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Improved 3D-QSAR CoMFA of the dopamine transporter blockers
with multiple conformations using the genetic algorithm
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Abstract—A 3D-QSAR/CoMFA was performed for a series of 42 piperidine-based dopamine transporter (DAT) blockers. The
overall process consisted of three major steps: (1) a pharmacophore model was built using the Genetic Algorithm Similarity Pro-
gram (GASP); (2) the Flexible Superposition (FlexS) technique was applied to generate multiple conformations for each of the
ligands based on the pharmacophore; (3) the Genetic Algorithm was employed to optimize the selection of the ligand conformations
for the CoMFA modeling. The CoMFA models were found to be more detailed in the putative binding site by exploring multiple
conformations of each ligand. The comparison of the contour maps shows that, in general, these models are comparable and the
differences between them result from the ability of the flexible 3a-substituents of the ligands to adopt multiple conformations
satisfying the same pharmacophore model. These findings provide guidance for the design and improvement of compounds with
DAT activity, which is important for the development of a treatment of cocaine addiction and certain neurological disorders.
� 2006 Elsevier Ltd. All rights reserved.
Since the development of the Comparative Molecular
Field Analysis (CoMFA)1 as one of the earliest 3D-
QSAR techniques, it remains the most popular QSAR
method mainly because the graphic results of CoMFA
models can provide a direct way to visualize the struc-
ture–activity relationship. Meaningful conformations
and suitable alignments of lead compounds for building
interpretable and predictive models are essential for
3D-QSAR/CoMFA and ligand-based drug design in
general. In the absence of the structural data of a
ligand–protein complex, the conformational search
and the alignment of ligands can be performed using
the methods based on the atom RMS fitting, pharmaco-
phore or feature alignments.2–4 Compared to the scaf-
fold superposition utilizing the atom RMS fitting, the
feature alignment approaches (e.g., GASP, DISCO,
FlexS, HipHop, and GALAHAD) are more advanta-
geous in aligning flexible and diverse compounds.5–9

The problem of finding the conformations of ligands
and their alignments becomes dramatically more complex
with the increase of diversity and flexibility of the
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chemical structures of ligands. An additional challenge
should be conquered before a successful 3D-QSAR model
can be constructed—the selection of one out of multiple
conformations of flexible molecules that match a desired
molecular template or a pharmacophore model.

We have reported a pharmacophore-based CoMFA
modeling study of the piperidine-based blockers of the
dopamine transporter (DAT).3 Substantial evidence
has suggested that DAT is the key site of action for co-
caine in the central nervous system even though the
mechanisms that mediate the addictive character of co-
caine are more complex.10–15 DAT and the other mono-
amine transporters have been studied extensively as the
targets for the development of therapies for addiction
and neurological diseases,14,16–18 thus justifying further
interest in the monoamine transporter blockers.

Despite the success of our previous CoMFA modeling,
it became clear that on one hand the model can benefit
from exploring multiple conformations of the ligands;
but on the other hand the construction of the models
is significantly impeded due to a large number of combi-
nations of different ligand conformations possible for
analysis. In an effort to overcome this limitation, we per-
formed a CoMFA modeling of the dopamine transport-
er blockers utilizing the genetic algorithm (GA) in the
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Figure 1. Three series of the piperidine-based cocaine analogues used in the CoMFA studies. The ligands were assigned into the series C1, C2 or C3

according to the number of carbon atoms between the attachment point of the 3a-substituent and its first polar atom.
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selection of the ligand conformations. GA is an optimi-
zation approach that is based on the biological evolu-
tion and natural selection principles.19,20 In the last
decade, GA has been widely used in the modeling and
optimization of QSAR for variable selection.21–25 Here-
in we present the details of the improved CoMFA by
exploring multiple conformations of the ligands.

All molecular modeling studies were performed on a
Redhat Linux WS 3.0 computer using the SYBYL 7.0
software package.26 All compounds were tested for their
ability to inhibit high affinity uptake of [3H]DA using
rat nerve endings (synaptosomes) obtained from brain
regions enriched in DAT. The dataset is identical to that
published in our previous report.3 A total of 42 piperi-
dine-based molecules were divided into three series C1,
C2, and C3 according to the number of carbon atoms
between the attachment point of the 3a-substituent
and the first polar atom in the 3a-substituent (Fig. 1
and Table 1). The MOPAC27 charges for all the mole-
cules were calculated using the AM1 method.28

Three molecules 1p, 2i, and 3c were selected to represent
the three series C1, C2, and C3, respectively, in the
search of the pharmacophore. The pharmacophore
searching step was accomplished using the Genetic
Algorithm Similarity Program (GASP).5 The three li-
gands (one from each series) were chosen based on the
following three criteria. First, a representative molecule
should be DAT-active; second, it should have meaning-
ful functional groups, which could be used in the phar-
macophore search; and third, the 3a-substituents of
these molecules should be relatively rigid with only a
few rotatable bonds, thus limiting the number of distinct
pharmacophore models obtained for further evaluation
by CoMFA modeling. Once the pharmacophore was
generated, the three-dimensional structure of 2i, the
largest one among the three molecules selected in the
search of the pharmacophore, was used as a template
in the structure alignment for all the ligands. This step
was performed using an incremental construction algo-
rithm and a scoring function based on intermolecular
interactions and overlapping density functions imple-
mented in the Flexible Superposition (FlexS) technique.6

The number of alignments per ligand was 30. To avoid
energetically unfavorable conformations of the com-
pounds, the five lowest energy conformations of each li-
gand generated by FlexS were kept in its conformational
library for further studies.

The steric and electrostatic field energies were calculated
using an sp3 carbon atom with a +1 charge as a probe.
Principal Component Analysis (PCA)29 and Partial
Least Squares (PLS) regression30,31 were performed to
correlate the biological data and molecular fields. The
maximum number of principal components was set to



Table 1. Observed and predicted DAT activities of the ligands

Compound DAT, pKi Model 1 Model 2 Model 3

1a 3.76 3.70 3.68 3.64

1b 6.63 6.66 6.64 6.72

1c 6.28 6.32 6.29 6.17

1d 6.50 6.49 6.61 6.56

1e* 6.04 5.36 5.48 5.54

1f 5.94 5.88 6.00 5.96

1g 5.85 5.90 5.84 5.79

1h 7.28 7.26 7.30 7.32

1i 5.00 5.09 5.16 5.29

1j 5.67 5.56 5.51 5.56

1k 6.04 5.99 6.03 5.98

1l 6.73 6.79 6.76 6.77

1m 6.41 6.43 6.44 6.32

1n* 6.30 5.53 5.71 5.83

1o 6.30 6.37 6.37 6.40

1p 7.22 7.19 7.23 7.27

1q 6.10 6.10 6.09 6.04

1r* 6.53 6.61 6.59 6.84

1s 6.59 6.60 6.53 6.55

1t 6.22 6.22 6.23 6.29

1u 6.57 6.58 6.55 6.56

1v 6.56 6.58 6.50 6.56

1w 6.74 6.70 6.74 6.76

1x* 7.04 7.04 7.22 7.41

1y 7.25 7.27 7.28 7.30

2a 5.52 5.60 5.57 5.51

2b 7.10 7.13 7.08 7.07

2c 7.44 7.50 7.40 7.44

2d 6.03 6.04 6.08 6.12

2e 6.15 6.15 6.19 6.18

2f 6.57 6.57 6.51 6.54

2g 7.80 7.80 7.75 7.69

2h* 6.78 6.44 6.94 6.73

2i 7.36 7.34 7.41 7.38

3a 5.89 5.88 5.89 5.96

3b* 7.16 7.33 7.31 7.36

3c 7.28 7.25 7.31 7.26

3d 6.70 6.69 6.62 6.65

3e 6.35 6.34 6.37 6.37

3f 7.70 7.55 7.54 7.55

3g 7.58 7.57 7.62 7.63

3h 7.37 7.41 7.39 7.32

The test compounds are labeled with a ‘*’ symbol.
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6. Leave-one-out cross-validation was initially utilized
to evaluate the predictive capability of the models.
PLS procedures without cross-validation were per-
formed to create the CoMFA models. The selection of
the ligand conformations by GA was integrated with
CoMFA. The code was written in the Sybyl Program-
ming Language (SPL). The quality of the final models
was further verified using leave-N-out (10%) cross-vali-
dation. A set of external test compounds (1e, 1n, 1r,
1x, 2h, and 3b) with distinct chemical structures repre-
senting the three series of compounds was used to eval-
uate the CoMFA models in our previous report.3 For
comparison, the same test set was also used in the pres-
ent study.

The overall strategy of the pharmacophore-driven align-
ment, generation and selection of the ligand conforma-
tions, CoMFA modeling and validation of the final
models are shown in Figure 2. One of the two GASP
pharmacophores corresponding to the best CoMFA
models reported previously was utilized in the present
study (Fig. 3).3 Theoretically any one of the five confor-
mations for each of the 36 training compounds can be
selected for the CoMFA modeling. Although the con-
formations of each ligand were generated by FlexS
based on the same pharmacophore and thus very simi-
lar, the overall alignments of various conformations
for all the ligands may result in significantly different
3D-QSAR/CoMFA models. To explore multiple con-
formations of the ligands, a genetic algorithm analysis
was applied in the selection of the ligand conformations
for the CoMFA modeling. The genetic algorithm con-
sisted of the following steps:

Initialization: Generate an initial population P1 of
CoMFA models using one randomly selected conforma-
tion from the conformation library of each ligand. The
population size was 50.

Repeat:

(1) Crossover. Exchange the conformations of corre-
sponding ligands for any two models in the popu-
lation Pi. The crossover ratio was set to 50:50.

(2) Mutation. For randomly selected ligands, replace
the conformations obtained in step 1 with ran-
domly selected conformations in the library. Store
the results as a temporary population Ptmp. The
mutation rate was set to 0.08.

(3) Selection. Generate new CoMFA models for Ptmp.
Compare their q2 values (or other fitness func-
tions) with those generated for population Pi and
keep the best models in population Pi+1.

Until: The 500 generations limit is reached or the 50 best
models remain unchanged for 10 consecutive
generations.

To evaluate the performance of the GA analysis, a total
of 20 GA runs were performed. The best CoMFA model
in each GA run was constructed for comparison. Out of
the 20 models the top three models were selected for fur-
ther analysis (Table 2). The standard errors of estimate
for the training compounds by the three models are be-
tween 0.053 and 0.088. The standard errors of prediction
by the leave-one-out cross-validation for the three mod-
els are in the range from 0.255 to 0.265. The values of
the leave-one-out q2 are 0.918, 0.916 and 0.908 for the
three models, respectively. Knowing the risk of utilizing
the leave-one-out q2 as a criterion for selecting the best
model,32 the training compounds were further divided
into 10 groups and one group of ligands was omitted
and predicted each time. The leave-10%-out squared
correlation coefficients are between 0.823 and 0.92 for
the top three CoMFA models. The contributions from
steric and electrostatic fields are similar in all models
and range from 0.633 to 0.674 for the steric fields and
from 0.326 to 0.367 for the electrostatic fields. Overall,
these results indicate that models 1–3 are statistically
comparable and consistent to our previously published
results.3
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Table 2. Summary of statistics and field contributions for the top three

CoMFA models

Model 1 Model 2 Model 3

No. of training compounds 36 36 36

Optimal no. of components 6 6 5

q2 (Leave-One-Out) 0.918 0.916 0.908

Standard error of prediction 0.255 0.257 0.265

Cross-validation (10%) 0.920 0.879 0.823

r2 0.996 0.994 0.990

Standard error of estimate 0.053 0.069 0.088

F values 1350.0 803.4 581.2

Probability of r2 = 0 0 0 0

Field contributions

Steric 0.638 0.674 0.633

Electrostatic 0.362 0.326 0.367

No. of test compounds 6 6 6

r2 of test set 0.726 0.767 0.753

Standard error of test set 0.265 0.199 0.256
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In a further test the CoMFA models were validated
by an external test set of six compounds. Models 1–
3 generally performed well in the prediction of the
activities of the test ligands, although they were rela-
tively less successful in predicting the activities of
ligands 1e and 1n (Fig. 4). The comparison of the
structures of 1e and 1n shows that in both ligands
the 3a-substituent is rigid and contains either the
phenyl or phenylisoxazole group. Ligands with these
structural features are underrepresented in the training
set since they were found to be poorly active33 and the
synthetic efforts were quickly stirred toward more ac-
tive compounds.34 The r2 values of the test set for the
top three models range from 0.726 to 0.767, which are
greater than the acceptable level for the predictive
power of QSAR models.32 The standard errors of pre-
diction for the test compounds are between 0.199 and
0.265, which are consistent with the standard errors of
prediction for the leave-one-out cross-validation
results.

The contour maps for the top three CoMFA models
are illustrated using compound 2i as a reference
(Fig. 5). There is a large steric favorable area (green)
behind the piperidine ring and below the 3a-substitu-
ent where bulky groups increase the binding affinity.
The steric favorable area close to the piperidine ring
is consistent with the higher overall DAT blocking
activity of the tropane-based compounds as the addi-
tional two-carbon bridge in the tropane-based com-
pounds would be positioned close to this steric
favorable area. In addition, several steric unfavorable
(yellow) areas exist near the 3a-substituent in all three
models. The steric unfavorable area on the right side
of the 3a-substituent is consistent with the prohibited
region proposed earlier.33 Whereas the majority of the
steric features are located near the 3a-substituent,
there are also several sterically unfavorable regions
and one favorable region (model 1) near the 4-chloro-



Figure 5. Contour maps of the top three CoMFA models. 1A, 2A and 3A are the steric fields for models 1, 2 and 3, respectively. 1B, 2B and 3B are

the electrostatic fields for models 1, 2 and 3, respectively. In the steric contour maps, greater affinity is correlated with more bulky groups near green

and less bulky groups near yellow; in the electrostatic contour maps, greater affinity is correlated with more positive charge near blue and more

negative charge near red.
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phenyl ring, suggesting that the 4-chlorophenyl ring
may be limited in its ability to rotate freely and, in
fact, actively participate in the binding. This observa-
tion is consistent with the CoMFA models previously
reported for the tropane-based ligands.35–37

Obvious dissimilarity between model 1 and models 2
and 3 comes from the electrostatic fields. In model 1,
several unconnected positive charge favorable areas
(blue) are below the 3a-substituent, whereas a large
area (red) favorable to negative charge exists on the
right side of the 3a-substituent. In models 2 and 3,
the large negative charge favorable area is positioned
on the top and both sides of the 3a-substituent. Models
2 and 3 have an extra negative charge favorable area
(red) on the left side of the piperidine ring compared
to model 1.

Taking into account the differences between the models
one may ask a question: ‘Why the CoMFA fields in the
models based on the same pharmacophore are different?’
We believe that the answer to this question lies in the
phenomenon of the multiple interaction points possible
for the majority of the polar functional groups and the
fundamental differences between the steric and electro-
static fields. Unlike the electrostatic interactions, the ste-
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ric bulk is virtually non-directional. For instance, the
shape of the solvent accessible area of the 3a-substituent
in ligand 3e is close to a cylinder with a C1 axis of sym-
metry (Fig. 6B). From the viewpoint of the steric bulk
all sides of the substituent are similar. The electrostatic
potential of the amide group in ligand 3e, on the other
hand, has a positive/negative alternating electrostatic
field pattern that has no symmetry at all. Clearly, the
two orientations of the amide group C@O—up, NH—
down, and C@O—down, NH—up would have similar
solvent accessible area profiles but different electrostatic
potential profiles. On the other hand, despite the differ-
ence in the orientation of the ester group in ligand 1g the
two conformations are sterically and electronically sim-
ilar from the viewpoint of the pharmacophore model
used to generate the conformations (Fig. 6A). In fact,
the ligand polar groups may have multiple favorable
ways in which they can interact with receptors.38 The
ability of the 3a-substituent to adopt conformations that
are similar in shape but different electronically becomes
more evident taking into account that the majority of
the ligands have relatively flexible 3a-substituents.
Therefore, even for the same ligand the conformation li-
brary may contain entities that would have similar steric
but overall different electrostatic CoMFA fields. Multi-
ple methods to validate the statistical quality and stabil-
ity of CoMFA models are available.39,40 The
applicability of these validation methods is limited to
the large datasets with densely populated chemical space
that are typically not available on the early stages of the
medicinal chemistry efforts. Whereas we cannot justify
which of the models should receive the preference, the
presence of two or more statistically acceptable models
may indicate that the additional modifications of the li-
gands should be planned to rigidify the substituents in
those conformations that were suggested by the different
models.

In summary, an improved CoMFA of the dopamine
transporter blockers was performed by exploring the
multiple conformations of each ligand using the genetic
algorithm. Three CoMFA models with the comparable
statistical results were identified based on the same phar-
macophore. The comparison of their contour maps sug-
gests that both the similarity in the steric fields and the
differences in the electrostatic fields among these models
are due to the fact that the flexible 3a-substituents abid-
ing the pharmacophore requirements can adopt the con-
formations similar in shape but different electronically.
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