) trained by back-propagation (BP) of error.14
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The hidden and output neurons received an additional
constant input, the “bias”. For the input layer a linear
transfer function was used, and for the hidden and
output layer the following sigmoid was taken, to enable
modeling of nonlinear relations:

outj ) f(netj) ) 1/(1 + e-netj)
netj )

∑i (wji outi) + biasi

(2)
(3)

The input to neuron j, netj, is calculated by eq 3 where
outi represents the output values from neurons i connected to j, wji is the connection weight between neurons
i and j, and biasi is the intercept of the linear combination ∑i(wji outi) which can be regarded as an extra
weight of the neuron with a constant output of 1.
Feedforward calculations and error BP were employed
in this study. The BP algorithm is based on a gradient
descent method to minimize an error function E with
respect to the connection weights (wji) and biases from
the output layer toward the input layer. E is given as
follows:
i)N

E)

i)N

Ei 2 ) ∑ [yi(obsd) - yi(cald)]2
∑
i)1
i)1

(4)

where N is the number of objects in the training set, Ei
represents the error of the ith training data, yi(cald) is
the calculated output value for the ith training data
from the output neuron, and yi(obsd) is the observed
value. Once the actual error produced by the network
is known, partial derivatives of the error function are
used to change the connection weights from their
initially assigned random values according to the following equation:2

+ µ∆wjil(previous)
∆wji l ) ηδlj outl-1
i

(5)

in which ∆wij denotes the applied adaptation of the
weights from unit i to unit j in the next layer, δlj is the
calculated correction factor of these weights, outi is the
output of unit i, η is the learning rate, and µ is the
momentum term. The learning rate, η, which determines the speed at which the weights change, is used
to dampen the rate of change of the weights from
iteration to iteration, whereas the momentum, µ, adds
a certain amount of the weight change in the previous
presentation to keep the direction of change from
varying too fast, preventing possible oscillations.
The biological affinity (pKi) data set was scaled to lie
in the range of -0.9 to +0.9, so as to allow margin for
network predictions at the extremes. The input variables were scaled to lie in the range -0.75 to +0.75.
The error BP was performed after each iteration. The
networks were trained until no further significant
change in the standard deviation, s, between observed
and calculated affinities was observed. The optimal
number of hidden neurons was determined by gradually
eliminating nodes.15 In all calculations random numbers
in the range -0.1 to +0.1 were used to initialize the
network weights. The momentum parameter was set at
0.7, while the learning rate was initially set at 0.1 and
was reduced to 0.01 or 0.005 if oscillations in s were
observed.
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Table 4. Equations for QSAR of the 5-HT1A Serotoninergic Receptor
equationsa

r

SE

F

pKi ) 7.66((0.18; 0.38; 42.5) - 0.251((0.114; 0.237; 2.19)IA - 0.145((0.117; 0.244; 1.23)IB 0.762((0.114; 0.237; 6.64)In)3 + 1.62((0.26; 0.54; 6.23)F + 0.078((0.353; 0.733; 0.221)R 0.0284((0.0034; 0.0071; 8.24)Vo - 0.0195((0.0029; 0.0062; 6.53)Vm + 1.24((0.15; 0.31;
8.23)πo +0.136((0.160; 0.332; 0.848)πm (6)
pKi ) 7.65((0.17; 0.36; 45.0) - 0.251((0.112; 0.232; 2.23)IA - 0.147((0.114; 0.237; 1.28)IB 0.762((0.114; 0.232; 6.78)In)3 + 1.63((0.25; 0.52; 6.47)F - 0.0282((0.0033; 0.0068; 8.54)Vo
- 0.0195((0.0029; 0.0060; 6.67)Vm + 1.22((0.13; 0.27; 9.24)πo + 0.143((0.154;
0.318; 0.928)πm (7)
pKi ) 7.60((0.16; 0.34; 47.5) - 0.251((0.112; 0.231; 2.24)IA - 0.128((0.112; 0.231; 1.14)IB 0.762((0.112; 0.231; 6.80)In)3 + 1.74((0.21; 0.45; 8.00)F - 0.0292((0.0031; 0.0064; 9.30)Vo
- 0.0192((0.0029; 0.0060; 6.63)Vm + 1.26((0.12; 0.25; 10.08)πo (8)
pKi ) 7.55((0.16; 0.33; 47.2) - 0.251((0.112; 0.232; 2.23)IA - 0.762((0.112; 0.232; 6.76)In)3 +
1.73((0.21; 0.45; 7.90)F - 0.0292((0.0031; 0.0065; 9.28)Vo - 0.0193((0.0029; 0.0060;
6.61)Vm + 1.26((0.12; 0.26; 10.02)πo (9)

0.944

0.325

19.923

0.944

0.318

23.374

0.941

0.317

26.743

0.938

0.319

30.613

a

n ) 32.

Molecular Model of the Complex between EF7412 (33) and 5-HT1AR. The 3D model of the transmembrane domain of the 5-HT1AR was constructed by
computer-aided model building techniques from the
crystal structure of RHO5 (PDB access number 1F88).
Conserved residues Asn 55 (residue number in the PDB
file) or Asn 1.50 (nomenclature of Ballesteros & Weinstein),16 Asp 83 or Asp 2.50, Arg 135 or Arg 3.50, Trp
161 or Trp 4.50, Pro 215 or Pro 5.50, Pro 267 or Pro
6.50, and Pro 303 or Pro 7.50 were employed in the
alignment of RHO and human 5-HT1AR transmembrane
sequences. The obtained molecular model was energy
minimized (5000 steps), heated from 0 to 600 K in 30
ps, equilibrated from 30 to 150 ps at 600 K, cooled to
300 K from 150 to 210 ps, and equilibrated from 210 to
300 ps at 300 K. During these processes the CR atoms
and the conserved residues were kept fixed at the
positions originally determined in the crystal structure
of RHO.5 This procedure allows the arbitrarily positioned amino acid side chains to adopt an energetically
favorable conformation.
The mode of recognition of the ligands was first
determined by ab initio geometry optimization with the
3-21G* basis set. The model system consisted on Asp
3.32 and Asn 7.39 (only the CR atom of the backbone is
included) of the 5-HT1AR and the ligands pindolol (the
indole ring and the terminal -CH(CH3)2 were replaced
by methyl groups) and EF-7412 (33) (the hydantoin
moiety plus the -(CH2)4- chain were replaced by a
methyl group). All free valences were capped with
hydrogen atoms. The CR atoms of Asp 3.32 and Asn 7.39
were positioned and kept fixed at the positions previously obtained.5 The optimized reduced model of the
ligand-receptor complex was used to position the
complete structure of EF-7412 (33) inside the previously
equilibrated transmembrane domain of the 5-HT1AR.
Subsequently, the complete system was energy minimized (5000 steps), heated (from 0 to 300 K in 15 ps)
and equilibrated (from 15 to 500 ps). The geometries
obtained during the trajectory from 400 to 500 ps (a total
of 20) were averaged and energy minimized. The CR
atoms were kept fixed at the positions originally determined5 because of the absence of the lipid environment
in the molecular dynamics simulations.
Quantum mechanical calculations were performed
with the GAUSSIAN-98 system of programs.17 Molecular dynamics simulations were run with the Sander
module of AMBER5,18 the all-atom force field,19 SHAKE
bond constraints in all bonds, a 2 fs integration time

step, and a 13 Å cutoff for nonbonded interactions.
Parameters for EF-7412 (33) were adapted from the
Cornell et al. force field19 using RESP point charges.20
Results and Discussion
Hansch Analysis. 5-HT1A Hansch Model: Hansch
equations for the serotoninergic receptor were derived
from multiple regression analysis between the pKi
values at the 5-HT1A sites and the physicochemical
parameters discussed in the Materials and Methods
section. In eqs 6-9 reported in Table 4, n is the number
of compounds, r is the correlation coefficient, SE is the
standard error, and F is the value of the F test. The
significance of each regression coefficient is expressed
by its standard error, the partial correlation coefficient,
and the Student t, all of them in parentheses. Analysis
of the initial eq 6 reveals that IB, R, and πm are not
statistically significant. The stepwise elimination of
these descriptors from the analysis led to the eqs 7-9
in which electronic, steric, and hydrophobic effects are
involved. Equation 9 was adopted as the final model,
first because of its greater simplicity and second due to
its satisfactory overall correlation.
Equation 9 shows that the structural features X )
-(CH2)4- and especially n ) 3 exert a negative effect
on the affinity. High and positive values of F along with
hydrophobic substituents at the ortho-position increase
the 5-HT1A affinity. The above results also indicate that
bulky substituents should be avoided for high affinity.
Among the substituents that keep these requirements,
we have selected o-Br and o-OPh in order to evaluate
the predictive capacity of the model. Two new ligands,
34 and 35, were synthesized. The experimental and
predicted values for both tested compounds are presented in Table 5, showing an acceptable overall agreement. The fact that the affinity of 35 is greater than
expected for such a bulky substituent as the o-OPh
indicates that the receptor is able to accommodate bulky
substituents in this region of its active site.
r1 Hansch Model: An approach identical to that
used in the development of the QSAR for 5-HT1AR
ligands was applied to the binding of the same ligands
to the R1-adrenergic receptor, leading to the stepwise
development of eqs 10-14 (Table 6). Following the same
criteria as for the serotoninergic receptor, eq 14 was
selected as the best model. This equation indicates that
the length of the alkyl chain seems to be irrelevant,
while the presence of the hydantoin moiety exerts a
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Table 5. Experimental and Predicted 5-HT1A Ki (eq 9) and R1
Ki (eq 14) Values of Compounds 34 and 35

Using this technique, the weights are adjusted in a way
that their differences are increased, allowing to distinguish which of them are less important and, therefore,
to prune the corresponding input neuron. In Table 7 are
shown the connection weights between the input layer
and the hidden layer. As all inputs were scaled to an
input range of -0.75 to +0.75, the magnitude of the
connection weights after training gave a direct indication of the contribution of each input parameter. Thus
the input parameters with the smallest connection
weights contributed least. To prune a given input
parameter, the connections to the three hidden neurons
should be small. Only two descriptors, R and πm,
fulfilled this condition. The elimination of two input
neurons yields a 7-3-1 network with F ) 1.1. This F
value is still low, and for the final model an architecture
of 7-2-1 was chosen with F ) 1.7. Four sets of
randomly assigned connection weights and biases were
used to estimate the correlation coefficients corresponding to the global minimum of the network. For the final
model r, r2, and s of the training set are 0.983, 0.966,
and 0.149, respectively (Table 8).
To validate the model, the affinities for compounds
34 and 35 were predicted (Table 9). In light of these
results, one can be confident that the neural network
is able to provide reliable predictions of biological
affinities of novel arylpiperazines.
Dependence of Biological Activity on the Physicochemical Parameters: The relative importance of
each parameter in affecting the biological activity was
investigated. It is known that the ANN model is difficult
to interpret because it consists of some hidden nodes
which produce nonlinear outputs for describing the
nonlinear behavior in the data set. However, the variation of the affinity can be monitored in 3D diagrams by
changing the values of two inputs while keeping the
remaining inputs of the neural network constant at onehalf of their maximum ranges. On the basis of the
obtained plots, the 5-HT1A affinity seems to have a
moderate nonlinear dependence on F, Vo, Vm and πo,
although the nonlinear relationship is not far from the
planar one. This fact explains why the Hansch model
shows an acceptable predictive power. It is interesting
to note that the neural network is consistent with some
of Hansch findings. First, both the neural network
model and linear regression analysis agreed that positive values of F together with hydrophobic substituents
at the ortho-position give high affinities, and second,
bulky substituents exert a negative effect. The main
discrepancy between the neural network model and the
regression analysis seems to be the effect of IB. While
the size of the ring is irrelevant for the Hansch model,
in the neural network model the highest values of
affinity are observed for IB ) 0. These findings demonstrate that although the Hansch model is able to
describe some features governing the 5-HT1A affinity,
the ANN model reveals a certain nonlinear tendency,
offering a better insight into the factors that are
resposible for the serotoninergic affinity and shows an
enhanced predictive capacity.
r1 ANN Model: The same set of 32 phenylpiperazines
was used to carry out this study. Initially a network
with a configuration 9-3-1 was employed. The application of the forgetting effect led to the weights record in

R1

5-HT1A
compd
34
35

R

F

πo

Vo

Ki exptl ( Ki pred Ki exptl ( Ki pred
SEM (nM) (nM) SEM (nM) (nM)

o-Br 0.907 0.86 17.2 3.4 ( 0.6
o-OPh 0.932 2.08 89.8 0.6 ( 0.2

0.4
1.2

6.2 ( 1.8
2.4 ( 0.6

0.4
2.5

slightly positive effect at the R1-adrenergic active site.
Electronic and hydrophobic requirements suggest that
high and positive values of F as well as positive
contributions of π at the ortho-position increase the R1adrenergic receptor affinity. Equations 14 and 9 show
that electronic and hydrophobic effects play a similar
role in increasing affinity at both R1-adrenergic and
5-HT1A sites. With respect to the steric effects, bulky
substituents decrease the affinity. However, it is interesting to note that negative steric effects are especially
significant at the meta-positon in eq 14, which indicates
an important difference between the binding requirements at the 5-HT1A active site and the R1-adrenergic
receptor. Thus, the meta-position seems to be implicated
in the 5-HT1A/R1 selectivity. Again, compounds 34 and
35 were used to investigate the predictive power of the
derived model (Table 5).
Although the MLR studies conducted for the 5-HT1A
and R1-adrenergic receptors have generated equations
with an acceptable predictive power, it was desirable
to investigate possible nonlinear relationships that may
not be explained by the linear Hansch models.
ANN Analysis. 5-HT1A ANN Model: A three-layer
BP learning network was used to study the set of 32
phenylpiperazines described above. The connection
between the three different layers was complete. Initially the number of neurons in the input layer was
equal to 9, identical to the number of molecular descriptors and indicator variables, whereas the output layer
had only one neuron. The number of neurons in the
hidden layer was determined by trial and error. The best
correlation coefficient and lower standard deviation was
obtained with three hidden layer neurons (9-3-1). The
number of nodes in the hidden layer is an important
factor determining the network’s performance. It was
found that too many nodes cause the network to
memorize the data set (overfitting). However, networks
with few nodes may be insufficient to use all the
information of the data set (underfitting) and generalization is poor. It is desirable to establish a network
which generalizes the input patterns rather than merely
memorizing them. Previous studies conducted to determine the appropriate number of hidden units suggest
that F, the ratio of the number of data points to the
number of adjustable weights in the neural network,
should have a value between 1.8 and 2.3.4,21 For a
network with a 9-3-1 configuration, the number of
weights is 34, therefore F ) 0.9, far from the optimal
values. To reduce the complexity of the multilayer
network and improve its ability to generalize, we have
applied the ‘forgetting’ method22 to the 9-3-1 network.
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Table 6. Equations for QSAR of the R1-Adrenergic Receptor
equationsa

r

SE

F

pKi ) 7.73((0.24; 0.51; 32.2) - 0.132((0.153; 0.318; 0.861)IA - 0.321((0.157; 0.327; 2.03)IB +
0.115((0.153; 0.318; 0.749)In)3 + 1.14((0.34; 0.72; 3.26)F - 0.355((0.473; 0.982; 0.751)R 0.0281((0.0046; 0.0095; 6.09)Vo - 0.0421((0.0040; 0.0083; 10.52)Vm + 1.03((0.20; 0.41;
5.11)πo + 0.30((0.215; 0.446; 1.41)πm (10)
pKi ) 7.79((0.235; 0.486; 33.1) - 0.132((0.152; 0.315; 0.869)IA - 0.321((0.156; 0.323; 2.05)IB +
1.14((0.34; 0.71; 3.29)F - 0.355((0.469; 0.971; 0.758)R - 0.0281((0.0045; 0.0094; 6.15)Vo
- 0.0421((0.0039; 0.0082; 10.62)Vm + 1.03((0.20; 0.41; 5.16)πo + 0.304((0.213;
0.440; 1.42)πm (11)
pKi ) 7.84((0.22; 0.46; 35.6) - 0.132((0.150; 0.311; 0.877)IA - 0.309((0.154; 0.318; 2.01)IB +
1.101((0.33; 0.70; 3.24)F - 0.0288((0.0044; 0.0091; 6.48)Vo - 0.0422((0.0039; 0.0081;
10.72)Vm + 1.09((0.17; 0.36; 6.15)πo + 0.272((0.207; 0.427; 1.31)πm (12)
pKi ) 7.77((0.21; 0.43; 36.7) - 0.309((0.153; 0.315; 2.01)IB + 1.10((0.33; 0.69; 3.26)F 0.0288((0.0044; 0.0091; 6.51)Vo - 0.0422((0.0039; 0.0080; 10.77)Vm + 1.09((0.17;
0.36; 6.18)πo + 0.272((0.206; 0.424; 1.32)πm (13)
pKi ) 7.68((0.19; 0.41; 40.4) - 0.272((0.152; 0.314; 1.78)IB + 1.32((0.29; 0.61; 4.44)F 0.0306((0.0042; 0.0087; 7.16)Vo - 0.0417((0.0039; 0.0081; 10.54)Vm + 1.17((0.17;
0.35; 6.86)πo (14)

0.933

0.435

16.528

0.932

0.431

18.884

0.930

0.427

21.887

0.927

0.425

25.644

0.922

0.431

29.570

a

n ) 32.

Table 7. Values of the Connection Weights between the Input
and Hidden Layers for the 5-HT1A ANN Model
IA
IB
In)3
F
R
Vo
Vm
πo
πm
bias

N1

N2

N3

0.492
-0.340
0.174
-0.612
0.045
-0.052
0.479
-0.633
-0.280
0.355

-0.744
0.641
0.641
-0.259
-0.044
-0.048
0.229
-0.254
-0.050
1.251

-0.127
-0.549
0.191
-0.041
0.073
-2.340
-0.046
0.937
0.048
2.017

Table 8. ANN Models
receptor

nonsignificant
parameters

architecture

r

r2

s

5-HT1A
R1

R, πm
R

7-2-1
8-2-1

0.983
0.991

0.966
0.982

0.149
0.136

Table 9. Experimental and Predicted Ki Values by ANN
Models of Compounds 34 and 35
R1

5-HT1A
compd

Ki exptl (
SEM (nM)

Ki pred
(nM)

Ki exptl (
SEM (nM)

Ki pred
(nM)

34
35

3.4 ( 0.6
0.6 ( 0.2

1.5
1.7

6.2 ( 1.8
2.4 ( 0.6

3.2
7.2

Table 10. Values of the Connection Weights between the
Input and Hidden Layers for the R1 ANN Model
IA
IB
In)3
F
R
Vo
Vm
πo
πm
bias

N1

N2

N3

-0.173
0.049
-0.094
0.328
0.033
0.049
-0.456
0.683
-0.994
0.313

-0.246
0.553
0.609
0.292
-0.278
-1.526
-1.517
0.405
2.582
0.047

-0.751
1.867
0.733
-0.049
0.045
0.030
0.103
-0.072
0.044
1.642

Table 10. In this case only one descriptor, R, could be
eliminated, leading to the final architecture 8-2-1,
with 21 connection weights and F ) 1.5. The training
process was repeated five times in order to find the
global minimum of the network. For the final model r,
r2, and s are 0.991, 0.982, and 0.136, respectively (Table
8). To investigate the predictive power of the derived

model, the affinities for compounds 34 and 35 were
calculated (Table 9). A comparison of the observed and
predicted values for both tested compounds shows a
satisfactory agreement.
Dependence of Biological Activity on the Physicochemical Parameters: As for the 5-HT1AR, the
variation of the affinity for the R1-adrenergic receptor
was monitored in 3D diagrams by changing the values
of two inputs while keeping the remaining ones at onehalf of their maximum ranges. The obtained plots show
a clear nonlinear dependence of the affinity on F, Vo,
Vm, πo and πm. Moreover, the depicted surfaces do not
appear to be simple mathematical functions. Nevertheless, the comparison of the Hansch analysis on this set
of compounds with the ANN model shows certain
similarities. For both models hydrophobic substituents
at the ortho-position result in high activities, while
bulky substituents at the ortho and especially at the
meta-positions exert the opposite effect. The major
difference between both models lies in the polar effects.
In the Hansch correlation eq 14 high values of F
strongly favor an increase in the predicted receptor
affinity. 3D diagrams show clearly that an increase in
the electronic parameter F exerts a detrimental effect
on the affinity. A second difference was found on the
lipophilicity of substituents at the meta-position. While
in the Hansch model the hydrophobic properties of the
groups at this position have no effect, in the ANN model
high values of πm were found to favor an increase in
the predicted affinity. The explanation for these discrepancies between the neural network model and
linear regression analysis seems to be the implicit
nonlinear mapping performed by the neural network.
Indeed the capability of the ANN to develop nonlinear
terms underlines the strength of this approach and the
improvements obtained.
Comparison of the 5-HT1A and r1 ANN Models.
A comparison of both analyses gives an additional
understanding for the 5-HT1A/R1 selectivity, leading to
three important differences between both receptors. (a)
Electrostatic factors: the polar factors are much more
important for the 5-HT1AR than for the R1-adrenergic
receptor. The serotoninergic affinity increases with the
increase of F values, while for the R1-adrenergic receptor
the opposite effect was found. (b) Lipophilicity: hydrophobic substituents at the ortho-position result in high
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Table 11. Experimental and Predicted Ki Values for EF-7412
(33) According to Hansch and ANN Models at 5-HT1A and
R1-Adrenergic Receptors

Ki pred (nM)
receptor

Ki exptl ( SEM (nM)

Hansch

ANN

5-HT1A
R1

27 ( 8
>1000

98
3158

36
2745

affinities, for both receptors. However, highly lipophilic
groups at the meta-position only potentiate the affinity
for the R1-adrenergic receptor. (c) Steric requirements
at the meta-position: the meta-position seems to be
significantly involved in the 5-HT1A/R1 selectivity. While
the 5-HT1AR is able to accommodate bulky substituents
(about 60 Å3) in the region of its active site, the steric
requirements of the R1-adrenergic receptor at this
position are more restricted (between 0 and 22 Å3).
These results suggest that a good way to improve the
5-HT1A/R1 selectivity would be the synthesis of longchain derivatives (n ) 4) bearing a hydantoin moiety,
according to the Hansch and ANN analysis, respectively. Both models reveal that the meta-position seems
to be implicated in the 5-HT1A/R1 selectivity. Thus bulky
substituents with high F values and low π values would
show an important selectivity for the 5-HT1AR. Among
the different groups that fulfill these requirements
m-NHSO2Et was chosen (F ) 0.419, πm ) -0.64, Vm )
65.31). On these bases, the new ligand EF-7412 (33) (X
) -(CH2)3-, m ) 0, n ) 4, R ) m-NHSO2Et) was
designed and synthesized. This analogue exhibits a high
selectivity for the 5-HT1AR versus R1-adrenergic receptor
(Ki ) 27 nM vs Ki > 1000 nM) and also a satisfactory
affinity. The Hansch and ANN predicted affinities for
EF-7412 (33) are given in Table 11. These values clearly
reveal the greater predictive power of the ANN model
and the importance of the nonlinear relationships
mapped by the neural network.
Molecular Model of the Complex between EF7412 (33) and 5-HT1AR. In the preceding paper we
reported the pharmacological characterization of EF7412 (33) as an antagonist in vivo in pre- and postsynaptic 5-HT1AR sites. Mutagenesis experiments on GPCRs
that bind protonated amine neurotransmitters indicate
that the conserved Asp 3.32 is involved in the interaction with protonated amines of both agonists and
antagonists (see ref 23 and references therein). Similarly, mutagenesis experiments on the R224, β225 and
5-HT1A receptors26 have shown that the presence of an
Asn residue at position 7.39 is important in conferring
specificity to a series of ligands such as pindolol (PND)
and propranolol. Moreover, the recognition of PND by
Asn 7.39 occurs through two hydrogen bonds to the
ether oxygen and the hydroxyl group of the ligand.27,28
We can assume, as a working hypothesis, that EF-7412
(33) interacts with the 5-HT1AR sites in a similar
manner throughout: (i) the ionic interaction between
the protonated amine and Asp 3.32 and (ii) the hydrogen
bonds between the m-NHSO2Et substituent and Asn
7.39. To identify the arrangement in space of these

Figure 2. Ab initio geometry optimization of the antagonistbinding site of the 5-HT1AR composed of the side chains of Asp
3.32 and Asn 7.39 (nomenclature of Ballesteros & Weinstein)16
and (a) pindolol and (b) EF-7412 (33). Nonpolar hydrogens are
not depicted to offer a better view of the recognition pocket.

essential determinants for recognition, we performed ab
initio geometry optimization of PND and EF-7412 (33)
inside the side chains of Asp 3.32 and Asn 7.39 (see
Materials and Methods for computational details).
Figure 2 presents a detailed view of Asp 3.32 and Asn
7.39 in its interaction with PND (Figure 2a) and EF7412 (33) (Figure 2b). The ionic interaction between the
protonated amine of PND and Asp 3.32 occurs through
the two N-H groups pointing toward both Oδ atoms of
Asp at optimized distances between heteroatoms of 2.58
and 2.54 Å (see Figure 2a). Similarly, the unique N-H
group of the protonated amine of EF-7412 (33) interacts
with one of the Oδ atoms of Asp at an optimized distance
between heteroatoms of 2.51 Å (see Figure 2b). The
recognition of PND by Asn 7.3927,28 occurs through
hydrogen bonds between the ether oxygen and the
hydroxyl group of PND and the N-H and CdO groups
of Asn, at optimized distances between heteroatoms of
2.84 and 2.75 Å, respectively. The m-NHSO2Et group
of EF-7412 (33) can fulfill a similar hydrogen bond
network (see Figure 2b). The N-H group of the m-NHSO2Et substituent acts as a hydrogen bond donor in the
hydrogen bond interaction with the CdO group of Asn
(2.72 Å), whereas the SdO group acts as a hydrogen
bond acceptor in the hydrogen bond with the N-H group
of Asn (2.89 Å). It is important to remark that although
the ether oxygen and the hydroxyl group of PND and
the m-NHSO2Et group of EF-7412 (33) are structurally
dissimilar, these are interacting in a similar manner
with Asn 7.39 and thus serving an analogous function.
Moreover, the absence of Asn 7.39 in the R1-adrenergic
receptor explains the selectivity of EF-7412 (33) for the
5-HT1AR sites.
The obtained complex depicted in Figure 2b between
the modeled part of EF-7412 (33) and Asp 3.32 and Asn
7.39 was used to position the complete structure of EF7412 (33) inside a 3D model of the transmembrane
domain of the 5-HT1AR (see Materials and Methods for
computational details). Figure 3 shows EF-7412 (33) in
the binding pocket of the 5-HT1AR, in a view perpendicular (Figure 3a) and parallel (Figure 3b) to the
membrane. Figure 3c presents a detailed view of the
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predictions. The obtained Hansch and ANN models for
the 5-HT1A and R1-adrenergic receptors led us to design
and synthesize a new antagonist, EF-7412 (33), with a
high selectivity profile for the 5-HT1AR sites. The
computed model of the complex between EF-7412 (33)
and a 3D structure of the transmembrane domain of
the 5-HT1AR has identified the key structural features
of both EF-7412 (33) and the 5-HT1AR that are responsible for complex formation. Classical Hansch analysis,
ANNs, and the detailed 3D model of the ligand-receptor
complex provide an essential tool for the development
of highly desirable,31 selective 5-HT1A antagonists.
Experimental Section

Figure 3. Molecular model of the transmembrane helix
bundle of the 5-HT1AR constructed from the crystal structure
of bovine rhodopsin.5 EF-7412 (33) is shown in the binding
pocket (a) in a view perpendicular to the membrane, (b) in a
view parallel to the membrane, and (c) in a detailed view of
the ligand-binding site. The binding mode includes: (i) ionic
interaction between the protonated amine of the ligand and
Asp 3.32; (ii) hydrogen bonds between the m-NHSO2Et group
of the ligand and Asn 7.39; and hydrogen bonds between the
hydantoin moiety of the ligand and (iii) Thr 3.37, (iv) Ser 5.42,
and (v) Thr 5.43 (nomenclature of Ballesteros & Weinstein).16
Nonpolar hydrogens are not depicted to offer a better view of
the recognition pocket. Figure was created using MOLSCRIPT.38

ligand-binding site. The proposed recognition of the
endogenous ligand involves, in addition to the (i) ionic
and (ii) hydrogen bond interactions with Asp 3.32 and
Asn 7.39 (see above), the hydrogen bonds between both
CdO groups of the hydantoin moiety of the ligand and
(iii) Thr 3.37 (3.06 Å), (iv) Ser 5.42 (3.42 Å), and (v) Thr
5.43 (3.70 Å) of the 5-HT1AR. Mutation of Thr 3.37 to
Ala in the R1B receptor29 decreases the affinity of the
antagonist prazosin by a factor of 6. This result indicates
that this locus is approachable by the extracellular
ligand. On the other hand, mutagenesis experiments
have shown that a series of conserved Ser or Thr
residues at positions 5.42 and 5.43 act as hydrogenbonding sites for the hydroxyl groups present in the
chemical structure of many neurotransmitters and
synthetic agonists (see ref 23 and references therein).
In particular, Ser 5.42 and Thr 5.43 are important in
the binding of 5-HT to the 5-HT1AR.30 Thus, Asp 3.32,
Ser 5.42, and Thr 5.43 are common anchoring residues
of both agonists and EF-7412 (33). We can conclude that
EF-7412 (33) binds to the same receptor sites than
agonists do and act by blocking the access of agonists
to receptor sites.
Conclusion
A classical QSAR and ANN analysis have been
successfully applied to a series of 32 phenylpiperazines
with affinity for 5-HT1A and R1-adrenergic receptors.
The resulting models provide a significant correlation
of electrostatic, steric, and lipophilic parameters with
biological affinities. Although the derived linear Hansch
models are able to give acceptable predictions, the
introduction of nonlinear relationships in the analysis
clearly gives more solid models and more accurate

Chemistry. Melting points (uncorrected) were determined
on a Gallenkamp electrothermal apparatus. Infrared (IR)
spectra were obtained on a Perkin-Elmer 781 infrared spectrophotometer. 1H and 13C NMR spectra were recorded on a
Varian VXR-300S or Bruker 250-AM instrument. Chemical
shifts (δ) are expressed in parts per million relative to internal
tetramethylsilane; coupling constants (J) are in hertz (Hz).
Elemental analyses (C, H, N) were determined within 0.4% of
the theoretical values. Thin-layer chromatography (TLC) was
run on Merck silica gel 60 F-254 plates. For normal pressure
and flash chromatography, Merck silica gel type 60 (size 70230 and 230-400 mesh, respectively) was used. Unless stated
otherwise, starting materials used were high-grade commercial
products.
The 2-(4-bromobutyl)-1,3-dioxoperhydroimidazo[1,5-a]pyridine was synthesized according to the literature.32 1-Arylpiperazines were prepared by reaction of the corresponding
anilines with bis(2-chloroethyl)amine, as previously described.33,34
2-[4-[4-(o-Bromophenyl)piperazin-1-yl]butyl]- and 2-[4[4-(o-(Phenoxy)phenyl)piperazin-1-yl]butyl]-1,3-dioxoperhydroimidazo[1,5-a]pyridine (34, 35). General Procedure. To a suspension of 2-(4-bromobutyl)-1,3-dioxoperhydroimidazo[1,5-a]pyridine (9 mmol) and the corresponding
1-arylpiperazine (15 mmol) in acetonitrile (20 mL), was added
2.0 mL of triethylamine (1.5 g, 14.6 mmol). The mixture was
refluxed for 20-24 h. Then, the solvent was evaporated under
reduced pressure and the residue was resuspended in water
and extracted with dichloromethane (3 × 100 mL). The
combined organic layers were washed with water and dried
over MgSO4. After evaporation of the solvent the crude oil was
purified by column chromatography (eluents: ethyl acetate/
ethanol 9:1). Spectral data refer to the free base and then
hydrochloride salts were prepared.
2-[4-[4-(o-Bromophenyl)piperazin-1-yl]butyl]-1,3-dioxoperhydroimidazo[1,5-a]pyridine (34): yield 56%; mp 220222 °C (methanol/ethyl ether); 1H NMR (CDCl3) δ 1.22-1.69
(m, 8H), 1.92 (dm, J ) 13.5, 1H), 2.14 (dd, J ) 13.2, 3.6, 1H),
2.36 (t, 2H), 2.56 (brs, 4H), 2.76 (td, J ) 12.3, 3.6, 1H), 3.00
(brs, 4H), 3.46 (t, J ) 7.2, 2H), 3.67 (dd, J ) 12.0, 4.2, 1H),
4.10 (dd, J ) 13.5, 4.8, 1H), 6.83 (td, J ) 8.1, 1.5, 1H), 6.98
(dd, J ) 7.8, 1.5, 1H), 7.19 (td, J ) 7.8, 1.5, 1H), 7.48 (dd, J )
8.1, 1.5, 1H); 13C NMR (CDCl3) δ 22.7, 24.0, 24.9, 26.2, 27.8,
38.5, 39.2, 51.6, 53.3, 57.2, 58.0, 119.8, 120.8, 124.2, 128.2,
133.7, 150.6, 154.4, 173.1. Anal.(C21H29BrN4O2‚HCl) C, H, N.
2-[4-[4-(o-(Phenoxy)phenyl)piperazin-1-yl]butyl]-1,3dioxoperhydroimidazo[1,5-a]pyridine (35): yield 64%; mp
171-173 °C (methanol/ethyl ether); 1H NMR (CDCl3) δ 1.231.65 (m, 7H), 1.73 (d, J ) 10.8, 1H), 1.98 (dm, J ) 12.3, 1H),
2.19 (dd, J ) 9.8, 3.8, 1H), 2.38 (tt, J ) 7.5, 2H), 2.49 (brs,
4H), 2.82 (td, J ) 12.6, 3.6, 1H), 3.15 (brs, 4H), 3.50 (t, J )
6.9, 2H), 3.73 (dd, J ) 11.7, 3.9, 1H), 4.15 (dd, J ) 14.7, 3.0,
1H), 6.91-7.12 (m, 7H), 7.28 (dd, J ) 8.4, 7.5, 2H); 13C NMR
(CDCl3) δ 22.7, 23.5, 24.9, 26.0, 27.7, 38.3, 39.2, 49.8, 53.1,
57.2, 57.8, 117.2, 119.1, 121.1, 122.3, 122.7, 124.6, 129.3, 143.6,
148.5, 154.4, 157.3, 173.1. Anal. (C27H34N4O3‚2HCl‚2H2O) C,
H, N.
Radioligand Binding Assays. For all receptor binding
assays, male Sprague-Dawley rats (Rattus norvegicus albi-
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nus), weighing 180-200 g, were killed by decapitation and the
brains rapidly removed and dissected.
5-HT1A Receptor. The receptor binding studies were
performed by a modification of a previously described procedure.35 The cerebral cortex was homogenized in 10 volumes of
ice-cold Tris buffer (50 mM Tris-HCl, pH 7.7 at 25 °C) and
centrifuged at 28000g for 15 min. The membrane pellet was
washed twice by resuspension and centrifugation. After the
second wash the resuspended pellet was incubated at 37 °C
for 10 min. Membranes were then collected by centrifugation
and the final pellet was resuspended in 50 mM Tris-HCl, 5
mM MgSO4, and 0.5 mM EDTA buffer (pH 7.4 at 37 °C).
Fractions of the final membrane suspension (about 1 mg of
protein) were incubated at 37 °C for 15 min with 0.6 nM [3H]8-OH-DPAT (8-hydroxy-2-(dipropylamino)tetralin) (133 Ci/
mmol), in the presence or absence of several concentrations
of the competing drug, in a final volume of 1.1 mL of assay
buffer (50 mM Tris-HCl, 10 nM clonidine, 30 nM prazosin, pH
7.4 at 37 °C). Nonspecific binding was determined with 10 µM
5-HT.
r1-Adrenergic Receptor. The radioligand receptor binding
studies were performed according to a previously described
procedure.36 The cerebral cortex was homogenized in 20
volumes of ice-cold buffer (50 mM Tris-HCl, 10 mM MgCl2,
pH 7.4 at 25 °C) and centrifuged at 30000g for 15 min. Pellets
were washed twice by resuspension and centrifugation. Final
pellets were resuspended in the same buffer. Fractions of the
final membrane suspension (about 250 µg of protein) were
incubated at 25 °C for 30 min with 0.2 nM [3H]prazosin (23
Ci/mmol) in the presence or absence of several concentrations
of the competing drug, in a final volume of 2 mL of buffer.
Nonspecific binding was determined with 10 µM phentolamine.
For all binding assays, competing drug, nonspecific, total
and radioligand bindings were defined in triplicate. Incubation
was terminated by rapid vacuum filtration through Whatman
GF/B filters, presoaked in 0.05% poly(ethylenimine), using a
Brandel cell harvester. The filters were then washed with the
assay buffer and dried. The filters were placed in poly(ethylene) vials to which were added 4 mL of a scintillation
cocktail (Aquasol), and the radioactivity bound to the filters
was measured by liquid scintillation spectrometry. The data
were analyzed by an iterative curve-fitting procedure (program
Prism, Graph Pad), which provided IC50, Ki, and r2 values for
test compounds, Ki values being calculated from the Cheng
and Prusoff equation.8 The protein concentrations of the rat
cerebral cortex and the rat striatum were determined by the
method of Lowry,37 using bovine serum albumin as the
standard.
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