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Summary

Recently, the multilinear PLS algorithm was presented by Bro and later implemented as a regression method in
3D QSAR by Nilsson et al. In the present article a well-known set of (S)-N-[(1-ethyl-2-pyrrolidinyl)methyl]-6-
methoxybenzamides, with affinity towards the dopamine D2 receptor subtype, was utilised for the validation of the
multilinear PLS method. After exhaustive conformational analyses on the ligands, the active analogue approach
was employed to align them in their presumed pharmacologically active conformations, using (–)-piquindone as
a template. Descriptors were then generated in the GRID program, and 40 calibration compounds and 18 test
compounds were selected by means of a principal component analysis in the descriptor space. The final model was
validated with different types of cross-validation experiments, e.g. leave-one-out, leave-three-out and leave-five-
out. The cross-validated Q2 was 62% for all experiments, confirming the stability of the model. The prediction of
the test set with a predicted Q2 of 62% also established the predictive ability. Finally, the conformations and the
alignment of the ligands in combination with multilinear PLS, obviously, played an important role for the success
of our model.

Introduction

Ever since Cramer III et al. [1] introduced the CoMFA
methodology, it has been available as implemented in
the SYBYL molecular modeling package [2]. During
the last years, new methods for the alignment of the
ligands [3,4] have evolved, and other methods to gen-
erate 3D descriptors [5] have become available. Ad-
ditionally, several attempts have been made to reduce
the number of variables [6,7] but less efforts have been
undertaken to improve the multivariate analyses. Nils-
son et al. [8] introduced multilinear PLS [9] (N-PLS)
as a regression method in 3D QSAR and demonstrated
several advantages, as compared to bilinear PLS, i.e.
traditional PLS. It was shown that multilinear PLS is
more stable, increases the predictive ability, and im-
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proves the interpretation of the results. However, we
still need to evaluate whether multilinear PLS really
is suitable for 3D QSAR data, or if it just happened
to be successful for the series of compounds used
by Nilsson et al. [8,10]. Therefore, a well-known se-
ries of substitutedN-[(1-ethyl-2-pyrrolidinyl)methyl]-
derived benzamides [11,12] (1–58, Scheme 1) was
chosen for a re-evaluation of this method.

Compounds of this chemical class have been
shown to possess high affinity and selectivity towards
dopamine D2 receptors, and, as a consequence, sev-
eral compounds of this series have become valuable
tools for in vivo and in vitro receptor binding studies
(e.g.3H-raclopride (1) and125I-NCQ298 (9) [13], as
well as for in vivo visualisation techniques like PET
(e.g.11C-raclopride (1) and 11C-eticlopride (36) and
SPECT (e.g.123I-NCQ298 (9) [13] (see Table 1).
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Scheme 1.Structural formulas of compounds1–58. For the defini-
tion of substituents R2, R3 and R5, see Table 1.

Theory and methods

Prior to the multilinear PLS analysis, the conforma-
tional space accessible to the ligands was sampled
by performing an exhaustive conformational analysis
(see below) on the basic skeleton common to all lig-
ands (Scheme 2,59). The active analogue approach
was then employed to derive the presumed phar-
macologically active conformation, using the rigid
pyrrolo-isoquinoline (–)-piquindone (Scheme 2,60)
as a template (see below). The best matching confor-
mation of 59 then served as a starting point for the
construction of compounds1–58, which were subse-
quently optimised with respect to the orientations of
the aromatic substituents. Finally, all ligands were
superimposed in their presumed pharmacologically
active conformations (see below).

Throughout this paper lower-case characters repre-
sent scalars, boldface lower-case characters represent
vectors, boldface upper-case characters represent ma-
trices, and underlined boldface upper-case characters
represent multiway matrices.

Conformational analyses
Conformational analyses and pharmacophore iden-
tification (see below) were performed essentially
as described by Jansen et al. [14]. Thus, confor-
mational analyses were performed within Macro-
Model v. 4.5 [15], using the MM2∗ force field and
the Monte Carlo (MC) search protocol. (S)-N-[(1-
Ethyl-2-pyrrolidinyl)methyl]benzamide (59) was built
from standard fragments and subsequently energy-
minimised with default options. During all minimisa-
tions, the benzamide torsional angle was kept fixed at
0 ◦. For (–)-piquindone (60), its X-ray crystal structure
(BANKIK) [16] served as the starting conformation.
The conformational space accessible to both com-
pounds was sampled by submitting the input structures

Scheme 2.Structural formulas of (S)-N-[(1-ethyl-2-pyrrolidinyl)-
methyl]benzamide (59) and (–)-piquindone (60).

to 1000 MC steps. Starting geometries were gener-
ated systematically (SUMM option) and the number
of torsional angles to be adjusted in each MC step was
randomly varied between 2 and n–1, n being the to-
tal number of variable torsional angles. Ring closure
bonds were defined in five- and six-membered non-
aromatic rings in order to allow torsional angles in
these rings to be varied during the MC search proce-
dure. Ring closure distances were limited between 0.5
and 2.0 Å. Default values were used for testing high-
energy non-bonded contacts. Duplicate minimum-
energy conformations (all pairs of equivalent atoms
separated by less than 0.25 Å) were determined by
least-squares superposition of all non-hydrogen atoms
and rejected. Chiral centres were checked for conser-
vation of the original stereochemistry before saving
conformations. An energy cut-off of 21 kJ mol−1 was
applied. Minimisations were performed using the trun-
cated Newton conjugate gradient (TNCG) minimiser,
allowing for 250 iterations per structure. A gradient of
0.01 kJ Å−1 mol−1 was set as the initial convergence
criterion. The local minimum-energy conformations
thus obtained were submitted to a final minimisation,
using the full matrix Newton-raphson (FMNR) min-
imiser, allowing for line searching and 1000 iterations
per structure. A gradient of 0.002 kJ Å−1 mol−1 was
set as the final convergence criterion.



83

Table 1. Aromatic substitution patterns and dopamine D2 receptor binding properties of compounds1–58

Compound R2 R3 R5 Activitya Compound R2 R3 R5 Activitya

Expb Fittedc Predd Expb Fittedc Predd

1 OH Cl Cl 7.49 7.75 – 30 OH Br NO2 6.73 6.70 –

2 OH OMe Cl 7.15 7.44 – 31 OH I H 8.52 8.12 –

3 H Br Br 8.10 7.94 – 32 OH Me Cl 7.59 7.96 –

4 H Et Br 7.96 8.25 – 33 OH Me Me 8.11 7.98 –

5 H I OMe 9.17 9.14 – 34 OH Et H 8.54 8.32 –

6 OH n-Pr Me 8.30 8.27 – 35 OH Et F 8.82 8.88 –

7 OH Cl n-Pr 6.96 7.16 – 36 OH Et Cl 9.04 8.62 –

8 OH H Et 6.91 6.82 – 37 OH Et Br 8.64 8.32 –

9 OH I OMe 9.54 9.43 – 38 OH n-Pr H 8.30 7.91 –

10 H SMe OMe 8.96 9.09 – 39 OH OMe H 6.69 7.09 –

11 OH Et OMe 8.89 9.61 – 40 OH OMe Br 7.17 7.12 –

12 H n-Bu OMe 8.57 8.57 – 41 H Br OH 8.00 – 8.22

13 H n-Pr H 7.17 7.45 – 42 OH n-Pr Cl 8.49 – 8.20

14 H Cl H 6.59 6.98 – 43 OH Me Br 8.26 – 7.65

15 H Cl Cl 7.70 7.72 – 44 H Me OMe 8.28 – 8.34

16 H Cl Br 8.25 7.53 – 45 OH Br Et 7.77 – 8.01

17 H Br H 7.34 7.38 – 46 OH Et Et 8.75 – 8.58

18 H Br OMe 8.92 8.64 – 47 H Et OMe 8.89 – 9.12

19 H Et Cl 8.38 8.41 – 48 H H OMe 7.28 – 7.68

20 OH H Cl 7.19 6.96 – 49 H Et H 7.40 – 7.82

21 OH H OMe 8.06 7.83 – 50 OH H H 6.50 – 6.52

22 OH F H 6.44 6.70 – 51 OH H Br 7.25 – 6.67

23 OH Cl H 7.41 7.26 – 52 OH Cl Me 7.96 – 7.76

24 OH Cl Br 7.24 7.45 – 53 OH Cl OMe 8.77 – 8.45

25 OH Cl Et 7.92 7.63 – 54 OH Br F 8.15 – 8.33

26 OH Br H 8.08 7.70 – 55 OH Br Me 7.96 – 8.09

27 OH Br Cl 7.77 8.11 – 56 OH Me H 7.72 – 7.52

28 OH Br Br 7.59 7.80 – 57 OH Me n-Pr 6.85 – 7.41

29 OH Br OMe 8.85 8.90 – 58 OH NO2 H 5.52 – 7.30

a Activity values are expressed in pIC50 molar units.
b Experimental values are obtained from Ref. 11.
c Fitted values (training set).
d Predicted values (test set).

Pharmacophore identification
The pharmacophore-identifying program APOLLO
[3] was used to align59and60 in their presumed phar-
macologically active conformations. The output files
of the MC searches, containing multiple minimum-
energy conformations of each compound, served as
input for the VECADD module of APOLLO. In each
conformation of59and60, extension vectors from the
carbonyl O atom and the basic nitrogen atom pointing
towards putative receptor points, as well as a centroid
and a normal through the aromatic ring were defined.
In all cases, minimum densities of vectors were spec-
ified, representing ideal hydrogen bonding positions.
The RMSFIT module was used to determine the con-

formation of each ligand which gave the best overall
fit with respect to the specified fitting points. When
receptor points emanating from the carbonyl oxygens
were fitted, the two possible points were defined as
choices. When fitting aromatic rings, both extremes of
the normal and the centroid were defined as choices.
All points were weighed equally. Conformational en-
ergies were taken into account for determining the root
mean square (rms) deviations. The rms cut-off was set
to 0.5 Å. The MMDFIT module was used to extract
the conformations which gave the best matches.
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Substituent geometries and ligand alignment
The best fitting conformation of59 identified by
APOLLO was used as a starting point for building
the compounds1–58 in Table 1. The appropriate sub-
stituents were attached to the aromatic ring and the
conformational space of substituents with conforma-
tional freedom was probed using the MC procedure
in MacroModel as described above. For each newly
introduced torsional angle, 100 MC steps were per-
formed. All other torsional angles were fixed during
these MC searches, in order to maintain the overall
geometry of the pharmacophoric pattern for all com-
pounds. The lowest energy conformations resulting
from these MC searches were used for the final align-
ment, which was performed within SYBYLV. 6.3
[2]. The basic nitrogen atoms were protonated and
centroids were defined in the aromatic rings. Then
all compounds were superimposed with respect to the
centroids, the carbonyl O atoms, the amide H atoms,
and the protons on the protonated tertiary nitrogen
atoms, using theFit Atomsprocedure as implemented
in SYBYL.

The data set
The descriptors used in this paper were generated in
the GRID program [17] from three different probe
atoms, the C3 probe, the CA+2 probe and the OH2
probe, reflecting the steric field, the electrostatic field
and the hydrogen bonding field, respectively.

Etot = Este+ Eele+ Ehb (1)

In contrast to SYBYL/CoMFA [2], the same in-
teractions (of Equation 1) are calculated in each grid
point independent of the type of probe atom. Thus,
there are no separate steric or electrostatic fields gener-
ated, but instead the type of probe will reflect different
types of fields due to the fact that the relative size
of the terms in Equation 1 differs from one probe to
another. For example, a charged probe, e.g. CA+2,
reflects predominantly the electrostatics since Eele will
be the dominating term, but still the other two terms
are not excluded.

Multilinear PLS analysis
Prior to traditional bilinear PLS [2,18] modelling, the
data set in Figure 1 is unfolded to form a two-way
matrix where each row contains the variables (the
grid points) describing each molecule. TheX-matrix
is subsequently decomposed into a score vectort1
(I × 1) and a weight vectorw1 (JKLM × 1) where the

score vector (t1) is determined to have the property of
maximum covariance with the dependent variabley,
as described for the first PLS component in Figure 2a.
Subsequently, the score vectors, i.e., the columns inT
(t1,. . . ,tA; A is the number of components) replace the
original variables as regressors.

The unfolding step is not necessary in multilinear
PLS but instead the decomposition is performed di-
rectly on the data set in Figure 1. The one-component
decomposition (Figure 2b) comprises a score vec-
tor t (I × 1) and four weight vectorswJ (J× 1), wK

(K × 1), wL (L × 1) and wM (M × 1) correspond-
ing to the molecular direction, the grid x-direction,
the grid y-direction, the grid z-direction and the
probe direction, respectively, as described in Fig-
ure 1. The decomposition procedure resembles a
five-way PARAFAC decomposition [19,20]. In multi-
way analysis it is not always obvious which direction
corresponds to the objects but in this data set it is
the molecular direction. Consequently, the data were
mean-centred in the molecular direction prior to analy-
sis. Analogously to bilinear PLS, for givenWJ (wJ

1,
. . . , wJ

A), WK (wK
1 , . . . , wK

A), WL (wL
1, . . . , wL

A) and
WM (wM

1 , . . . , wM
A ) the score vectorsT (t1, . . . ,tA)

are determined to have the property of maximum co-
variance withy. Hence, the multilinear PLS model is
a partial least-squares approximation ofX:

xijklm = tiWJ
j W

K
k WL

l WM
m + eijklm (2)

The multilinear PLS algorithm [9] was recently
implemented as a regression method in 3D QSAR and
compared with bilinear PLS by Nilsson et al. [8].

Validation
The cross-validation experiments and the external pre-
dictions were quantified with Q2 (CV) and Q2 (Pred),
and the quality of the calibrations with R2, respec-
tively. The predicted y in Equation 3 is denoted byŷ(i),
i.e., in the case of cross-validation an estimation of yi
using a model with the ith object excluded. In the case
of external predictions, yi is the response of the ith test
object estimated with the complete calibration model.

Q2 =
[

1−
(

I∑
i=1

(yi − ŷ(i))
2/

I∑
i=1

(yi − y)2
)]
× 100.

(3)
The fitted y from the calibration, in Equation 4, is

denoted bŷyi
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Figure 1. The complete data set defining five directions. The object direction is of 40 steps, the x-direction is of 20 steps, the y-direction is of
22 steps, the z-direction is of 20 steps and the probe direction is of 3 steps.

Figure 2. Graphical representation of the different regression methods: (a) bilinear PLS and (b) quintilinear PLS.
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Figure 3. Stereo representation of the superposition of the best matching conformations of59 (conformation 6) and60 (conformation 2),
as identified by APOLLO. For clarity purposes, alkyl hydrogens have been omitted. The water molecules mimic amino acid residues of the
receptor, capable of forming hydrogen bonds with the ligands.

Figure 4. Stereo representation of the final alignment of compounds1–58. For clarity purposes, alkyl hydrogens have been omitted.

R2 =
[

1−
(

I∑
i=1

(yi − ŷi)
2/

I∑
i=1

(yi − yi)
2

)]
× 100.

(4)
In addition to the traditional ‘leave-one-out’

(LOO) cross-validation, ‘leave-three-out’ (L3O) and
‘leave-five-out’ (L5O) cross-validations were also per-
formed, where in each experiment the objects were left
out randomly, but only once. The results were reported
as the average Q2 of 20 cross-validation experiments
[21,22].

Partial PLS coefficients
The results from 3D QSAR studies are often presented
as comprehensive iso-contour plots of the partial re-
gression coefficientsbPLS(b1, . . . , bR; R = JKLM)
[2,23] in Equation 5, where xr is the rth grid point,
i.e. variable, and br is the corresponding coefficient.

ŷ = b1x1+ · · · + brxr + · · · + bRxR. (5)

Basically, the coefficientsbPLS are needed for the
predictions of the biological activitŷy of new mole-
cules, but since the sizes and signs of the coefficients
reveal the relative influence of each grid point ony,
they are also suitable for the interpretation. That is,
an external compound, not included in the training
set, with a substituent protruding into a region with
positive br’s will produce a positive (repulsive) field xr

in this region and, consequently, have positive influ-
ence on̂y. If the region has negative br’s, however, the
opposite is valid.

Results

Conformational analyses
The MC procedure identified 32 and 3 minimum-
energy conformations for59and60, respectively. The
two lowest energy conformations of60 were equal
in energy, conformation 1 being identical to the min-
imised X-ray crystal structure, while in conformation
2 the ethyl side chain points in the opposite direction.

Pharmacophore identification
APOLLO identified conformation 6 of59 (1E
= 5.80 kJ mol−1) and conformation 2 (1E =
0.00 kJ mol−1) of 60 as best matches with respect
to the indicated fitting points, with an RMS devia-
tion of 0.26 Å (Figure 3). In conformation 6 of59,
the (1-ethyl-2-pyrrolidinyl)methyl side chain adopts a
half-folded conformation.

Substituent geometries and ligand alignment
The orientation of the 6-OMe group in the lowest
energy conformations depended on the 5-substituent.
When R5 was H, OMe, OH or F, the 6-OMe group
was oriented coplanar with respect to the aromatic
ring. In all other cases, i.e. R5 being alkyl, Cl, Br or
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Figure 5. The performance of Model 2, showing (a) experimental pIC50 values versus fitted pIC50 values and (b) experimental pIC50 values
versus predicted pIC50 values, after six N-PLS components.

NO2, the 6-OMe group adopted a conformation per-
pendicular to the plane of the aromatic ring. In both
orientations an intramolecular hydrogen bond between
the 6-OMe O atom and the amide H atom was formed.
All alkyl substituents longer than methyl at the 3- and
5-positions adopted all-trans conformations perpen-
dicular to the plane of the aromatic ring, while OMe
and OH groups at these positions had a coplanar ori-
entation. All OH substituents at the 2-position adopted
coplanar conformations, forming an intramolecular
hydrogen bond between the 2-OH H atom and the car-

bonyl O atom. The final alignment of compounds1–58
is shown in Figure 4.

The data set
The grid was large enough to enclose all the aligned
molecules with at least 4 Å in all directions, where the
x-, the y- and the z-directions were divided into 20 (J =
20), 22 (K = 22) and 20 (L = 20) parts with a step size
of 1 Å, respectively. Three different probes (M= 3)
were considered: the C3 probe, the OH2 probe and the
CA+2 probe. The total data set consisted of 58 mole-
cules and 26400 variables. As described above and
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Table 2. Calibrationa of the complete model, Model 1
(40× 26 400)

#LV R2 (X) R2 (y) Q2 (LOO)

1 5 47 29

2 11 59 44

3 14 69 52

4 17 75 56

5 20 79 56

6 21 81 57
7 22 85 56

8 24 87 62

a All values are expressed as percentages.

in Figure 1, we have defined five different directions:
the molecular direction, the grid x-direction, the grid
y-direction, the grid z-direction and finally the probe
direction.

The 58 molecules were divided into a training set
and a test set, selected with help from a principal com-
ponent analysis (PCA) ofX (58× 26400; unfolded
descriptor matrix in Figure 2a). Six main clusters
were identified in the three first principal components
describing 60% of the variation inX. The number
of compounds selected from each cluster depended
on the size of the cluster. This resulted in 18 com-
pounds which were selected for the test set (Table 1,
compounds41–58) and the remaining 40 compounds
comprised the training set (Table 1, compounds1–40).

Multilinear PLS analysis
Different data preprocessing methods have been dis-
cussed in the literature [5], but the only data pre-
processing applied on our data set was column mean-
centering in the molecular direction [8]. Thus, the
multiway matrix X was unfolded, column mean-
centred and, subsequently, ‘back-folded’ before the
regression analysis was performed.

The number of significant N-PLS components was
estimated by leave-one-out cross-validation of the
complete model, Model 1, and we found six N-PLS
components (Table 2; Q2 = 57%) to be optimal. Im-
portant, in order not to lose information during the
variable reduction step, we performed the variable re-
duction starting from a model one component more
complex than optimal. Accordingly, the absolute sum
of the weights from the first seven N-PLS compo-
nents was calculated, each direction apart. A position
in a direction was considered significant and selected
only if it exceeded a lower cut-off value. An arbi-

trary cut-off value of 0.1 generated a reduced data
set with 2940 number of variables, called Model 2.
Stated differently, only variables with high weights
from Model 1 were selected and included in Model 2.
The probe mode was left intact; hence, variables from
all three probes were included in the reduced data set.
(One may argue why we did not perform the variable
selection from a model with 10 N-PLS components
having a Q2 of 62%. The rationale for this was that
the absolute sum of the weights barely changed going
from seven to 10 N-PLS components and we did not
want to risk influencing the selection with insignificant
variation.)

Table 3 summarises the calibration and validation
results, from the first 10 N-PLS components of Model
2. The six first N-PLS components used 21% of the
variation in X to explain 87% of the variation iny,
and the Q2’s from the three cross-validation experi-
ments LOO, L3O and L5O were calculated to be 63%,
62% and 62%, respectively. The calculated pIC50
values and the predicted pIC50 values after the sixth N-
PLS component are tabulated in Table 1, and plotted
against the experimental pIC50 values in Figures 5a
and 5b for the training set and the test set, respectively.

Each subsequent component focuses on different
variables, i.e., different regions in the grid which can
be determined with help from Figure 6. The weights
in Figures 6a and 6b correspond to positions in the x-
and y-directions in Figure 7. For the first N-PLS com-
ponent, the weights in Figures 6a and 6b are high in
positions 7–13 and 5–9, respectively, corresponding to
the substituents on the benzamide 3-position (Figure 7,
area 1). Analogously, N-PLS component two focuses
on substituents on the benzamide 5-position (area 2),
N-PLS component three on large substituents on the
benzamide 3-position (area 3), N-PLS component four
on the out-of-plane 6-OMe (area 4), N-PLS compo-
nent five on the amide part and substituents on the
benzamide 2-position (area 5), and N-PLS component
six on large substituents on the benzamide 5-position
(area 6). All components account for variation from
all three probes except for the fifth, which accounts
for variation only from the CA+2 probe (Figure 6d).
(In multilinear PLS, consecutive components are not
orthogonal, which implies that some overlap of in-
formation may exist between different components.
However, it has been shown [8] in multilinear PLS that
each N-PLS component accounts for smaller easy-
to-interpret regions, while in bilinear PLS each PLS
component accounts for more variation but not that
well defined regions.)



89

Table 3. Calibrationa and validationb of Model 2 (40× 2940)

#LV R2 (X) R2 (y) Q2 (LOO) Q2 (L3O)c Q2 (L5O)c Q2 (Pred)d

1 5 44 23 20 19 36

2 8 64 41 39 38 45

3 13 73 48 47 46 64

4 15 79 57 54 53 56

5 18 81 59 59 58 62

6 21 87 63 62 62 62
7 25 88 64 63 63 57

8 26 90 64 64 63 63

9 30 91 66 64 64 62

10 30 92 68 63 63 59

a All values are expressed as percentages.
b LOO stands for leave-one-out, L3O for leave-three-out and L5O for leave-five-out.
c Average from 20 cross-validation experiments.
d Predictions of the external test set (18× 2940).

The partial PLS coefficientsbPLS of Equation 5 are
presented as stereo iso-contour plots in Figures 8a–c
for the three probes after six N-PLS components.

Discussion

The key issue in 3D QSAR modeling is to find a
simple and straightforward model with high predic-
tive ability. Traditionally, bilinear PLS is utilised as
the regression method but recently it has been shown
that multilinear PLS [8–10] is more stable, simpler and
offers improved predictability.

An important step in 3D QSAR analyses is the
alignment of the ligands under investigation, i.e. the
relative positioning of the ligands in the fixed lattice,
prior to the generation of the 3D descriptors. Even
when the ligands possess a large degree of confor-
mational flexibility, a single conformation has to be
selected for each ligand. In order to be able to extrap-
olate the results of a 3D QSAR analysis in terms of
receptor residues surrounding the ligands, we thought
it essential to align the ligands in their pharmacolog-
ically relevant, i.e., receptor binding conformations.
Therefore, we employed the active analogue approach
to determine the presumed pharmacologically active
conformations of the ligands [24]. This approach is
based on the assumption that ligands binding to the
same binding site share the same pharmacophoric pat-
tern, i.e. the three-dimensional arrangement of struc-
tural features essential for recognition by the receptor.
The pharmacophoric pattern of a flexible ligand can
be determined by comparing it with that of a rigid

analogue (template), in which the activity is retained.
We chose (–)-piquindone as the template molecule.
Although belonging to different chemical classes, (–)-
piquindone andN-[(1-ethyl-2-pyrrolidinyl)methyl]-
derived benzamides share several structural and phar-
macological characteristics, a prerequisite when em-
ploying the active analogue approach. Thus, both
classes of compounds contain an aromatic ring ca-
pable ofπ–π stacking with receptor residues, a car-
bonyl functionality, and a basic nitrogen atom at a
certain distance from the aromatic ring, capable of
forming hydrogen bonds with receptor residues. In ad-
dition, the binding to dopamine D2 receptors is highly
stereoselective and sodium-dependent for both classes,
suggesting that they may share the same binding site
and binding mode. This makes (–)-piquindone a suit-
able template forN-[(1-ethyl-2-pyrrolidinyl)methyl]-
derived benzamides, as has been shown in the past
[13,25,26].

A thorough conformational analysis was per-
formed on N-[(1-ethyl-2-pyrrolidinyl)methyl]benza-
mide (59), which constitutes the basic skeleton of
the series. Although all compounds contain a 6-OMe
substituent, this functionality was omitted from the
basic skeleton, since its orientation was dependent on
the adjacent substituent and thus not identical for all
compounds. Conformation 6 (1E = 5.80 kJ mol−1)
of 59 was identified by APOLLO as fitting best on
conformation 2 of (–)-piquindone with respect to the
defined fitting points (Figure 3). In this conforma-
tion of 59, theN-[(1-ethyl-2-pyrrolidinyl)methyl] side
chain adopts a half-folded conformation. This finding
is consistent with previous reports [13,25], although
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Figure 6. The weights from the first six components of the complete model from (a) the x-direction, (b) the y-direction, (c) the z-direction and
(d) the probe direction. N-PLS(1) is represented by a solid line, N-PLS(2) a dotted line, N-PLS(3) a dashed-dotted line, N-PLS(4) a dashed
line, N-PLS(5) a+ solid line and N-PLS(6) a∗ solid line.

the conformation we identified is not exactly identical
to previously reported conformations of the side chain.
This is probably the result of differences in the fitting
procedures.

It is clear from Figures 6a–d that positions corre-
sponding to grid points, predominantly in the periph-
ery of the grid, have low weights, and, by omitting
these variables, a reduced model (Model 2) with 2940

number of variables was obtained. Model 2 described
slightly more of the variance iny (R2 = 87%) as com-
pared to Model 1 (R2 = 81%), and the cross-validated
Q2 (LOO) was slightly increased from 57% to 63%
after six N-PLS components in Models 1 and 2, re-
spectively. The stability of Model 2 was confirmed
since the cross-validated Q2 (62%) did not change,
i.e. it did not decrease when larger groups of com-



91

Figure 7. The 40 aligned training molecules, enclosed in the grid, viewed in the x- and y-directions.

pounds were left out each time (Table 3). Important,
additional components did not significantly increase
(or decrease) the cross-validated Q2. Therefore, in or-
der to keep the number of components at a minimum
and avoid insignificant variation, we used six N-PLS
components for Model 2.

The role of the cross-validated Q2 is to act as a
descriptor for the predicted Q2, which it often does
too optimistically [8]. In this model, however, the
cross-validated Q2 (62%) is in good agreement with
the predicted Q2 (62%). First now, knowing that the
model is stable and possesses high predictability we
may interpret the iso-contour plots in Figures 8a–c.

From this model we can conclude that the con-
formation of the 6-OMe group has great influence
on the pIC50 value. In a planar conformation, the 6-
OMe group protrudes in a region (I) with negative
(dark grey) C3 PLS coefficients (Figure 8a) and, con-
sequently, grid points within this region will have re-
pulsive (positive) interactions with the 6-OMe group.
Thus, the 6-OMe group in a planar conformation af-
fects the pIC50 value negatively. For compounds with
the 6-OMe group in a perpendicular conformation, the
6-OMe group protrudes in a positive (light grey) C3
PLS coefficient region (II), which favours a high pIC50

value (i.e. high affinity). At the same time, hydrogen
bonding (Figure 8b) with the 6-OMe oxygen becomes
favourable in region III, which promotes a high pIC50
value. From the CA+2 fields (Figure 8c) it is also
clear that the substituents in positions 5 and 6 must
possess negative electrostatic potential in order to pro-
mote a high pIC50 value. These are the most obvious
conclusions that can be drawn from Figures 8a–c.

The substituents at the 2- and 3-positions have
less influence on the pIC50 value as compared to sub-
stituents at the 5- and 6-positions [27,28]. However, a
substituent with positive electrostatic potential in the
3-position is favourable. The size of the substituent is
of minor importance. Also, important hydrogen bond-
ing sites are, obviously, not present in the vicinity
of positions 2 and 3. This is consistent with results
reported by Norinder et al. [12].

The importance of the basic nitrogen on the pyrro-
lidinyl moiety has already been established elsewhere
[26], but is not recognised in our model since the vari-
ance in the GRID descriptors in this region is very
low.
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Figure 8. ThebPLS coefficients from Model 2 after six N-PLS components, showing (a) the C3 probe, (b) the OH2 probe and (c) the CA + 2
probe on the|0.001| level. Regions with negative and positivebPLS coefficients are pictured in dark and light grey, respectively.

Conclusions

We conclude that 3D QSAR modelling with multilin-
ear PLS works very well and definitely is an alternative
to the traditional bilinear PLS method.

We have demonstrated the importance of a proper
strategy for the conformational analyses and the align-
ment procedure in order to succeed in 3D QSAR
modelling. We found that the conformations of the
ligands, to a great extent, explained the difference
in pIC50 values among the ligands. Further, inter-
pretations of our model are in line with what others
have reported and confirm the reliability of our model
[11,12].

We used multilinear PLS to reduce the number
of variables by omitting variables with low weights.

That is, only variables with variation correlated with
the pIC50 values were considered in the final model
(Model 2). The cross-validated Q2 for Model 2 was
62%, independent of how many groups were left out
each time. This result confirms that our data set is
homogeneous and that our model is stable. Normally
[10], leave-one-out cross-validation produces higher
Q2, as compared to when larger groups of compounds
are left out each time. The cross-validated Q2 (62%)
from this model is a perfect estimation of the predicted
Q2, which was also found to be 62%. This is most cer-
tainly an effect originating from the multilinear PLS
[9] method, which has been discussed by Nilsson et
al. [8] and Smilde [23].
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