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Abstract
A ‘sum-model’ (3D QSAR e CoMFA) has been developed to design PPARa/g/d (peroxisome proliferator activated receptor) pan agonists by
using the sum of activities (EC50) of compounds against individual subtypes as a dependent parameter. In addition, the three subtype specific
CoMFA models were also generated using the identical training set molecules (N¼ 28). All four models were validated using the popular ‘leave-
one-out’ (LOO) method and with a test set of 9 molecules. The generated models were found to be statistically significant with rcv

2 > 0.5 and
rncv

2 > 0.9 and the lower values of standard error of estimation (SEE) ranging from 0.097 to 0.160. From the contour map analyses the ‘sum-
model’ was found to represent the three subtype specific models and also predicted the sum of activities of the training set molecules with
reasonable accuracy. The new molecules were designed based on the ‘sum-model’ and were found to dock well in the PPARg active site.
This approach may find wider applications in the research related to other classes of ‘designed multiple ligands’.
� 2008 Elsevier Masson SAS. All rights reserved.

Keywords: PPAR; Pan agonists; Designed multiple ligands; QSAR; CoMFA; Type 2 diabetes; Docking
1. Introduction

Peroxisome proliferator activated receptor (PPAR) is an im-
portant subclass of nuclear hormone receptor (NHR) super
family of ligand dependent transcription factors [1]. To date,
three isotypes of PPAR family, PPARg, PPARa and PPARb/
d, have been recognized, and found to play an important
role in carbohydrate and lipid metabolism [2]. These subtypes
have distinct pattern of tissue distribution and different phar-
macological roles depending on the cell type. These receptors
undergo a conformational change upon binding to a natural or
synthetic ligand and form a heterodimer with retinoid X recep-
tor (RXR). The resultant heterodimer binds to peroxisome pro-
liferator response element (PPRE) in the promoter region of
the target genes leading to the transcription of the genes. In ad-
dition, a variety of cofactors (coactivators/corepressors) are
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recruited which have the ability to initiate or suppress the tran-
scription process. This biological mechanism of PPARs is well
described in a recent review by Kota et al. [3].

Out of the various isoforms, PPARg is the most studied
one for the drug discovery purpose. Rosiglitazone and piogli-
tazone (1, 2; Fig. 1) are the currently marketed PPARg acti-
vators used for the treatment of type 2 diabetes [4,5].
However, side effects like weight gain, fluid retention, oe-
dema, increased heart weight of rodents, etc. are the issues
of major concern for these agents thus limiting their general
clinical use [6]. PPARa selective agonists such as fenofibrate
and clofibrate (4, 5; Fig. 1) are known to increase the disposal
of glucose to liver from the peripheral tissues (muscles and
adipose tissues) and are used clinically to treat dyslipidemia
[7,8]. Thus, the dual PPARa/g agonists were envisaged for
the treatment of insulin resistance [9,10]. Though some of
the dual PPARa/g agonists, such as KRP-297, tesaglitazar,
ragaglitazar and muraglitazar (5e8; Fig. 1) showed promising
results, they were discontinued due to toxicity problems in
animal models.
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Fig. 1. Structures of some known selective, dual and pan PPAR agonists.
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Recently, role of third isoform of PPAR, that is PPARd, is
beginning to emerge. Various studies have proposed the phar-
macological role for this subtype in cholesterol and lipid ho-
meostasis. Selective activation of PPARd with the synthetic
ligand GW501516 (9; Fig. 1) is shown to be associated with
improved insulin sensitivity, prevention of weight gain and
elevated high-density lipoproteins (HDL) and other effects
related to lipid metabolism [11e17]. Thus, discovering a mol-
ecule that can simultaneously activate the three isoforms of
PPAR might be an exciting venture for a medicinal chemist
concerned with drug discovery related to diabetes, obesity
and related metabolic disorders. Many pharmaceutical compa-
nies have already initiated efforts in this direction and as a re-
sult various reports have emerged in literature that describes
the design and synthesis of such molecules generally termed
as PPAR pan agonists [18e22]. The animal studies have vali-
dated the concept and these agents are shown to have im-
proved pharmacological profiles over selective PPARg or
dual PPARa/g agonists. One of the PPAR pan agonists,
PLX204 (PPM-204), has reached the phase 2 of clinical trials
[23,24].

PPAR pan agonists are a type of designed multiple ligands
[25], which act on multiple macromolecular targets with sim-
ilar binding pockets. However, designing such molecules is
a daunting task as fine tuning of substituents is required to ob-
tain the optimum potency at all three subtypes of PPARs. It is
possible that one substituent at a particular position may be fa-
vorable for activity at one subtype but detrimental for the ac-
tivity for other subtype. Thus, in order to obtain optimum
biological activity at all three subtypes, such effects have to
be quantified. Recently, scientists at Bayer HealthCare, have
provided extensive synthetic and biological studies on a series
of pan agonists based on indanylacetic acid derivatives [17].
The substituent effect at three positions in the lipophilic tail
portion was studied (Table 1). Results show that the activity
at three subtypes can be fine tuned by varying substituents at
these positions. In particular, absence of any substituent at
R1 position led to poor activity at PPARa and PPARg subtype



Table 1

In vitro activities of 4-thiazolylphenyl analogs as described in Ref. [18] (all the compound numbers are kept same as in the original reference)

OO

R1

S

N

R4

R5
CO2H

part A

part B

part C

part D

Compd R4 R5 R1 hPPARa EC50 (nM) hPPARd EC50 (nM) hPPARg EC50 (nM) Sum of activities EC50 (nM)

34a H H n-Pr 111 1.6 48 160.6

34b H H OMe 255 0.58 374 629.6

34c H Me OMe 268 2.7 960 1230.7

34d H Et H 1280 4.4 874 2158.4

34e H Et n-Pr 147 11 45 203.0

34f H Et OMe 254 2.5 65 321.5

34g H t-Bu n-Pr 87 11 18 116.0

34h H CF3 n-Pr 197 3.3 55 255.3

34i H CF3 OMe 437 2.9 327 766.9

34j Me Me H 1250 2.9 280 1532.9

34k Me Me OMe 83 4 33 120.0

34l H 112 1.3 1200 1313.3

34m n-Pr 328 3.5 94 425.5

34n OMe 53 4.1 116 173.1

34o

 

H 391 2.2 294 687.2

34p n-Pr 43 1.9 12 56.9

34q OMe 44 3.3 84 131.3

34r

O
n-Pr 101 4.0 42 147.0

34s OMe 328 1.3 181 510.3

34t OMe 526 5.2 214 745.3

34u COCH3 Me H 2530 6.9 480 3016.9

34v COCH3 Me n-Pr 175 18 17 210.0

34w COCH3 Me OMe 560 3.4 49 612.4

34x CONMe2 Me n-Pr 140 4.4 20 164.4

34y CONMe2 Me OMe 803 2.1 e e

34z COOH Me H 10,000 218 312 10,530.0

34aa COOH Me n-Pr 1690 46 238 1974.0

34ab COOH Me OMe 10,000 28 1000 11,028.0

34ac COOH CH2OH n-Pr 6490 12 891 7393.0

34ad H CH2CO2H n-Pr 2480 4.6 27 2511.6

34ae H OMe H 5800 1.3 300 6101.3

34af H OMe OMe 755 3.0 69 827.0

34ag H OEt H 100 1.2 753 854.2

34ah H OEt n-Pr 105 2 41 148.0

34ai H OEt OMe 1350 3.4 920 2273.4

34aj H Oi-Pr n-Pr 47 2.3 45 94.3

34ak H Oi-Pr OMe 180 3 44 227.0

34al Me OEt n-Pr 61 3.2 34 98.2

34am Me OEt OMe 150 6 177 333.0

34an Et OEt OMe 520 5.4 362 887.4
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but maintains potency at PPARd. Moreover, most of the com-
pounds were found to have potent activity at PPARd but pos-
sessed moderate EC50 for PPARa and PPARg subtype. It
should be noted that even though 34r has higher EC50 (poor
activity) values in vitro on all the subtypes as compared to
34p, it possessed good in vivo profile than the later. This
may be due to various reasons such as better bioavailability
of 34r over 34p, but shows that a molecule possessing compa-
rable in vitro profile to 34r may be a good candidate for fur-
ther screening. Thus, the goal should be not only to design
molecules that have in vitro activities comparable to 34p or
34r at all the receptor subtypes, but also the activity is required
to be improved for a subtype where most of the molecules are
lagging, that is PPARa and PPARg.
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Comparative molecular field analysis (CoMFA) is one of the
widely used 3D QSAR methods that is used for predicting
structure activity/property relationship. It is based on the
calculated energies of steric and electrostatic interactions be-
tween the compound and the probe atom placed at the various
intersections of a regular 3-D lattice. Thus, a structure activity
relationship is developed by using partial least squares (PLS)
analysis, a powerful statistical tool. The results are obtained
in the form of steric and electrostatic contour maps which guide
about the potential regions of the molecule in 3-D space that
should be modified in order to optimize biological activity.

For the design of PPAR pan agonists, CoMFA models for
the individual subtype may not be helpful as they would pro-
vide information about optimizing the activity for that partic-
ular subtype and overall picture may not be clear. Thus
a combined model is required that should have balanced fields
with respect to biological activities at all the three receptor
subtypes. Such a problem can be dealt by manipulating the bi-
ological activities to generate a new value that can be used to
develop a ‘hybrid-model’ which differs from the one generated
from the original biological activities and carries new informa-
tion. This is possible because biological activities and electro-
static and steric fields around a molecule are correlated. Thus,
different fields of a molecule may be responsible for exhibiting
two different biological activities due to the involvement of
different receptors. When these biological activities are ma-
nipulated, a corresponding hybridization of fields should be
observed that can provide useful information.

The selectivity issues have been studied by many workers us-
ing this approach. For example, when a set of ligands show activ-
ity towards two receptors the ratio of activities (Ki or IC50, etc.) is
used to build the selectivity model. Wong et al. studied the struc-
tural requirement for the selective ligand binding to diazepam-
insensitive benzodiazepine receptors [26]. Similarly, Baskin
et al. addressed the selectivity issue of ligands acting on both gly-
cine/NMDA and AMPA receptors, by using the difference of pKi

(�log Ki) for the two receptors (equivalent to division of Ki

values) [27]. On similar lines we introduced the concept of ‘ad-
ditivity of fields’ for the design of PPARa/g dual activators,
where the pIC50 (�log IC50) values against two receptor sub-
types were added (equivalent to multiplication of IC50 values)
to give a ‘dual-model’ possessing the characteristics of both
individual a- and g-models [28]. We have also extended the con-
cept of ‘selectivity fields’ for the study of molecules acting
simultaneously on glycogen synthase kinase 3 (GSK3) and
cyclin dependent kinases such as CDK2 and CDK4 [29]. As ap-
parent from these examples, careful manipulation of activities
may lead to the corresponding hybridization of molecular fields
associated with the molecules and gets reflected quantitatively in
the final model. However, the kind of manipulation required
should be done according to problem in hand.

In this particular case of PPAR pan agonists, it was realized
that a CoMFA model is desired that should (i) possess the bal-
anced fields of all the subtypes and (ii) also should closely
match the model of a subtype where most of the molecules
show poor activity (PPARa and PPARg in this case). It was rea-
soned that the sum of activities (EC50) at all the subtypes for the
molecules should be appropriate for this purpose. The addition
would lead to a new value that should be closer to the one that
is largest (representing poor EC50), and would represent it more
closely. For instance, in case of 34z the sum of activities at all
the subtypes is 10,530 nM, (Table 1; last column) which is
closer to the EC50 against PPARa that is 10,000 nM. Similarly,
for 34ab total sum is 11,028 nM that is also close to EC50 for
PPARa subtype that is, 10,000 nM. Thus, if CoMFA model is
built using these sum values as dependent parameter a corre-
sponding ‘sum-model’ should be obtained with balanced fields
of all the individual models and should be more similar to
PPARa and PPARg-model rather than the PPARd. This should
allow the design of molecules with balanced activity at all the
subtypes together with the scope of improving the activity
particularly at PPARa and PPARg subtypes.

In order to validate this hypothesis, individual a-, d- and g-
CoMFA models together with the ‘sum-model’ were devel-
oped, using the dataset of the given compounds (Table 1).
This was a challenging task given that the previously reported
attempts to develop QSAR models for PPAR agonists using
transactivation data (EC50) led to poor models [30,31]. On
the other hand, good QSAR models are reported using binding
affinity (Ki or IC50) data as dependent parameters [28,30e35].
It should be noted that Ki or IC50 data in this case only repre-
sent the binding strength of a compound for the receptor, while
EC50 values represents true biological activity in true sense as
it would also confirm whether the compound is a agonist or
antagonist. Thus, the models derived from EC50 data should
have greater value as it would predict the agonistic property
of a molecule towards the PPAR receptor.

2. Materials and methods
2.1. Dataset
A dataset consisting of a series of indylacetic acid deriva-
tives carrying 4-thiazloyl-phenoxy tail groups, acting as pan
PPAR agonists [17] (Table 1) was selected to develop four
CoMFA models: (i) a-model, (ii) d-model, (iii) g-model and
(iv) ‘sum-model’ (based on sum of EC50 at all three subtypes).
These molecules are composed of four parts: part A constitutes
the acidic fragment, part B refers to the phenoxy ring next to
the acidic fragment, part C is composed of a (CH2)n linker and
the last part D is composed of 4-thiazolyl phenoxy tail group.
One of the molecules, 34y was dropped from the dataset as ac-
tivity for PPARg is not reported for this molecule. Thus, the
dataset of 39 molecules was sorted randomly into training
set and test set comprising of 28 and 11 molecules, respec-
tively, in the process of model refinement for all four CoMFA
models reported herein. The biological activities have been
reported as the EC50 values in nanomolar scale (nM) using
in vitro assays for all three subtypes as described in original
reference by Rudolph et al. [17]. These values were converted
to pIC50 (�log IC50) values in molar terms and are used as the
dependent variables in the CoMFA analysis (Table 3 and 4).
For the ‘sum-model’ EC50 values against all the subtypes
were added and converted to pIC50 values in a similar way.
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2.2. Minimization and alignment
The ligands under study were built employing the SKETCH
module of the SYBYL6.9 molecular modeling package [36] in-
stalled on a Silicon Graphics Octane2 workstation with IRIX
6.5 operating system. Although bioactive conformation of the
given set of molecules is not known, these molecules are structur-
ally very similar to indole class of pan agonist 10 (Fig. 1), crystal
structure for which is available with PPARg (PDB code 2F4B)
[20]. We assumed that both classes of molecules should share
the similar conformation in the active site of the receptor due to
similar structure. This assumption is based on a recent study con-
ducted on all the protein crystal structures with resolution greater
than 2.5 Å, available in the protein databank (PDB) [37]. From this
study it could be concluded that the structurally similar molecules
bind similarly to a target. Thus the most active molecule 34p, hav-
ing the least ‘sum-EC50’ value, was built upon the co-crystallized
ligand extracted from 2F4B (10; Fig. 1) and minimized using PM3
method while maintaining the U-shape of ligands, essential for ac-
tivity [38]. The rest of the molecules were built taking 34p as the
template and changing the required substituents for the subsequent
set of molecules and minimized similarly. MOPAC charges [39]
were assigned to all the molecules. The alignment of molecules
was done using the common substructure of 25 atoms (as shown
in red below) using database alignment option in SYBYL6.9.
Fig. 2 depicts the aligned training set molecules.
Fig. 2. Aligned training set molecules.
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2.3. CoMFA 3D QSAR models
The standard Tripos settings were used to carry out the
CoMFA analysis. To derive the CoMFA fields, a 3D cubic
lattice was created; the steric and electrostatic parameters
were calculated at each lattice intersection of regularly
spaced grid of 2.0 Å in all three dimensions within the de-
fined region. The van der Waals potential and the Coulombic
term representing the steric and electrostatic fields were cal-
culated using standard Tripos force fields. An sp3 carbon
atom with a positive charge (þ1) was used as a probe
atom to generate steric (LennardeJones potential) field ener-
gies and electrostatic (Coulombic potential) field energies. A
distance dependent dielectric constant of 1.00 was used. The
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 (rcv

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

2 ) using the optimum
number of components obtained from the cross-validation
analysis. Cross-validation runs with varying number of
groups were also performed to improve the confidence limits
of the derived model. Since the statistical parameters were
found to be the best for the model from the LOO method,
it was employed for the predictions of the designed
molecules.
2.5. Docking studies
Docking studies were carried out using the FlexX program
[40] interfaced with SYBYL6.9. In this automated docking
program, the flexibility of the ligands is considered while
the protein or biomolecule is considered as a rigid structure.
The ligand is built in an incremental fashion, where each
new fragment is added in all possible positions and confor-
mations to a pre-placed base fragment inside the active
site. All the molecules for docking were sketched in the
SYBYL and minimized using PM3 method and all the
charges were removed. The 3D coordinates of the active sites
were taken from the X-ray crystal structures of the PPARg
(PDB code 2F4B) reported as complex with the correspond-
ing agonist (10) [20]. The active site was defined as the area
within 6.5 Å around the co-crystallized ligand, and custom-
ization was done for the His423, Tyr473 and His449 so as
to represent the reported H-bonding interactions. Formal
charges were assigned to all the molecules and FlexX run
was submitted.
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3. Results and discussion
3.1. Statistical analysis
Four independent CoMFA models were built using the same
training set: (i) a-model, based on the EC50 of the molecules to-
wards PPARa as the dependent variable, (ii) g-model, based on
the EC50 of the molecules for the PPARg receptor, (iii) d-model,
based on the EC50 of the molecules for the PPARd receptor and
(iv) ‘sum-model’, based on the sum of activities at all three sub-
types. These CoMFA models were chosen after rigorous cycles
of model-development and validation based on internal predic-
tions of the training set and the external predictions of the test
set. The statistical parameters for the three models developed
are shown in Table 2. The sum-model shows the best statistical
results with cross-validated r2 (rcv

2 )¼ 0.757 with five compo-
nents and noncross-validated r2 (rncv

2 )¼ 0.981 while the corre-
sponding values for the other three models are 0.670 with five
components and 0.969 for a-model, 0.555 with six components
and 0.969 for d-model and, 0.549 with five components and
0.941 for g-model. Thus, these statistical parameters deny any
possibility of chance correlation.

The fact that the ‘sum-model’ is closer to a- and g-models
can be observed from the difference in the contribution of steric
and electrostatic fields of these models. The numerical value of
this difference between sum-model and a-model is 1.8 (63.5e
61.7 for steric or 36.5e38.3 for electrostatic fields) while the
same difference for g- and d-model is 3.8 and 11.5, respectively.
These values indicate that the ‘sum-model’ is closer to a-model,
than to g-model, and least similar to d-model as expected.

The individual models (a-, d- and g-models) are expected
to be useful for predicting the activity for the particular sub-
type while the ‘sum-model’ should predict the total sum of ac-
tivity on all the three subtypes. In general, these models were
found to be good at predicting the activities of the training and
test set molecules, as shown in Table 3 and 4, respectively.
3.2. Contour analysis
In CoMFA method, results are presented as contour maps
that correlate the change in biological activity with the molec-
ular field values. The steric contour maps are represented in
green and yellow colors while the electrostatic contours are
Table 2

PLS statistics of CoMFA models

Parameters a-Model d-Model g-Model Sum-model

No. of molecules

in training set

28 28 28 28

No. of molecules

in test set

9 9 9 9

r2
cv 0.670 0.555 0.549 0.757

No. of components 5 6 5 5

r2
ncv 0.969 0.969 0.941 0.981

SEE 0.141 0.108 0.160 0.097

F value 136.1 110.2 70.4 223.1

Steric field contributions 0.617 0.520 0.597 0.635

Electrostatic field contributions 0.383 0.480 0.403 0.365
depicted in red and blue colors. The green contours are indic-
ative of favorable regions for sterically bulkier groups and the
yellow contours are indicative of regions that are sterically less
favorable. Similarly, the electrostatic red plots show the re-
gions where the presence of a negative charge is expected to
enhance the activity whereas the blue contours are indicative
of regions where introducing or keeping positive charges are
expected to improve the observed activity. Thus, these contour
maps act as the guidance source to for the design of new mol-
ecules from the existing ones, with improved biological
activity.

The contour maps are limited to the regions where various
substituents have been modified. These variations are mainly
at the 4-thiazolyl phenoxy tail group (part D) where a variety
of substituents (R1, R4 and R5) have been tested. All the steric
and electrostatic contour maps are mapped to the most active
compounds (34p for a-, g- and sum-model and 34b for d-
model) and are shown in Figs. 3 and 4. (For interpretation of
the references to color in text, the reader is referred to the
web version of this article.) In case of a-model, the steric model
(Fig. 3a) shows small green regions near the R4 substituent of
the thiazolyl ring and over the cyclohexyl ring, while yellow re-
gions are scattered all over the tail portion. The d-model
(Fig. 3b) shows comparatively large sterically favorable region
near and over the R4 substituent. On the other hand g-model
shows (Fig. 3c) the green contours near the R1 showing the im-
portance of bulky group in this region. This observation is also
in agreement to earlier reported findings of Sahoo and
coworkers who reported that introduction of n-propyl group at
this position increases the affinity of molecule for PPARg sub-
type [41,42]. Similarly, Mahindroo et al. have also demon-
strated that the presence of n-propyl group at this position in
indole based molecules improved the activity in the functional
assays [20]. However, there are only yellow contours all over
the R4 and R5 showing steric bulk is disfavored around the thia-
zolyl ring. Interestingly, the ‘sum-model’ (Fig. 3d) shows the
overall balance of all the individual models but is more closely
matching the PPARa and PPARg-models as expected. It shows
small green regions near R1 which represents the component of
g-model while a small green region over R4 substituent may be
a part of a- and d-model. There are also yellow regions scattered
all over the thiazolyl ring which are more or less similar to both
a- and g-models.

In case of electrostatic models also, the ‘sum-model’ looks
similar to PPARa and PPARg rather than PPARd (Fig. 4aed).
It shows the presence of a blue contour near the R4 while red
one at the R5 region which is similar to a-model in shape and
size as expected. Additionally, a red contour can also be seen
over the thiazolyl ring in all the cases. However, the red con-
tour over the thiazolyl ring is broken in case of ‘sum-model’ as
compared to a-model which is uniformly distributed. In addi-
tion, the ‘sum-model’ also shows some red contours near the
carboxylic acid group which is also present in a- and g-model
but not in the d-model. However, the electrostatic contours of
d-model are quite different from the ‘sum-model’ and only
similarity is in the presence of blue contour near the R4 re-
gion. Thus, it can be concluded that the ‘sum-model’ possesses



Table 3

Actual (act) and predicted (pred) pIC50 values and the residuals (D) of the training set molecules for the a-, d-, g- and sum-model

Compd Pred (a) Act (a) D Pred (d) Act (d) D Pred (g) Act (g) D Pred (sum) Act (sum) D

34a 7.00 6.95 �0.05 8.82 8.80 �0.02 7.29 7.32 0.03 6.79 6.79 0.00

34b 6.65 6.59 �0.06 9.08 9.24 0.16 6.34 6.43 0.09 6.20 6.20 0.00

34c 6.50 6.57 0.07 8.67 8.57 �0.10 6.06 6.02 �0.04 5.97 5.91 �0.06

34d 5.64 5.89 0.25 8.42 8.36 �0.06 6.39 6.06 �0.33 5.55 5.66 0.11

34g 6.97 7.06 0.09 7.93 7.96 0.03 7.70 7.74 0.04 6.89 6.94 0.05

34h 6.67 6.70 0.03 8.40 8.48 0.08 7.27 7.26 �0.01 6.63 6.59 �0.04

34i 6.33 6.36 0.03 8.66 8.54 �0.12 6.32 6.49 0.17 6.05 6.12 0.07

34j 5.84 5.90 0.06 8.50 8.54 0.04 6.31 6.55 0.24 5.72 5.81 0.09

34l 6.95 6.95 0.00 8.94 8.89 �0.05 5.94 5.92 �0.02 5.85 5.88 0.03

34n 7.36 7.28 �0.08 8.39 8.39 0.00 6.97 6.94 �0.03 6.77 6.76 �0.01

34o 6.34 6.41 0.07 8.67 8.66 �0.01 6.43 6.53 0.10 6.07 6.16 0.09

34p 7.47 7.37 �0.10 8.68 8.72 0.04 7.99 7.92 �0.07 7.35 7.24 �0.11

34s 6.44 6.48 0.04 8.94 8.89 �0.05 6.86 6.74 �0.12 6.32 6.29 �0.03

34t 6.27 6.28 0.01 8.23 8.28 0.05 6.75 6.67 �0.08 6.19 6.13 �0.06

34u 5.84 5.60 �0.24 8.09 8.16 0.07 6.41 6.32 �0.09 5.61 5.52 �0.09

34v 6.54 6.76 0.22 7.83 7.74 �0.09 7.72 7.77 0.05 6.64 6.68 0.04

34z 5.05 5.00 �0.05 6.80 6.66 �0.14 6.32 6.51 0.19 4.93 4.98 0.05

34aa 5.51 5.77 0.26 7.41 7.34 �0.07 6.58 6.62 0.04 5.50 5.70 0.20

34ab 5.13 5.00 �0.13 7.31 7.55 0.24 6.38 6.00 �0.38 5.18 4.96 �0.22

34ac 5.24 5.19 �0.05 7.97 7.92 �0.05 6.06 6.02 �0.04 5.16 5.13 �0.03

34ad 5.80 5.61 �0.19 8.30 8.34 0.04 7.52 7.57 0.05 5.65 5.60 �0.05

34ae 5.44 5.24 �0.20 8.80 8.89 0.09 6.40 6.52 0.12 5.35 5.21 �0.14

34af 6.01 6.12 0.11 8.60 8.52 �0.08 6.93 7.16 0.23 5.94 6.08 0.14

34ag 6.83 7.00 0.17 8.95 8.92 �0.03 6.27 6.12 �0.15 6.06 6.07 0.01

34aj 7.37 7.33 �0.04 8.71 8.64 �0.07 7.40 7.35 �0.05 6.98 7.02 0.04

34al 7.33 7.21 �0.12 8.29 8.49 0.20 7.49 7.47 �0.02 7.03 7.00 �0.03

34am 6.86 6.82 �0.04 8.34 8.22 �0.12 6.66 6.75 �0.09 6.45 6.48 0.03

34an 6.32 6.28 �0.04 8.23 8.27 0.04 6.56 6.44 �0.12 6.13 6.05 �0.08
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characteristics of all the individual models but is closer to
PPARa and PPARg-models which is desirable and according
to our expectations.
3.3. Validation of models
Validation is the most important step in the development of
reliable QSAR models, with good predictive power [43,44].
All the CoMFA models have been validated using test set of
9 compounds for which results are given in Table 4. The pre-
diction power of the models is reasonably good except for 34k
and 34m in case of a-model and 34x in case of g-model,
where the residuals are greater than one log unit. These, mol-
ecules may have slightly different conformation in the active
site of the respective receptors which is not a rare instance
for PPAR ligands. In addition, the ‘sum-model’ was further
validated by comparing the predicted EC50 from this model
with the sum of predicted EC50 of individual models of all
the molecules (last two columns of Table 4). As expected,
the corresponding values in these two columns are quite com-
parable and thus further build the confidence in the given
models. Furthermore, as discussed above, the ‘sum-model’
and a-model shows electrostatically unfavourable and favor-
able regions near R4 and R5, respectively. This is in accor-
dance with the experimental findings for 34z, 34aa, 34ab
and 34ac which possess a eCOOH group (unfavourable) at
R4. Accordingly, these molecules are not only poorly active
at PPARa but also the total EC50 for these is quite high. In
addition, the molecule 34c which lacks the eCOOH group
at R4 position but has remaining structure identical to 34ab,
is found to be around four times potent on PPARa as com-
pared to the later, thus confirming the validity of the models.
3.4. Design of new PPAR pan ligands
The CoMFA contour maps can be exploited for the purpose
of the lead optimization. We employed ‘sum-model’ in order
to design new molecules with improved activity as compared
to the most potent molecule in vitro 34p or in vivo that is 34r.
Electrostatic contours of the ‘sum-model’ seem to provide ma-
jor clues rather than the steric contours for the optimization of
activities. All the designed molecules were then subjected to
the individual a-, d-, and g-models for the activity prediction
at individual subtypes. Thus, the sum of predicted EC50 at in-
dividual subtype can be compared to the EC50 obtained from
the ‘sum-model’; the model should be further validated if
these two values are comparable. It should be noted that the
developed ‘sum-model’ should give clues to improve the over-
all activity (sum of activities) and do so by improving activity
at PPARa and PPARg subtypes particularly.

Initial set of molecules were designed keeping in view the
electrostatically favorable red contour maps around the cyclo-
hexyl ring of 34p (Fig. 5). Thus, the substitution of the later
was done with fluorine at various positions with different ste-
reochemistry so as to follow the red contour maps. This re-
sulted in molecules D1 to D5 (Table 5) with improved
overall sum of activities as compared to 34r. The molecule
D1 was predicted to be almost equipotent to 34p, while other
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molecules were found to be lesser active compared to 34p but
highly active when compared to 34r. Predictions with the in-
dividual models revealed that these molecules also showed im-
provement in activity at PPARa and PPARg subtypes.
However, as expected predicted activity at PPARd was not af-
fected much as compared to 34p. In addition, the activity pre-
dicted by ‘sum-model’ was found to be comparable to the sum
of predicted activity obtained from the individual models.

A simple substitution of ‘S’ with ‘NH’ in the thiazolyl ring
of 34p (in case of D6) also showed improved activity at all the
subtypes as compared to 34r. A small sterically favored green
contour near R1 in ‘sum-model’ was also exploited by elongat-
ing the n-Pr side chain with one carbon atom in 34p (as in D7).
This substitution led to the marked improvement in the overall
activity as observed by pEC50 of 7.41. This is expected since
this contour is reminiscent of the g-model and is of larger size
in the later. When structural features of D6 and D7 were com-
bined in D8 pEC50 of 7.39 was observed. Interestingly, this
compound showed intermediate predicted EC50 values against
all the receptor subtypes when compared to D6 and D7.

In case of D9, the eNH of thiazolyl ring of D6 was further
substituted with eCH2COOH group that improved the activity
for PPARa and PPARg and the overall sum of EC50 but activ-
ity at PPARd was decreased as compared to 34r. Replacing n-
Pr group of 34p with n-propoxy group resulted in D10 which
also led to the similar effect. Further substitution of ‘S’ of thia-
zolyl ring with ‘NH’ in D10 (in case of D11) showed the sim-
ilar predicted activities as with D9.

More molecules were designed by substituting aromatic
ring directly attached to thiazolyl ring in 34p in order to ex-
ploit red contour map around this region. Substitution of this
aromatic ring at position 5 with eF in 34p led to D12 with
predicted EC50 of 7.39 from the ‘sum-model’. At individual
subtypes, this molecule showed activity very similar to D8.
When the same position was substituted with eOMe, as in
D13, it also led to the improvement of activity as compared
to 34r. This shows that both electron withdrawing and electron
donating groups can be tolerated at this position. Thus, the
molecules with improved overall predicted activity were de-
signed as pan agonists using ‘sum-model’. Also, the predicted
activities from the ‘sum-model’ were found to be very close to
the sum of predicted activities from the individual models for
all the designed molecules (Table 5). This further validates
that the ‘sum-model’ can predict the overall sum of activities
of these molecules at all the three PPAR receptor subtypes and
builds the confidence that it can be used to design such
molecules.
3.5. Docking studies of designed molecules
Docking studies of all the designed molecules were per-
formed together with the 34p and 34r in the PPARg active
site (PDB entry 2F4B) [20]. The molecules 34p and 34r
were found to dock in the similar conformation and in the
same binding pocket of the protein that is occupied by the
co-crystallized ligand 10, as shown in Fig. 6. This supports
our earlier hypothesis of using bioactive conformation of 10



Fig. 3. Steric maps for a-model (a), d-model (b), g-model (c) and ‘sum-model’ (d).
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as a template for the training set molecules for CoMFA anal-
ysis. In addition, all the designed molecules were also found to
dock with similar conformation or pose with scores either bet-
ter or comparable to 34p and 34r (Table 5) with the only
Fig. 4. Electrostatic maps for a-model (a), d-m
exception of D10. The higher predicted pEC50 of D6, D8,
and D11 can be correlated to their docking results in the
PPARg activity. These molecules were designed by replacing
the ‘S’ atom of the thiazolyl ring to ‘NH’ group, thus leading
odel (b), g-model (c) and ‘sum-model’ (d).
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to the presence of an additional hydrogen donor in the tail por-
tion (part D, Table 1) of the molecules. This resulted in the for-
mation of an additional H-bond with the backbone carbonyl of
Ile281 (exemplified by D8 in Fig. 6) which is absent in both
34p and 34r. Thus, all the designed molecules possessed better
docking scores in PPARg with respect to the most potent mol-
ecules, 34p and 34r, in the dataset while maintaining the vital
interactions with the protein.

4. Conclusions

Manipulation of activities like multiplication and division
are being used to address the problems of selectivity and du-
ality of multiple activating agents. Similar concept has been
extended in this work in designing the PPAR pan agonists.
Table 5

Predicted (pred) pEC50 [M], EC50 [nM] and docking scores of the designed molec

Compd Pred (sum-model) Pred (a-model) Pred (d-model

pEC50 EC50 pEC50 EC50 pEC50

34p 7.35 44.6 7.47 33.9 8.68

34r 6.96 109.6 7.02 95.5 8.86

D1 7.38 41.7 7.53 29.5 8.61

D2 7.18 66.1 7.20 63.1 8.65

D3 7.20 60.2 7.22 60.2 8.60

D4 7.08 83.1 6.98 104.7 8.66

D5 7.05 89.1 7.03 93.3 8.52

D6 7.30 50.1 7.40 39.8 8.75

D7 7.41 38.9 7.54 28.8 8.68

D8 7.39 40.7 7.49 32.4 8.69

D9 7.02 95.5 7.00 100.0 8.44

D10 7.09 81.3 7.11 77.6 8.45

D11 7.01 97.7 6.98 104.7 8.43

D12 7.39 40.7 7.49 32.4 8.78

D13 7.31 49.0 7.31 49.0 8.52
Development of these agents is very challenging as the mole-
cules should have affinity for all the three known subtypes of
PPAR (PPARa, PPARg and PPARd).

A reported dataset of pan agonists was used for the devel-
opment of CoMFA models, where most of the molecules were
shown to have potent EC50 values for PPARd subtype but were
only moderately potent at PPARa and PPARg. From this data,
we set our objective to develop a CoMFA model that should
predict the overall activity at all the subtypes and should
give clues about improving the activity at the subtypes where
most of the molecules are less active. In other words the final
CoMFA model should have balanced fields and should be
closer to PPARa and PPARg rather than the PPARd in this
specific case. For this purpose, a new concept based on ‘sum
of activities’ was introduced. This approach includes the
ules as compared to 34p and 34r

) Pred (g-model) Pred (aþ dþ g) Docking Score

(FlexX)
EC50 pEC50 EC50 EC50

2.1 7.92 12.0 48.0 �19.8

1.4 7.70 20.0 116.9 �16.7

2.4 8.20 6.3 38.2 �20.7

2.2 7.85 14.1 79.4 �18.7

2.5 7.91 12.3 75.0 �19.0

2.2 7.63 23.4 130.3 �17.7

3.0 8.21 6.2 102.5 �20.8

1.8 7.94 11.5 53.1 �25.9

2.1 8.06 8.7 39.6 �20.4

2.0 8.05 8.9 43.3 �25.3

3.6 7.96 11.0 114.0 �24.9

3.5 7.61 24.5 105.6 �15.4

3.7 7.56 27.5 135.9 �24.4

1.6 8.09 8.1 42.1 �20.6

3.0 8.06 8.7 59.7 �19.6



Fig. 6. The active site of PPARg (2F4B) with important amino acid residues

(shown in stick model) and various docked ligands (shown in capped stick

model). The docked ligands 34p (yellow), 34r (green), and D8 (magenta)

bind in similar fashion as compared to the co-crystallized ligand (cyan) and

make three conserved H-bonds with the His323, His449 and Tyr473. The de-

signed molecule D8 makes an additional H-bond with the backbone carbonyl

of Ile281 owing to presence of ‘NH’ group in the tail portion. (For interpreta-

tion of the references to color in this figure legend, the reader is referred to the

web version of this article.)
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development of a CoMFA ‘sum-model’ that uses the numeri-
cal value obtained by adding the activities of a molecule at
all three subtypes as a dependent parameter. In addition, the
individual a-, d- and g-CoMFA models were also developed
for the comparison purpose from the same set of molecules.
All the models were cross-validated using the external test
set of molecules. The models were found to have rcv

2 ranging
from 0.549 to 0.757 and rncv

2 ranging from 0.941 to 0.981. The
predictive power of the models was sufficiently reliable with
SEE values ranging from 0.097 to 0.160 for the four models.
As expected the ‘sum-model’ was found to have similar mo-
lecular fields as in a-model and g-model where most of the
molecules are moderately active. However, it was found to
possess quite different contours when compared to d-model
where most of the molecules are exhibiting potent activity.
This similarity is also evident from the steric and electrostatic
field contributions. Finally, the ‘sum-model’ was used to de-
sign new molecules with better predicted ‘overall activity’
and docking scores as compared to reference molecules 34p
and 34r.

Thus, the concept of ‘sum of activities’ for the design of
‘multiple activators’ or the molecules desirable to have bal-
anced activity on more than one target has been introduced.
We have shown the application of this approach for the design
of PPAR pan agonists which are the subject of current interest
for the treatment of type-2 diabetes and obesity. The ‘sum-
model’ proposed in this work provides a satisfactory result
for PPAR pan agonists. This concept may also be applied
for designing other known multiple activating drugs [25]. It
is worth verifying the validity of this approach on many statis-
tical model building paradigms. The current effort is to share
our experience with the scientific community and prod the
members to verify the validity of such approach from all pos-
sible angles. This provides an opportunity to expand the scope
of QSAR models especially in the wake of limitations and pre-
dictive power discussed [43,44].
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