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Abstract
In this study, a series of 1,3,4-trisubstituted pyrrolidine-based CCR5 receptor inhibitors were taken as our target with the method of the three-
dimensional quantitative structure-activity relationship (3D-QSAR) analyses in order to investigate the interactions between CCR5 receptor and
their inhibitors. For a comparison, Comparative Molecular Field Analysis (CoMFA) and Comparative Molecular Similarity Indices Analysis
(CoMSIA) were, respectively, used to build predictive models, which were generated from a training set consisting of 72 selected molecules,
derived from literatures. Two alignment rules, including rigid body rms (root mean square) fit and field fit, were performed in the superimpo-
sition of inhibitors structures. As a result, a better CoMFA model based on common structure alignment obtains a conventional correlation
coefficient r2 of 0.952 and a leave-one-out cross-validated coefficient q2 of 0.637, while the desirable CoMSIA model based on the same align-
ment rule acquires the r2 of 0.958 and the q2 of 0.677. To further validate the reliability of the models, we also investigated into the externally
test set composed of 39 molecules under the criterions of squared correlation coefficient between experimental and predicted activities with
intercept R2 and without intercept R0

2, along with Rm
2 as the modified R2 with a penalty function due to difference between R2 and R0

2. At
last, the contour map also provides a visual representation of contributions of steric, electrostatic, hydrogen bond and hydrophobic fields, as
well as the prospective binding modes. These results may provide meaningful guidance to the further work including the similar lead
compounds’ structure modification and activity prediction.
� 2008 Published by Elsevier Masson SAS.
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1. Introduction

With rapid progress in exploration of HIV infection pro-
cesses, it was found by recent studies that in addition to the
CD4 receptor, a new class of seven-membrane-domain recep-
tors called chemokine receptors was proved to play a crucial
role in the membrane-fusion stage of HIV infection [1e3].
In the early stage of HIV infection, the virus tends to attack
the immune cells by sequentially binding to the CD4 receptor
and chemokine receptors on the cell surface, then the mem-
brane-infusion can be achieved [4,5]. Recognized as a member
of the chemokine receptor family, CCR5 was discovered to be
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utilized in the early stage of the replication cycle by the most
commonly transmitted M-tropic strains of HIV-1. Notable
findings showed that a few individuals genetically bearing a de-
fective CCR5 allele were protected from HIV-1 infection with-
out any unhealthy consequence [6e8]. Hence the idea of
setting CCR5 as a possible target for therapeutic intervention
was brought up and well supported by evidence that blocking
the function of CCR5 could strongly inactivate HIV virus,
resulting in effectively prevention of HIV-1 entering into cells
while exhibiting few side effects [7,8].

On the basis of these studies mentioned above, extensive
exploration into this potential target for anti-HIV treatments
has motivated the development of some CCR5 inhibitors as
a new group of anti-HIV therapeutics. It is reported that mono-
clonal antibodies [9] and endogenous ligands of CCR5 recep-
tor, including RANTES, MIP-1a and MIP-1b [10], as well as
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their modified analogues [11,12], could exhibit anti-HIV activ-
ity. Furthermore, the development of small molecule CCR5
inhibitors has drawn much attention and efforts for several
advantages. First, instead of dealing with the HIV virus itself
which is widely used as the major drug target, CCR5 inhibitors
will aim to work on the structure binding to the human cells,
probably avoiding the problem of viral mutation and drug
resistance. Second, small molecule inhibitors can be produced
as oral medicines more easily and can overcome the bioavail-
ability problems associated with large molecules [13e16].
Some of these small molecular antagonists are still under clin-
ical research [17,18]; however, none of them yet appear on the
market. It is obvious that this promising class of anti-HIV
drugs is in great demand while facing the serious situation
of AIDS epidemics.

By means of rational drug design methods, this paper aims
to work on a series of active CCR5 inhibitors binding to the
receptor and provide better understanding of structure-activity
relationships of CCR5 receptor and its inhibitors, which may
offer some practical guidelines for further modification of
CCR5 antagonists lead compounds.

Recent years, computer-aided drug design has contributed
to elucidating active relationships between drug molecules
and their receptors, gaining deep insight into the mechanism
of receptoreantagonist interaction, which is used to find mod-
ification requirements for highly active drug molecules. With
computer-aided ligand-based design methods advanced, some
3D-QSAR methods can closely delineate the structural features
and binding characteristics of the CCR5 receptor active sites.
Actually, previous studies using different QSAR methods
including Molecular Docking, Pharmacophore Analysis,
CoMFA (Comparative Molecular Field Analysis) and CoMSIA
(Comparative Similarity Indices Analysis) method, MSA (Mo-
lecular Shape Analysis), RSA (Receptor Surface Analysis) and
MFA (Molecular Field Analysis) have also shed some light on
the related types of CCR5 receptor inhibitors and have sort of
inspired our research in terms of methodology and discussion
[19e25]. In this paper, the 3D-QSAR methods, Comparative
Molecular Field Analysis (CoMFA) [26] and its extension
Comparative Similarity Indices Analysis (CoMSIA) [27]
were applied to generate a few predictive models, which may
identify the physicochemical features of CCR5 inhibitors and
provide essential information to increase their binding affinity.

2. Materials and methodology
2.1. Biological data
In the present study, a total of 111 pyrrolidine-based CCR5
inhibitors were utilized to build 3D-QSAR models with the
biological activity data collected from the literatures
[15,16,28e45]. The binding affinity was represented as IC50

(nmol L�1), a binding to the CCR5 expressing Chinese hamster
ovary (CHO) cell in a high-throughput assay against [125I]-MIP-
1a [46]. All the compounds developed by the Merck Research
Laboratories, were confirmed the consistency of the biological
assay [15,16,28e45]. Initially, the compounds were partitioned
into a training set with 72 compounds and a test set consisting of
39 compounds, with the training set mainly used to develop the
QSAR models and the test set employed to assess the predictive
quality of the constructed models. As for the division rule for
training and test set, previous studies have also provided some
available strategies such as random selection, activity-range
algorithm and K-means-cluster based selection [19,20,47]. Of
the investigation they have made, the separation rule was
emphasized to the key point that how to make the training set
to represent the entire data set to the most. Hence here, we adop-
ted the method to focus on the diversity of structures and biolog-
ical activity of the compounds so that the training set and test set
could mostly cover the variances of structures and activities. To
start with, we roughly separated all the compounds into 10 clas-
ses according to their structural features. Afterwards, we sorted
the compounds of each class based on the biological activity.
And the selection was conducted from each class to ensure
enough and essential structural variations of the compounds
to be studied, furthermore the selection of each class also aimed
to cover the range of activity as wide as possible. Finally, the
IC50 value of the training set molecules covered a range from
0.06 to 200 nmol L�1. For the benefit of the following calcula-
tion, all biological activities were converted into the corre-
sponding �log IC50 values (pIC50). The chemical structures
and biological activities of the training set and test set are listed
in the Supplementary material.
2.2. Molecular modeling
All computational studies were performed in the molecular
modeling package SYBYL 7.0 on a SGI Octane workstation.
To start with, all molecules were constructed in the state of
neutral form using the SYBYL sketch program. It is of great
importance to determine the suitable active conformation of
all molecules, which would greatly affect the interaction
between drug molecules and the receptor taking a crucial
role in CoMFA operation as well. Due to the limited structural
information of the receptor, it is impossible to obtain the
exactly practical conformation of each molecule, but the deter-
mination of optimum conformation was strived in many effec-
tive methods ranging from the molecular docking [23,48],
systematic search [19,20] and pharmacophore model selection
[49] for the best fit to the reality. In this work, a systematic
conformational search was adopted concerning the flexibility
of the substituents. Because of the highest potency, the com-
pound 310 was set as the template. Every rotatable bond in
the compound 310 was identified and rotated at the step of
10� through the whole space. Then, the lowest energy confor-
mation calculated in this search was selected as a template to
build the other molecular structures. Partial atomic charges
were assigned to each atom using the GasteigereHückel
method. All structures of compounds were optimized using
a conjugate gradient minimizer and the standard Tripos force
field with a distance-dependent dielectric function. The mini-
mization was terminated when the energy gradient conver-
gence criterion of 0.001 kcal/mol was achieved or when the
5000-step minimization cycle limit was exceeded.
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2.3. Structural alignment
Since there is critical requirement of structure alignment in
3D-QSAR, the alignment rule remains to be a crucial and
controversial process in 3D-QSAR analyses. In this study,
two widely used alignment rules were adopted for comparison
to ensure a successfully reasonable model. Alignment I was
recognized as the common substructure-based alignment in
which all molecules were superimposed on the template mol-
ecule according to the selected common backbone. And the
best alignment module was obtained through the optimization
of atom/centroid root mean square (RMS). The common back-
bone used for alignment is illustrated in Fig. 1. Apparently,
this method would generate a better result from compounds
with resembling structures. Alignment II was known as a field
fit alignment. It attempted to adjust the geometry of the mol-
ecule in terms of steric and electrostatic fields to match the
fields of the template molecule as close as possible. The resul-
tant alignments of training set molecules employing these
rules are shown in Fig. 2. In fact, it should be noted that
variations occurring to conformations of drug molecules
exhibited by the receptor were not taken into account by
both alignment rules. Since it is not sensible to determine
which method would be more superior, we were able to
make sure the alignment rule comparably suitable to mole-
cules in this study.

3. CoMFA and CoMSIA analysis

After the alignment of training set molecules, the 3D-
QSAR interaction fields would be established to perform the
CoMFA [26] and CoMSIA [27] calculations. In general, the
following standard parameters were used to calculate the
CoMFA fields: a 3D cubic lattice with a grid spacing of
2.0 Å and extending 4.0 Å beyond the volumes of all studied
molecules; a probe atom represented by a sp3-hybrized carbon
atom charged of þ1.0 and a distance-dependent dielectric con-
stant. Both standard CoMFA fields including steric field and
electrostatic field were calculated, respectively, under the rules
of Lennard-Jones 6-12 and Coulomb potentials with the
energy cutoff of 30 kcal/mol. As to the CoMSIA analysis,
which was improved on the basis of CoMFA, it is supposed
to consider more parameters by adding steric, electrostatic,
hydrogen bond (donor and acceptor) and hydrophobic field,
as well as a sp3-hybrized carbon atom probe with a radius
of 1.0 Å, a charge of þ1, hydrophobicity of þ1 and hydrogen
bond properties of þ1. When the atom probe was placed at
Fig. 1. Common substructure alignment.
each grid point of the same lattice with CoMFA to measure
the related physicochemical properties, the CoMSIA similarity
indices for a molecule were calculated by the following Gauss-
ian-type expression:

Aq
F;KðjÞ ¼ �

Xn

i¼1

uprobe;kuike�ar2
iq

where AF,K stands for the similarity indices of a molecule j and
uik represents the actual value of the physicochemical property
while uprobe,k is the probe atom and riq is the mutual distance
between the probe atom at the grid point q and the atom i of
the molecule. A default value 0.3 was selected for the attenu-
ation factor a.

Consequently, a spreadsheet, comprising of conventional
CoMFA or CoMSIA descriptors of each molecule and the cor-
responding bioactivity value was built to perform the multiple
regression analysis. Because thousands of actual parameters
were estimated by CoMFA and CoMSIA, which made the de-
pendent data much smaller, it was appropriate to select the
Partial Least Squares (PLS) regression as the critical tool. In
PLS regression analysis, the CoMFA and CoMSIA descriptors
were set as explanatory variables and pIC50 values were set as
dependent variables. It usually started with the cross-valida-
tion with Leave-One-Out (LOO), which was carried out under
the condition of column filtering and a predicted number of
components. After the optimal number of components was
determined, a non-cross-validated analysis was performed
without column filtering to build a final 3D-QSAR model.
The optimal number of components tends to produce the
smallest root mean predictive sum of squared errors, usually
corresponding to the highest cross-validated coefficient q2.
In addition, a set of parameters including q2, Spress (cross-
validated standard error of prediction), r2 (non-cross-validated
coefficient), standard error of estimate (SEE) and F values
were, respectively, computed according to the definitions in
the PLS procedures. Those parameters are useful indicators
of the quality of the constructed models. It is acceptable to
gain the higher q2 value more than 0.5 and an r2 value more
than 0.9, which may confirm a model predictable to some de-
gree. In fact, the cross-validated coefficient q2 was calculated
to indicate the linear relevant relationship of independent and
dependent variables by the following equation:

q2 ¼ 1�
P�

Ypred � Yexp

�2

P�
Ypred� Ymean

�2

where Ypred, Yexp, Ymean are predicted, experimental and mean
values of the target property (pIC50), respectively. As for the
values of Spress and SE, the well-built models are more pref-
erable to have small Spress and SEE.

Notably, after all the parameters mentioned above that
could sort of reveal the predictive ability of the resultant
model, the acceptable results of them may not sufficient to
guarantee a reliable model. According to some incisive studies
on validation of the QSAR modeling [50,51], the high value of
the LOO cross-validation q2 alone do not automatically reflect



Fig. 2. Superposition of compounds in the training set: (a) common substructure-based alignment; (b) field fit alignment.
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a general predictability of the models, the only effective way
to judge the true predictive power of derived models is to
test them on the external test set. Hence, in addition to q2

and r2, we also implemented the calculation of R2 (squared
correlation coefficient between observed and predicted activi-
ties), R0

2 (R2 with intercept set at zero) and Rm
2 (a modified R2

with a penalty function due to difference between R2 and R0
2)

[50,51] from the test set predication in order to better validate
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the predictive power of QSAR models. The R0
2 and Rm

2 are
calculated as follows:
R2
0 ¼ 1�

P
ðyi� yr0

i Þ
2

P
ðyi� yiÞ2
R2
m ¼ R2

�
1�

����
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R2 �R2

0

q ����
�

Here, yi refers to the observed activity of each compound from
the test set, yr0

i indicates the corresponding value of the
predicted activity of each compound based on the regression
line with the intercept at zero, yi stands for the mean value
of all the observed activities from the test set compounds.

Specifically, both applied to correlate the observed and pre-
dicted values of the test set compounds, R2 and R0

2 were used
to describe the regression line of the test set prediction with
and without intercept, respectively. Based on the expressions
shown above, if the angle between the two regression lines
is small, the closer R2 must be to R0

2 and also to the corre-
sponding Rm

2 , which are necessary to judge the predictive
results from the test set. In conclusion, when the values of
each parameter (R2, R0

2 and Rm
2 ) exhibited approximate and

also greater than 0.5, it can exactly imply the predicted values
of test set compounds are close to the corresponding experi-
mental values and thus prove a highly predictive QSAR
model.
Table 1

Summary of CoMFA and CoMSIA results for various models

CoMFA1 CoMFA2 CoMFA3 CoM

Alignmenta I I II II

Region focusingb N Y N Y

q2 0.653 0.637 0.588 0.622

Spress 0.490 0.509 0.530 0.508

r2 0.855 0.952 0.802 0.794

SEE 0.317 0.186 0.367 0.375

Components 3 5 2 2

F value 133.835 259.873 140.097 133.1

Fraction

Steric 0.458 0.373 0.371 0.431

Electrostatic 0.542 0.627 0.629 0.569

Donor e e e e

Acceptor e e e e
Hydrophobic e e e e

Test set prediction

R2 e 0.616 e 0.531

SD e 0.384 e 0.357

R0
2 e 0.615 e 0.528

Rm
2 e 0.597 e 0.501

R2 stands for squared correlation coefficient of the regression line with intercept in t

stands for squared correlation coefficient of the regression line without intercept in
a Indicates the alignment rules adopted in the CoMFA and CoMSIA models.
b Indicates whether the process of region focusing was used in the CoMFA and
4. Results and discussion
4.1. CoMFA and CoMSIA statistical results
The statistical results of CoMFA and CoMSIA studies are
summarized in Table 1. Actually it is quite common to gener-
ate some poor models at the beginning. In this work, some
initiatives have been tried to improve the results, including
choosing a different conformation of the poorly predicted
molecules and changing parameters in the QSAR exercise.
The resultant q2 is ultimately enhanced close to 0.6 while r2

is around 0.95. To make a further initiate, another way accom-
plished in the Advanced CoMFA employing Region Focusing
to increase q2 through selective re-weight of the grid points in
a region and reducing the random but cross-correlated brown
noise in the data matrix [52,53].

According to Table 1, the CoMFA1 model (q2¼ 0.653,
r2¼ 0.855, with three components) resulted in much higher
quality against the CoMFA3 model (q2¼ 0.588, r2¼ 0.802,
with two components). After improvement of these two
models performed by focusing regions, the CoMFA2 model
(q2¼ 0.637, r2¼ 0.952, with five components) was still supe-
rior to the CoMFA4 model (q2¼ 0.622, r2¼ 0.794, with two
components). With respect to predictions of 39 test com-
pounds, the CoMFA2 model also achieved more desirable cor-
related coefficient R2 of 0.616 and standard deviation (SD) of
0.384 than the CoMFA4 model (R2¼ 0.531, SD¼ 0.357).
Meanwhile, the R0

2 of 0.615 and Rm
2 of 0.597 generated from

the CoMFA2 model further strengthened its good predictive
power by showing acceptable results both in closeness and
size. In comparison, the CoMFA4 model exhibited a little
poorer with R0

2¼ 0.528, Rm
2 ¼ 0.501. In the case of CoMSIA
FA4 CoMSIA1 CoMSIA2 CoMSIA3 CoMSIA4

I I II II

N Y N Y

0.618 0.677 0.649 0.673

0.522 0.487 0.501 0.483

0.936 0.958 0.941 0.939

0.214 0.176 0.205 0.209

5 7 5 5

65 192.035 207.208 210.172 202.338

0.089 0.146 0.060 0.079

0.284 0.280 0.311 0.291

0.249 0.195 0.220 0.206

0.189 0.161 0.225 0.229

0.189 0.218 0.184 0.194

e 0.526 e 0.482

e 0.467 e 0.431

e 0.524 e 0.469

e 0.503 e 0.427

he test set prediction; SD represents standard deviation of test set prediction; R0
2

the test set prediction; Rm
2 stands for difference between values of R2 and R0

2.

CoMSIA models, while N means not and Y means yes.
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analyses, the results turned a little different, where the CoM-
SIA3 model produced a higher q2 of 0.649 and an r2 of
0.941, with five components than the CoMSIA1 model
(q2¼ 0.618, r2¼ 0.936, with five components). It was also
observed that the process of region focusing has greatly
enhanced the CoMSIA models, which was reflected by the
CoMSIA2 model with the q2 of 0.677 and the r2 of 0.958 bear-
ing seven components as well as the CoMSIA4 model
(q2¼ 0.673, r2¼ 0.939, with five components). The corre-
sponding Spress was also reduced from 0.522 and 0.501 to
0.487 and 0.483, respectively. Additionally the SEE was cut
down from 0.214 and 0.205 to 0.176 and 0.209, respectively.
In spite of those CoMSIA results in which Alignment I
exhibited more advantageous than Alignment II, it is neces-
sary to extend further validation on the test set. In fact, the
CoMSIA2 model acquired more favorable predictability of
compounds in the test set, with R2 of 0.526 and SD of 0.467
than the CoMSIA4 model with R2 of 0.482 and SD of
0.431. Additionally, the CoMSIA2 model was also confirmed
to be highly reliable by achieving greater R0

2 and Rm
2 of 0.524

and 0.503, respectively, compared with the poorer results from
CoMSIA4 model (R0

2¼ 0.469, Rm
2 ¼ 0.427). As described
Table 2

Experimental pIC50 and the corresponding predicted values for the training compo

Compound pIC50 CoMFA2 CoMSIA2

240 �0.778 �0.748 �0.848

241 �1.079 �1.042 �1.179

242 �2 �2.123 �2.043

243 �0.477 �0.596 �0.456

244 �1 �0.724 �1.007

248 0.699 0.799 0.758

260 0.097 0.176 �0.014

261 �0.301 �0.153 �0.157

262 �0.477 �0.285 �0.468

263 �0.778 �0.656 �0.780

265 0.155 �0.104 �0.154

266 �0.602 �0.696 �0.566

268 �0.477 �0.206 0.096

270 1 0.847 0.802

274 �0.954 �1.131 �1.127

275 �1 �1.177 �1.231

276 �1.079 �0.998 �1.163

279 �1.362 �1.374 �1.295

280 �1.820 �1.694 �1.668

286 �0.820 �0.756 �0.909

299 0.097 0.053 0.142

301 0.699 0.861 0.528

303 0.046 0.222 0.198

304 1 0.843 1.196

309 0.301 0.671 0.624

310 1.222 0.807 0.844

312 0.523 0.464 0.588

314 0.398 0.221 �0.071

316 �0.681 �0.473 �0.528

317 �0.204 �0.038 �0.029

319 �0.176 �0.028 �0.326

323 �1.477 �1.886 �1.413

325 �1.663 �1.799 �1.75

331 �1.519 �1.454 �1.365

332 �1.935 �1.798 �1.893

333 �1.146 �0.974 �1.100
before, statistical results from PLS analyses can reflect the
predictable quality to some extent, however, the validation
of test set compounds weighed much more on the basis of
comprehensive judgment. Hence, it is revealed that the com-
mon substructure alignment exhibits more fitness to this group
of compounds to be studied due to their relative similarities.
Actually in the CoMSIA studies, different fields have been
included to find out the best combination and it turned out
that using exactly five fields could provide an adequate
description for the receptoreligand interaction for this series
of CCR5 inhibitors. It can be found that there is no significant
difference between the best model referred to CoMFA2 and
the best model of CoMSIA2 and both models are selected to
make further analyses and conclusions.

In addition, the performance of prediction on the molecules
in training set derived from both the CoMFA2 and the CoM-
SIA2 model suggests a good internal consistency in the train-
ing set with relevant coefficient of 0.975 and 0.979, standard
deviation of 0.176 and 0.165, respectively. The detailed exper-
imental and predicted pIC50 built on the CoMFA2 and CoM-
SIA2 models for the training compounds are shown in Table
2, while the test compounds results are shown in Table 3. To
unds of the CoMFA and CoMSIA models through region focusing

Compound pIC50 CoMFA2 CoMSIA2

437 �1.258 �1.441 �1.303

438 �1.431 �1.374 �1.339

439 �1.362 �1.148 �1.309

440 �0.792 �0.869 �0.675

444 �0.301 �0.256 �0.423

445 0.538 0.417 0.383

448 0.137 0.327 0.235

449 0.420 0.373 0.369

451 �0.204 0.028 0.19

452 0.469 0.084 0.218

454 0.638 0.322 0.383

458 0.051 �0.165 0.083

459 0.119 0.098 0.318

461 0 �0.25 �0.013

499 �1.799 �1.820 �1.684

500 �1.362 �1.065 �1.125

501 �0.447 �0.660 �0.555

506 �1.114 �1.252 �1.28

510 �0.544 �0.457 �0.564

514 �1.462 �1.382 �1.385

515 �2.301 �2.004 �2.387

523 �0.079 0.086 �0.133

526 �0.079 �0.048 �0.009

527 �0.176 0.012 0.012

535 �0.477 �0.514 �0.521

539 �1.301 �1.232 �1.15

540 �0.362 �0.416 �0.469

542 �0.342 �0.139 �0.268

543 �0.623 �0.698 �0.688

549 0.097 �0.174 �0.003

550 �0.079 �0.13 �0.097

551 �1.342 �1.349 �1.182

552 �1.204 �1.418 �1.306

553 �2.086 �2.086 �2.09

554 �0.322 �0.273 �0.361

558 �0.839 �0.94 �0.873



Table 3

Experimental pIC50 and the corresponding predicted values for the test compounds of the CoMFA and CoMSIA models through region focusing

Compound pIC50 CoMFA2 CoMSIA2 Compound pIC50 CoMFA2 CoMSIA2

239 �0.845 �0.792 �1.138 447 �0.845 �0.796 �0.176

245 �0.778 �1.079 �1.044 450 �0.580 0.012 0.399

246 �0.699 �0.763 �1.261 453 0.292 �0.178 0.084

251 0.398 �0.034 �0.690 455 0.638 0.179 0.406

253 �0.556 �0.249 �0.845 456 0.244 0.153 0.058

254 0 �0.410 �0.923 457 0.222 0.223 0.549

258 �0.602 �0.201 �0.727 495 �0.398 �1.241 �0.881

259 �0.699 �0.789 �0.766 508 �1.079 �1.372 �1.166

267 �1.556 �1.159 �0.856 511 �0.477 �0.944 �1.059

272 0.699 �0.041 �0.103 513 �1.813 �1.573 �1.651

281 �1.079 �1.811 �1.604 525 �0.079 0.004 0.022

285 �0.699 �1.044 �0.310 528 �0.204 0.043 �0.049

288 �0.255 �0.665 �1.060 531 0.097 �0.129 0.103

302 0.097 0.190 0.205 532 0.046 0.067 0.013

311 0.699 0.682 0.948 537 �0.681 �1.352 �1.013

313 0.523 0.483 0.650 541 �0.322 �0.419 �0.162

315 �0.568 �0.171 �0.199 544 �0.663 �0.016 �0.121

442 0.174 0.453 0.398 545 �0.477 �0.789 �0.709

443 �0.114 �0.428 �0.532 557 �1.061 �0.580 �0.884

446 �0.176 �0.972 �0.794
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visually view the predictions, the scatter plot of experimental
versus predicted binding affinity pIC50 for the training set and
the test set are shown in Fig. 3. It is clear that compounds both
in the training set and test set from selected CoMFA and CoM-
SIA models are distributed evenly across the line of y¼ x with
little distracted ones, which emphasized their favorable ability
of prediction again.
Fig. 3. Predicted versus experimental activity (pIC50, nM) of compounds. The test

training set (d) for the CoMSIA2 model.
4.2. Comparison of CoMFA and CoMSIA contour maps
One of the most pleasant advantages of CoMFA and CoM-
SIA is that the field effect on the target property can be map-
ped as 3D coefficient contour plots. As shown in Figs. 4e6,
the coefficient contour maps provide a distinguished observa-
tion of important regions where any change in the steric,
set (a) and the training set (b) for the CoMFA2 model. The test set (c) and the



Fig. 4. Steric and electrostatic maps from the CoMFA model of compound 310

(a) and 553 (b) are displayed as comparison. Sterically favored areas (contri-

bution level of 80%) and disfavored areas (contribution level of 20%) are rep-

resented by green polyhedron and yellow polyhedron, respectively. Blue and

red polyhedron depicts the favorable site for positively (80%) and negatively

(20%) charged groups, respectively.

Fig. 5. Steric and electrostatic maps from the CoMSIA model of compound

310 (a) and 553 (b) are exhibited above, respectively. Sterically favored areas

(contribution level of 80%) and disfavored areas (contribution level of 20%)

are represented by green polyhedron and yellow polyhedron, respectively.

Blue and red polyhedron depicts the favorable site for positively (80%) and

negatively (20%) charged groups, respectively.
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electrostatic, hydrophobic and hydrogen bond fields may
affect the biological activity. It also can make a qualitative
judgment and identify the possible interaction sites, which
may offer instructive guidance for the structural modification
of lead compounds. While the CoMFA contribution maps
highlight the ‘pseudo-receptor’ region where aligned mole-
cules would interact favorably or unfavorably. The CoMSIA
method can give a diagram that allows each field contribution
to be mapped back directly to regions within molecular struc-
tures so that information regarding the contribution of partic-
ular functional groups in certain areas may be evaluated [54].
Yet, the combination of two different approaches can be
applied to verify the convergence of the results and comple-
ment conclusions of each other as well [48]. In Figs. 4e6,
the contour diagrams of the field contributions determined
by different properties and obtained from analyses are illus-
trated with the exemplary ligands.

The most potent compound 310 is shown superimposed on
the important steric and electrostatic field regions in Fig. 4a,
from which the green polyhedron characterize the regions
where bulky substituents would increase the binding affinity,
whereas yellow contours depict regions where steric bulk
would not be tolerated. The blue and red polyhedron denotes
the favorable sites for positively and negatively charged
groups, respectively. It can be observed that most interaction
revealed by the contour maps tends to focus at the right side
of the molecular structures, left the other side of chains lack
of information. Meanwhile, the distribution of steric and elec-
trostatic fields is found to integrate together to some degree.
However, taking a fully consideration of selected molecules
in the study, the disproportion of fields distribution may result
from more intricate variation at the right side chains rather
than the limited structural changes on the left side. Further-
more, the steric and electrostatic contour maps from the CoM-
SIA model are demonstrated to be consistent with the CoMFA
results, which obviously display the serious requirement
around the area of right side chains. Despite the similarity in
steric and electrostatic fields of the CoMFA and CoMSIA
model, yet their polyhedra have appeared some difference in
size. The rather smaller contour maps of electrostatic fields
can be attributed to the more comprehensive concerns of
hydrogen bond and hydrophobic fields introduced in CoMSIA
approach. As displayed in Fig. 5a and Fig. 6a, the color
scheme for steric and electrostatic fields is represented in the
same manner as used for CoMFA. Additionally, the donor field
contour shows regions where hydrogen bond donors are
predicted to enhance (cyan) or disfavor (purple) binding. As



Fig. 6. Hydrogen bond and hydrophobic maps from the CoMSIA model of

compound 310 (a) and 553 (b) are exhibited above, respectively. The hydrogen

bond donor field represented by cyan (80%)/purple (20%) contours shows re-

gions where donors are predicted to enhance or disfavor binding. The hydro-

gen bond acceptor field represented by orange (80%)/red (20%) contours

encloses areas where acceptors are expected to increase affinity or reduce it.

White/blue contours indicate the regions where hydrophobic (80%)/hydro-

philic (20%) groups would enhance the binding affinity.
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to the hydrogen bond acceptor field, the orange and red con-
tours enclose areas where acceptors are expected to enhance
affinity or reduce it, respectively. Blue and white contours of
the CoMSIA model indicate the area where hydrophilic and
hydrophobic properties are preferred, respectively. With its
advantages, the CoMSIA results were able to reflect the hydro-
gen bond and hydrophobic properties of molecules, which has
provided some helpful notes at the left area. As proved by the
PLS analysis and test set prediction above, the CoMSIA model
actually exhibited much higher predictive capacity than the
CoMFA model. On the whole, the message generated from
the predictive CoMFA and CoMSIA contour maps will be of
great importance and help.
4.3. Structure-activity analyses based on contour maps
Within the CoMFA contour map shown in Fig. 4, two me-
dium-sized yellow polyhedra lying in the right region include
an upper one mainly indicating that bulky branches attached to
substituents at the vicinity of 4-position of the piperidine ring
would not be favorable, and a lower steric disfavorable dia-
gram with restriction of substituents on the side and end
chains. Therefore the substituents along the side chains of 4-
position of the piperidine ring would prefer small branches
and flexible ones over the huge substituents, as can be seen
in a series of highly active compounds like compound 310
(IC50¼ 0.06 nM) presented in Fig. 4a as well as compound
298 (IC50¼ 0.5 nM), 301 (IC50¼ 0.2 nM) and 304
(IC50¼ 0.1 nM). By contrast, compound 553 (IC50¼ 122 nM)
shown in Fig. 4b on behalf of the poorly active compounds
bears an ethyl rightly intruding the upper yellow region and
a phenyl ring conflicting with the other steric disfavorable re-
gion. The improper orientation of redundancy branches such
as ethyl and allyl growing at the position of disfavorable steric
interaction may lead to the low binding affinities of com-
pounds such as 280 (IC50¼ 66 nM) and 332 (IC50¼ 86 nM).
Additionally, there is a blue polyhedron favorable for positive
charges under the forbidden steric region related above, which
suggests a strict requirement for substitution in the vicinity of
the 4-position of the piperidine ring. The result may also
explain the poor activity of compound 553 on account of the
negative nitrogen on the pyrazole ring closely approaching
the positive favorable region. To enhance binding activities,
this region can be modified by moderate groups bearing fewer
branches and positive partial charges. Notably, there is a red
polyhedron favorably for negative charges embedded in the
lower yellow polyhedron, which implies that this region
should be limited to substituents with small bulk and negative
partial charges. The hypothesis is in agreement with the
comparison of compound 310 and 553 as mentioned above,
for the presence of two fluorine atoms in the first carbon
attached to the aromatic ring effectively improve the potent
of compound 310 while compound 553 hardly meets this
requirement. In the case of a series of molecules like
compound 311 (IC50¼ 0.2 nM), 313 (IC50¼ 0.3 nM) and
312 (IC50¼ 0.3 nM), the introduction of halogen over hydro-
gen in this area is more favorable for binding affinity. The
observation of better binding affinity in compound 315
(IC50¼ 3.7 nM) and 319 (IC50¼ 1.5 nM) also demonstrates
these regions would prefer small groups rich in electrons.

Turning to the CoMSIA resultant contour maps in Fig. 5,
the steric distribution represented by a huge yellow polyhe-
dron and a green region lying below, is found to be in agree-
ment with the CoMFA results. Specifically, the green
polyhedra characterize the regions where bulky substituents
would enhance the binding affinity. The observation is well
proved in compounds 301 (IC50¼ 0.2 nM), 270
(IC50¼ 0.1 nM) and 454 (IC50¼ 0.23 nM), which exhibit
higher activity than compounds 438 (IC50¼ 27 nM) and 513
(IC50¼ 65 nM). Besides, the red polyhedron located on the
right side most highlight electron-rich substituents in the
molecular structure, which can be observed in another series
of molecules such as compound 445 (IC50¼ 0.29 nM), 454
(IC50¼ 0.23 nM) and 442 (IC50¼ 0.67 nM). Hence, the occu-
pation of nitrogen atom on the ring at this area may have
a positive effect on the activity. From the cyan contours
around substituents at 1-position of pyrrolidine ring, it can
be concluded that hydrogen bond donors only enhance the
activity when located near this area, likewise the orange
contours largely lying in the left and underside define the
appearance of acceptors in this area are expected to enhance
binding. The purple and red contours probably identify these
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regions as poor place for hydrogen bond donor groups or
acceptors to exist. According to the comparison of compound
310 and 553 shown in Fig. 6a and b, the introduction of elec-
tron-rich fluorine atoms of compound 310 in the underside
and right orange regions is probably proved to enhance its
potent to some extent. Seemly, the upper orange contour is
in accordance with the negatively favorable red region, which
suggests the space in the vicinity of substituents at 4-position
of piperidine ring is restricted to small branches bearing neg-
ative charges or hydrogen bond acceptor features for the pur-
pose of better binding affinity.

Inspection of the hydrophobic field contribution map illus-
trates that it is in accordance with the analysis of the steric and
hydrogen bond fields. One blue contour representing a zone of
favorable hydrophilic interactions appears in the proximity of
substituents at 1-position of pyrrolidine ring where hydrogen-
bonding interactions are found to enhance affinity. This result
could be supported by the general existence of the eCOOH
group in this area, which may provide the oxygen atom condu-
cive to the interaction. The hydrophilic blue polyhedron that
appears near the upper-right corner of the map tends to
more or less explain the poor activity of compound 553 due
to the interference of a phenyl ring without little polarity.
Besides, there is a rather small hydrophobic white polyhedron
locates near the region of the green contour, which implies
what matters to the activity at this region is not the polarity
of the substituent but the bulk. Last but not the least, the
lower-right green polyhedron surrounded by an orange and
a blue contours indicates this region is favorable for a bulky
substituents bearing the hydrophilic and hydrogen bond recep-
tor quality to increase the interaction between CCR5 receptor
and inhibitors. As shown in compound 310, the fluorine atom
in the ortho-position of phenyl ring instead of a hydrogen def-
initely increases the size of the group as well as the capacity of
hydrophilic and hydrogen bond receptor, so that promote its
formation with the corresponding receptor.

5. Conclusions

The 3D-QSAR CoMFA and CoMSIA methods were uti-
lized to study a series of 1,3,4-trisubstituted pyrrolidine-based
CCR5 receptor inhibitors comprising a training set of 72 mol-
ecules and a test set of 39 molecules. To derive an effective
and reasonable model, different approaches were taken involv-
ing the optimum conformation, alignment rules and region
focusing. Moreover, the resulting models have demonstrated
potential predictive capability through PLS procedure and
test set validation. High statistical results of q2 and optimal
examination of external test set were observed in both CoMFA
and CoMSIA models based on Alignment I, supporting much
confidence to these analyses. On the basis of CoMFA and
CoMSIA contour maps, a combination of steric, electrostatic,
hydrogen bond and hydrophobic fields was investigated to
realize some important structural features for inhibitors behav-
ior. The maps also identified crucial structural requirements
for inhibitors to enhance the activity. Referred as a rational
outline, this helpful information should contribute to the
structural optimization of potent CCR5 inhibitors lead com-
pounds and activity prediction of selective molecules belong-
ing to this series. In the future, there is no doubt that more
efforts should be taken to find optimum solutions for the
development of new CCR5 inhibitors.
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