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Abstract
Dual or multiple activators are agents which act at more than one biological target and produce synergistic therapeutic effect. Computational
methods can be successfully employed in designing dual activators. ‘Additivity of molecular fields’ concept was recently introduced to help
design new dual activators. This concept is employed in this work to explore the scope and limitations of the concept, with the help of reported
PPARa/g/d multiple activators. Three individual CoMFA models were first generated, followed by dual and multiple models. Dual PPARa/g
CoMFA model could be developed successfully. However, dual PPARg/d, dual PPARa/d and multiple PPARa/g/d CoMFA models could not
be very well developed. This follows from the poor correlation observed in the PPARd CoMFA model.
� 2008 Elsevier Masson SAS. All rights reserved.
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1. Introduction

Designing dual/multiple activating drugs is an emerging
drug design paradigm [1]. Dual/multiple activators act at
more than one biological target selectively and produce syn-
ergistic therapeutic influence. Morphy and Rankoic preferred
to label them as Designed Multiple ligands (DML) to high-
light the rational design approach which is in practice and
the multiple biological profile of these systems. Most often
their biological targets belong to the same receptor super
family. Dual/multiple activators differ from non-selective
ligands in a way that the latter act on a gamut of receptors,
leading to side effects. Dual and multiple activators exhibit
simpler pharmacokinetic and pharmacodynamic profiles as
compared to multicomponent drug therapy. Multiple activator
design strategies can be generally classified into two major
categories pharmacophore combination approach and screen-
ing approach [2]. Out of all the dual activators identified until
now, most of them are dual antagonists or dual inhibitors. A
few selected examples are given below: (Fig. 1) (i) Dual
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inhibitors of Thymidylate Synthase (TS) and Dihydrofolate
Reductase (DHFR) evaluated by National Cancer Institute
[3,4] (A), (ii) multiple acting ligands such as COX-1, COX-2
and 5-LOX inhibitors e.g. Tepoxaline, designed using
pharmacophore combination approach (B) [5e7] and (iii)
Dual cardioselective calcium channel agonist and a smooth
muscle selective calcium channel antagonist indicated in the
treatment of congestive heart failure (C) [8].

Computational methodologies are quite suitable for the de-
sign of dual activators. Molecular docking, pharmacophore
mapping, de novo design and QSAR methods can be success-
fully employed to gain an insight into dual activation and in
the design of dual activators. One such example was recently
reported from our lab, exploiting ‘additivity of molecular
fields’ concept in the backdrop of CoMFA [9]. Selectivity
and additivity of molecular fields are relatively new concepts
introduced in molecular field analysis. Zefirov and co-workers
addressed the problem of pairwise selectivity by using the dif-
ference between biological activities expressed as �log Ki at
receptor subtypes as dependant variable to develop CoMFA
model [10]. The resulting selectivity fields indicated ways to
increase the binding selectivity at either receptors. We ad-
dressed the question of dual activity in a similar way, using
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sum of biological activities ( pIC50), as dependant variable to
develop a dual CoMFA model and reported that dual CoMFA
models showed better statistical significance than the individ-
ual CoMFA models. It was also shown that a comparative ap-
proach in analysis of dual and individual CoMFA models
proved to be useful in designing novel dual activators. The
newly designed dual activators were validated with the help
of molecular docking analysis. A possible limitation of the ad-
ditivity concept is that for a dual CoMFA model to be success-
ful, it should be built from a series of compounds which show
similar potencies. A few questions still need to be addressed in
this regard: (a) whether this concept has universal acceptabil-
ity or not, (b) whether this concept is extendable to multiple
activator design or not, (c) what are the scope and limitations
of this concept. To verify these questions we have taken up
CoMFA study.

Insulin resistance, dyslipidemia and obesity can be seen as
components of a complex mixture of abnormalities known as
‘metabolic syndrome’ or syndrome X. This has stimulated in-
terest in developing dual and multiple PPAR agonists. (Various
dual/multiple activators for PPARa/g, PPARa/g/d agonists are
in phase III clinical trials.) PPARa plays a pivotal role in the
uptake and oxidation of fatty acids and also in lipoprotein me-
tabolism [11,12]. PPARa agonists which play a significant role
in lowering circulating lipids are used in hyperlipidemia.
PPARg which is predominantly expressed in adipose tissue
is a key modulator of adipocyte differentiation [13]. PPARg
activators exemplify anti-diabetic effects via increasing insulin
sensitivity of adipose tissue and skeletal muscle. Several stud-
ies have been carried out on PPARg in our lab, both indepen-
dently and in collaboration with the industry [14e20]. PPARd
has been recognized as one of the targets in Syndrome X.
PPARd agonists may provide a new approach to the treatment
of cardiovascular disease by promoting reverse cholesterol
transport [21]. The benefit of targeting PPARd is that it is ubiq-
uitously expressed in many tissues, unlike PPARa and PPARg,
which are expressed in a tissue specific manner. A drug with
PPARa/g/d triple activating ability seems to improve the insuf-
ficiencies of the current therapeutic intervention of Type 2
diabetes. Recently, a series of a-isopropoxy-phenylpropanoic
acids containing oxadiazole tails was reported [22] to be potent
and efficacious against all three human PPAR subtypes
(hPPARa, hPPARg and hPPARd). Though this series of com-
pounds are only partial agonists, they may be subjected to cor-
relation analysis between structure and activity. The above
mentioned series was used in the development of individual/
dual and multiple CoMFA models to explore the stretchability
of additivity concept.

2. Materials and methods
2.1. Data sets
A data set of 23 compounds of a series of oxadiazole-
substituted a-isopropoxy phenylpropanoic acids [22] (Table 1)
was chosen to develop the following CoMFA models:

(i) Individual a, g, d CoMFA models
(ii) Dual a/g, g/d, and a/d CoMFA models

(iii) Multiple a/g/d CoMFA model

The biological activities reported as EC50 values were con-
verted to pEC50 in nanomolar/molar terms and were used as
dependant variables in CoMFA. In the development of dual/
multiple CoMFA models, pEC50 values were defined as sum
of individual pEC50 values.
2.2. Minimization and alignment
Ligands under study were built employing the SKETCH
module of SYBYL 6.9 [23] molecular modeling package in-
stalled on a Silicon Graphics workstation with IRIX 6.5 oper-
ating system. Crystal structures of PPARg complexed with
GW 409544 (PDB code: 1K74 [24]) PPARa complexed with
GW 409544 (PDB code: 1K7L [24]) and PPARd complexed
with GW 2433 (PDB code: 1GWX [25]) are known. The basic
skeleton and conformation of the most active molecule 1n
(having good activity at all three receptors) was modeled using
AM1 minimized extracted ligands from 1K7L. AM1, a semi-
emperical method of minimization in MOPAC module of



Table 1

Transient transfection data of PPAR agonists 1 and 2 used for CoMFA modelsa
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Compounds R EC50
b (nM) EC50

b (nM) EC50
b (nM)

hPPARa hPPARg hPPARd

1a H 160 79 10,000

1b 3-F 79 100 7900c

1c 4-F 160 200 7900c

1d 2-Me 40 100 1600c

1e 3-Me 79 50 1600c

1f 4-Me 25 16 2500c

1g 4-Cl 13 20 500c

1h 4-Br 40 32 790c

1i 4-CF3 32 25 500c

1j 4-CF3O 20 63 7900c

1k 4-i-Pr 13 4 7900c

1l 4-t-Bu 40 3 5000c

1m 3,5-Di-F 40 100 160c

1n 3,5-Di-CF3 6 32 320c

1o Cyclohexyle 240 230 ed

2a H 2000 13 ed

2b 3-F 500 2 4000c

2c 4-F 790 40 ed

2d 4-Cl 400 25 ec

2e 3-Cl 320 4 100c

2f 3-CF3 200 6 500c

2g 2-CF3 400 160 2500

2h 3,5-Di-CF3 50 4 ed

2i 3-t-Bu, 5-CF3 ef ef ef

a Molecules used in test set includes (1a, 1d, 1e, 2a for PPARa), (2b, 2c, 2d,

2g for PPARg), (1a, 1b, 1f, 1g, 2e for PPARd), (1g, 1o, 2b, 2e for PPARa/g),

(1b, 1g, 1k, 1m for PPARg/d), (1c, 1j, 2e, 2f for PPARa,/d), (1f, 1m, 2e, 2g for

PPARa/g/d).
b Compounds were assayed for agonistic activity on PPAR-GAL4 chimeric

receptors in transiently transfected CV-1 cells as described; EC50¼ the con-

centration of test compound that gave 50% of maximal reporter activity.
c Compound with percent activation 40e70%.
d Compounds with percent activation <40%.
e Cyclohexyl directly attached to oxadiazole. All data �15% (n¼ 3).
f Newly designed molecule.

Fig. 2. Alignment of the compounds of the data set for PPARa receptor.
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SYBYL 6.9, maintains the ‘U’ shape essential for activity
[26]. AM1 minimized 1n served as a template for building
rest of the molecules which were cleaned up and minimized
in a similar manner. All compounds in this series are chiral;
S-enantiomers have been chosen for this study as they are re-
ported to be more active than the R-enantiomers. Partial
atomic charges estimated using Mulliken method were as-
signed to all atoms in the chosen molecules [27]. The ‘align-
ment rule’ which describes the positioning of a molecular
model within the fixed lattice is very important input variable
in CoMFA, since the relative interaction energies depend
strongly on relative molecular positions [28]. It is preferable
to choose an alignment which maintains the bioactive confor-
mation (U shape as in rosiglitazone). The present work in-
cludes a combination of fit-atom and FlexS methods for
alignment (Fig. 2).
2.3. CoMFA 3D QSAR models
The standard TRIPOS settings were used to carry out
CoMFA analysis. CoMFA fields were derived by automatic
calculations of energies of steric and electrostatic interactions
between the compounds of interest and a probe atom. The
probe atom was placed at various intersections of a regular
3D lattice, large enough to surround all compounds in the
series, and with a 2 Å separation between the lattice point un-
less otherwise stated. An sp3 carbon atom was used as a probe
atom to generate steric field energies (LennardeJones poten-
tial) and charge of þ1 to generate electrostatic field energies
(coulombic potential). A distance dependant dielectric constant
of 1.00 was used. Steric and electrostatic fields were truncated
at þ30.00 kcal/mol.
2.4. Partial Least Squares (PLS)
This statistical method was used to linearly correlate the
CoMFA fields to the binding affinity values. The cross-validation
analysis was performed using Leave-One-Out (LOO) method.
The cross-validated r2(r2

cv) that resulted in optimum number of
components and lowest standard error of prediction were taken.
Equal weights were assigned to steric and electrostatic fields
using CoMFA_STD scaling option. To speed up the analysis
and to reduce noise, a minimum filter value s of 2.00 kcal/mol
was used. Final analysis was performed to calculate conventional
r2(r2

ncv) using the optimum number of components obtained from
the cross-validation analysis.

3. Results and discussion
3.1. Statistical analysis of individual CoMFA models
Three independent CoMFA models were built: (i) a model,
based on pEC50 values for PPARa as the dependant variable,
(ii) g model, based on pEC50 values of the ligands to PPARg



Table 2

CoMFA Statistics of a model, g model and d model

Parameters a model g model d model

n 19 19 13

n1 4 4 5

r2
cv 0.687 0.633 0.509

ONC 4 5 5

r2
ncv 0.988 0.999 0.995

SEE 0.078 0.017 0.052

F values 287.006 4065.000 293.348

Steric 0.668 0.551 0.459

Electrostatic 0.332 0.449 0.541

n¼No. of molecules in training set; n1¼ no. of molecules in test set;

ONC¼ optimum number of components; steric¼ steric field contributions;

electrostatic¼ electrostatic field contributions.
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and (iii) d model, based on pEC50 values of ligands for PPARd
receptor. Final CoMFA models were chosen after rigorous cy-
cles of model development and validation based on internal
predictions of the training set and the external predictions of
the test set. The statistical parameters for the three models de-
veloped are shown in Table 2. Both a and g models show
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Fig. 3. Scatter plots showing actual vs. predicted pEC50 values of training set mo

a model, g model, d model, a/g model, g/d model, a/d model, a/g/d model, resp
better statistical results than d model. a Model shows cross-
validated r2(r2

cv) of 0.687 with four components and non-
cross-validated r2(r2

ncv) of 0.988 while the corresponding
values for the other two models are 0.633 with three compo-
nents and 0.999 for g model and 0.509 with five components
and 0.995 for the d model. The statistical errors in this model
are also reasonably low amounting to 0.078 for a model, 0.017
for g model and 0.052 for d model as indicated by the internal
and external predictions of the training and test set molecules.
The steric and electrostatic field contributions for the a model
are 0.688 and 0.332, respectively, for the g model the values
are 0.551 and 0.449, respectively, and for the d model, they
are 0.459 and 0.541, respectively. The residuals calculated
for all three individual models were found to be low in mag-
nitude emphasizing good predictive ability of the developed
CoMFA models (Fig. 3). The statistical data of the d model
is poor and indicates that the reported PPARd data is poorly
correlated. The residuals calculated for a and g models were
lower as compared to those calculated for the d model. The
d model was found statistically weak. This could be explained
by the tight range of activity of the training set molecules.
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Moreover, most of the studied molecules are not active against
PPARd.
3.2. Statistical analysis of dual and multiple
CoMFA models
Three dual models, dual a/g, dual g/d and dual a/d, were
built on the addition of binding affinities of the ligands to
PPARa, PPARg and PPARd receptors. These additive values
of pEC50 represent the combined fields or the additivity fields
for two receptors. Out of the three dual models, dual a/g
model showed best statistical results with cross-validated
r2(r2
cv) is 0.756 and non-cross-validated r2(r2

ncv) is 0.998
(Table 3). The statistical error in this model is reasonably
low amounting to 0.049. The steric and electrostatic contribu-
tions are 0.691 and 0.309, respectively. This model, being sta-
tistically better, reveals more information than individual
a and g CoMFA models. a/g Dual model is able to predict
the combined biological activities for both PPARa and
PPARg receptors. The above model is expected to identify
molecules which act at both PPARa and PPARg receptors
i.e. any molecule which shows activity in the dual model is
able to show activity in both a and g models. As compared
to individual CoMFA models and a/g dual model, the other



Table 3

CoMFA statistics of dual and multiple models

Parameters a/g g/d a/d a/g/d

n 19 13 14 14

n1 4 5 4 4

r2
cv 0.756 0.233 0.267 0.430

ONC 5 5 5 3

r2
ncv 0.998 0.999 0.998 0.988

Standard error

of estimate

0.049 0.050 0.052 0.163

F values 1248.418 1083.382 910.447 197.994

Steric 0.691 0.607 0.540 0.557

Electrostatic 0.309 0.393 0.460 0.443

n¼No. of molecules in training set; n1¼ no. of molecules in test set;

ONC¼ optimum number of components; steric¼ steric field contributions;

electrostatic¼ electrostatic field contributions.
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two dual models and multiple models showed poor statistical
results. The cross-validated r2(r2

cv) and non-cross-validated
r2(r2

ncv) for g/d model are 0.233 and 0.999, respectively,
with five components while the corresponding values for a/
d dual model are 0.267 and 0.998, respectively, with five
components. For the multiple model, the corresponding
values are 0.430 and 0.988, respectively, with three compo-
nents. Though the SEE values are relatively small, these
models are not reliable. All attempts to realize better correla-
tion for these models failed. On the basis of these results it
can be concluded that only the PPARa and PPARg data are
statistically co-relatable, using additivity concept. When
PPARd data was employed, ‘‘additivity concept’’ did not
lead to reliable correlation. This may be attributed mainly
to the poor correlation that existed within PPARd data and
to the large difference in the EC50 values of PPARd with re-
spect to that of PPARa and PPARg.
3.3. Contour analysis
CoMFA is a model of the relationship between molecular
field differences of a set of molecules and differences in their
biological activity. Molecular fields are defined in terms of the
interaction energies of some probe atoms placed at the nodes
of a grid surrounding the molecules. A ‘field fit’ of the molec-
ular fields with known biological activities leads to colored
contour maps, after Partial Least Squares (PLS) analysis,
which indicates the required field changes while designing
new molecules. The steric contour maps are represented in
green and yellow while the electrostatic contour maps are rep-
resented in red and blue. The green contours are indicative of
regions favorable for sterically bulky substituents and the yel-
low contours are indicative of regions that are sterically less
favorable. In a similar way the red contours represent regions
that lead to the enhancement of activity with electron rich
groups, and contrary to that, blue regions represent electron
deficient regions and can lead to an increase in the activity
of molecules by similar substitutions.

A careful analysis of the contours of the a, g, and d models
(Fig. 4) revealed that most of the contours are found in the vari-
able side chain while few are found in the acidic part. It was also
revealed that electrostatic contributions are relatively more in
a model and the steric fields play an important role in the g
model. But the contours of the d model were not found to reveal
much relevant information. The contour maps of a model
clearly showed that steric bulk and electronegative groups at
the variable side chain of the most active molecule 1n may im-
prove biological activity at PPARa.

The contours of dual model reveal that electrostatic contri-
butions which are predominant in a model also exhibit similar
significance in the dual model. Steric contours reflect the
addition of steric fields from a and g models. Electrostatic
features furnished by electrostatic contours of dual model are
responsible for a activity and steric features furnished by steric
contours of dual model enhance activity at both a and g recep-
tors. High affinity dual activators for PPARa and PPARg recep-
tors show good field fit in contour maps of all three models. For
example though a slight destabilizing interaction is observed in
electrostatic contours of dual a/g and a model, 1k shows com-
fortable fit into the contour maps of all three CoMFA models.
On the other hand, 2g shows unfavorable electrostatic overlaps
and unfavorable steric overlaps in contours of g model. 2g also
does not fit well in the contours of a model as well as dual a/g
model. 1c and 2a which do not fit well in dual a/g model also
show reasonably poor field fit in a model and g model. These
examples clearly show that a comparative analysis is useful in
validating the dual model because those molecules which find
proper field fit in dual model also find proper field fit in both
the a and g models.

The contour map analysis of a-CoMFA model indicates
that the meta as well as para positions of the phenyl substit-
uents on the oxadiazole ring are covered by green and red
contours. This indicates that sterically bulky substituents
along with electronegative substituents favour PPARa activ-
ity. For example 1n with two CF3 groups at meta position
as well as 1k with isopropyl group are more active because
in these systems the bulky and electronegative groups are en-
tering into the red and green contours. On the other hand, the
contour maps of PPARg indicate that bulky but less electro-
negative substituents are more favorable at the meta and para
positions of the phenyl ring. The contour maps of a/g dual
model do possess the additive character of contour maps
a and g individual CoMFA models. The steric contour
map of the dual model supports bulky groups for both
a and g activity. The electrostatic contour plot of dual model
is covered by blue region on one side and the red region on
the other side of the phenyl ring. This indicates that for im-
proved dual activity one of the meta substituent should have
electronegative group whereas the other should be less elec-
tronegative while both can be sterically bulky. Thus modula-
tion of PPAR agents with electronegative bulky group at one
meta position and electropositive bulky group at the other
meta postion should favour the improvement of dual activity.
For example the newly designed molecule 2i (Fig. 5) shows
good predicted pEC50 (M ) according to a-CoMFA model
(7.8234), g-CoMFA model (7.2083) and better predicted
pEC50 (M ) according to a/g dual model (16.3312). This is
further verified by FlexX based molecular docking of this
molecule in the active sites of PPARa and PPARg.



Fig. 4. (aed): Electrostatic contour maps for a, g, a/g and d, respectively; (eeh): steric contour maps for a, g, a/g and d, respectively.
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4. Conclusions

Comparative Molecular Field Analysis (CoMFA) methodol-
ogy was adopted to identify the correlation between the reported
PPARa, PPARg and PPARd activators of a single series of com-
pounds with their biological activities. Very robust CoMFA
models could be obtained for PPARa and PPARg. On the other
hand, the CoMFA model for PPARd was found to be statistically
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Fig. 5. Structure of 2i.
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weak. Dual CoMFA model for PPARa and PPARg was found to
be very robust and more informative than individual CoMFA
models. This confirmed that additivity concept is worth pursu-
ing further. However, the development of dual CoMFA models
involving PPARd data did not succeed. This follows from the
poor performance of the PPARd CoMFA model. This may be
originating from the partial agonistic character of the ligands
against PPARd. This work helps us to identify an additional lim-
itation of CoMFA model i.e. when the data associated with any
target is poorly correlated, this data may not be useful for gener-
ating dual activators. Though this limitation can be generally ex-
pected, explicit evidence for this was not previously reported.
The poor correlation of the PPARd data also leads to the failure
in developing PPARa/g/d multiple model. Thus the question
whether or not the additivity concept can be extended to multiple
activators could not yet be ascertained.
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