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Hologram QSAR studies were conducted on a series of 60 training set of cannabinoid-1 receptor (CB,)
antagonists. Significant cross-validated correlation coefficients (g? = 0.763) and noncross-validated corre-
lation coefficients (r* = 0.897) were obtained. The model was then employed to predict the biological
activities of 15 test set compounds, and a good agreement between the experimental and predicted val-
ues was verified exhibiting a powerful predictable capability of this model (qlzml = 0.868). Contribution
map shows that 1,2,4-trizole and cyclopropane moieties make big contributions for the activities. Both
the HQSAR model and analysis from the contribution map should be useful for the further design of novel
structurally related CB; antagonists.

Published by Elsevier Ltd.

The endocannabinoid system (ECS) affects metabolic pathways
through expression in the brain and peripheral tissues."? It has
been reported that stimulation of ECS increases the food intake
and promotes weight gain, whereas pharmacologic blockade of
the system might cause the loss of appetite, representing an effec-
tive approach for the therapy of obesity and other metabolic disor-
ders.? The ECS comprises of cannabinoid receptors, endogenous
ligands and the enzymes which catalyze the synthesis and degra-
dation of endocannabinoids.*® The two cannabinoid receptor sub-
types, CB; and CB,, with increasing reports suggesting the
existence of a new type CB3;,5® belong to the G-protein-coupled
receptor (GPCR) superfamily.® CB; receptor, first identified in
1988'° and cloned in 1990, was found abundantly in brain neu-
rons.!! CB; receptor antagonist has recently received great atten-
tion because it both leads to weight loss and reverses the
metabolic effects of obesity, such as hyperlipidemia and insulin
resistance.'? The first clinically used anti-obesity drug based on
CB; receptor antagonist is rimonabant (SR141716, Fig. 1),'> ap-
proved by European Medical Agency (EMA) in 2006. Other two
CB, receptor antagonists (otenabant, CP-945598 and MK-0364, tar-
anabant, Fig. 1) have also been accessed to different phase of clin-
ical trials.’* Up to now, most of the CB; antagonists in clinical trials
are bioisosteres or conformationally constrained analogues of
rimonabant.'® Recently, Lee et al. reported'® that the amide group
in rimonabant structure can be replaced with imine-type moiety,
such as 1,3,4-oxadiazole, imidazoles, and tetrazoles. Among these
bioisosteres, the 1,3,4-oxadiazole heterocycle is of particular inter-
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est for its introduction of a favorable balance of potency and phys-
icochemical properties which are amenable for further in vivo
efficacy evaluation. Through lead optimization, they identified
compound 58 to be a better CB, inhibitor and a promising candi-
date for further evaluation as an anti-obesity agent.

Hologram quantitative structure-activity relationships (HQSAR)
are a 2D-QSAR program without need of 3D structure determination,
conformation search and molecular alignment.!” In HQSAR, each
molecule in the training set is divided into several structural frag-
ments, which are arranged to form a molecular hologram, assigned
by a cyclicredundancy check (CRC) algorithm. All possible molecular
fragments (linear, branched and overlapping) and the numbers of
occurrences are counted to generate HQSAR descriptors. With
HQSAR technique, we can easily and rapidly generate QSAR models
for both small and large data set with high predictive value compa-
rable with other 3D QSAR techniques, such as COMFA and CoMSIA,
but much simpler to use.'® In addition, HQSAR models interpret po-
sitive and negative contributions based on various atoms and struc-
tural units, which are alternatives to 3D QSAR models. The limitation
of HQSAR models is that it could not make biological activity predic-
tions accurately to molecules lacking fragments or structural units
included in the training data set which are used to set up the model.
Although several papers have been published for the 3D-QSAR stud-
ies of CBy receptor antagonists, HQSAR studies of these receptor
antagonists have rarely been reported.'® In the present study, we
tried to generate and evaluate a HQSAR model using a total of 75
biarylpyrazolyl oxadiazole ligands as a training set and test set. We
hope that these models and analysis will be helpful for the future
rational design of novel structurally related CB; receptor
antagonists.2°
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Figure 1. Structures of rimonabant, otenabant, taranabant and compound 58.

A series of biarylpyrazolyl oxadiazole antagonists were taken
from the recent publication.’® Out of 77 reported compounds,
two of them were discarded because of their low activities. The
data set of 75 ligands were segregated into training set of 60 li-
gands and test set of 15 ligands by considering the fact that test
set molecules should represent high, middle and low activities.
Molecular modeling studies were performed using the modeling
package sysyL 7.22! in a Linux system. The structures of the data
set were sketched and minimized using Tripos force field?? until
a gradient convergence of 0.005 k cal/mol was achieved. The chem-
ical structures with experimental and predicted biological activity
of both training set (1-60) and test set (61-75) are listed in Table 1.
Their ICsg values binding to rat CB; receptor were converted into
the —logICsg (nM) (pICso) and used as dependent variables for
the HQSAR analysis.

In HQSAR, each molecule is divided into a series of unique struc-
tural fragments that are counted in the bins of a fixed length array
to form a molecular hologram.?> A number of parameters which
are related to hologram generation, such as hologram length, frag-
ment size and fragment distinction, affect the HQSAR model. The
hologram length controls the number of bins in the hologram fin-
gerprint with 12 default length from 61 to 401. All of the default
hologram lengths are prime number to avoid the fragment colli-
sion.?! Fragment size controls the minimum and maximum length
of fragments to be included in the hologram fingerprint with the
default as 4 and 7, respectively. Molecular fragment generation uti-
lizes the following fragment distinction: atoms (A), bonds (B), con-
nections (C), hydrogen atoms (H), chirality (Ch), and donor and
acceptor (DA). To evaluate the hologram generation, numerous
models with the various combinations of the parameters were
developed. Table 2 shows the statistical results with different com-
binations of fragment distinction with the default fragment size
(4-7). In each model, atoms and bonds are both included in the
fragment distinction parameters. The model 13, which uses atoms,
bonds, connections, chirality and donor and acceptor as fragment
distinctions, exhibits best statistical results with g of 0.763, r* of
0.897, standard estimated error of 0.203, hologram length of 71,
and optimal number of components of six. It should be noted that
when donor and acceptor flag is enabled, the selection of hydrogen
flag cannot make the model better, duo to the drastic increase in
the number of fragments generated when both of these options
are considered. For example, model 4, 6, 10 and 13 are better than

Table 1
Chemical structures, experimental and predicted activity of training set and test set
Training set
Cl
N-
—
4
>~ |
: e
cl Cl
Compounds R Experimental Predicted
1 Y 6.80 7.36
2 \//\/ 7.46 7.38

3 \/]/\ 7.98 7.57
4 \/]/\/\ 7.82 7.63

~,
5 A ]\A 7.50 7.65

6 \/]< 8.12 7.92
7 \/]C 7.98 7.92

8 \/]<\/\ 7.83 7.96

9 \/KC&‘ 8.07 8.01
10 \/\g 7.88 7.57

11 /O 7.58 7.84
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Table 1 (continued)

Compounds R Experimental Predicted Compounds R Experimental Predicted
o)
12 \//O 7.64 7.61 30 \JJ\ 7.44 7.65
X H
13 /@ 7.72 7.68 JF\
A J 31 7.44 7.77
/- X>rF
N
o)
14 \/ 7.96 7.90 32 J\ 7.20 7.40
F
15 < 8.07 8.05 33 \J\ 7.85 7.87
o)
16 < 7.96 8.02 34 \k 7.31 7.52
cl o
17 v/ 8.06 8.10 35 HNJ\O/ 8.05 8.09
N,
18 /® 6.95 6.95
36 \J(O 9y 7.65 7.65
~/_S
19 A { 7.02 6.77
/ 37 JJ\ 8.32 8.07
N
20 / | 6.25 6.35
ZN 38 X >0Ac 7.65 7.68
Vi Ns
21 E /] 6.71 6.69
N 39 X ™>en 8.21 8.04
\/l SN
22 7.28 7.40
—
N 40 o P 7.54 7.45
=
41 NN 7.61 7.58
/\/\
2 "O 7.34 6.96
NN
NN ! J
23 Et 8.18 7.58 B X | 664 708
24 i-Pr 7.74 7.77
A
XN
i 44 6.87 7.08
25 |<] 7.52 7.69 (jo
o)
e X on 784 772 45 ,\/\,\\,5 7.03 7.14
27 X ™ 6.95 7.46 ~
46 NN 6.54 6.40
o]
28 X>o~ 7.81 7.44
N\
o 47 X f\@ 7.42 7.26
29 X NJ\ o 7.81 7.94
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Compounds R Experimental Predicted
NN N
48 X l\\‘\> 7.69 7.74
>~
49 - @N 7.73 7.47
h) -N
50 X NL\\> 8.63 8.42
N
N
51 X '\\J\;N 7.89 7.86
’\/\N/N\
52 N » 8.47 8.58
e
NN
X \ N
= N~
v
>~ I
v\
Cl/C ~Cl
X R Experimental Predicted
53 cl \/§ 8.70 8.69
~/_CF
54 a /K 3 8.82 8.74
55 cl -/ 8.96 8.99
56 Br t-Bu 8.56 8.74
57 Br \/§ 8.55 8.77
~/__CF,

58 Br /K 3 9.03 9.25
59 Br -/ 8.87 9.06
Cl
60 Br N 9.24 8.78
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Cl
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Table 1 (continued)
Compounds R Experimental Predicted
N
*61 /]/ 7.60 7.63
*62 YV aN 7.14 7.39
*63 / O 7.92 7.80
N
*64 / O 6.55 6.58
o]
*65 8.32 8.13
-/ ; L
“66 n-Pr 7.47 7.81
*67 Xk 7.83 7.80
OH
*68 \J\ 8.00 7.58
*69 XX 7.77 8.02
*70 X > sac 7.68 7.93
*71 ,\/\NJ\ 7.38 7.16
H
0
72 ,\/\,\\li(/o 6.90 7.11
XN
73 N 8.12 8.34
N
NN
X I
= N~
4
>~ I
N~ BN
al Cl
Compounds X R Experimental Predicted
cl
74 cl v 8.66 8.89
*75 Br N 9.02 8.83
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Table 2
Results of HQSAR analyses for various fragment distinction combinations on the key
statistical parameters using default fragment size (4-7)

Model Fragment distinction af’ P SEE HL N
1 A/B 0.757 0.892 0.220 307 5
2 A/B/C 0.710 0.862 0.247 401 4
3 A/B/H 0.654 0.894 0.220 307 6
4 A/B/D 0.740 0.851 0.256 97 4
5 A/B/Ch 0.741 0.880 0.232 199 5
6 A/B/C/D 0.731 0.892 0.223 71 6
7 A/B/C/H 0.607 0.879 0.236 257 6
8 A/B/D/H 0695 0870 0244 97 6
9 A/B/C/Ch 0.719 0.887 0.225 257 5

10 A/B/D/Ch 0.747 0.903 0.211 199 6

11 A/B/H/Ch 0627 0880 0234 257 6

12 A/B/C/D/H 0717 0903 0210 151 6

13 A/B/C/D/Ch 0763 0897 0203 71 6

14 A/B/C/H/Ch 0610 0887 0227 257 6

15 A/B/D/H/Ch 0666 0870 0244 97 6

16 A/B/C/D/H/Ch 0704 0879 0235 151 6

The model chosen for analysis is highlighted in bold fonts.

q?, cross-validated correlation coefficient; r?, noncross-validated correlation coef-
ficient; SEE, standard estimated error; HL, hologram length; N, optimal number of
components. Fragment distinction: A, atoms; B, bonds; C, connections; H, hydrogen
atoms; Ch, chirality; D, donor and acceptor.

Table 3

Influence of fragment size on the statistical parameters using the best fragment
distinction combinations (atoms, bonds, connections, chirality and donor and
acceptor)

Fragment size q° = SEE HL N
2-5 0.728 0.849 0.258 71 4
3-6 0.738 0.892 0.222 83 6
4-7 0.763 0.897 0.203 71 6
5-8 0.738 0.904 0.209 353 6
6-9 0.711 0.911 0.202 307 6
7-10 0.720 0.886 0.226 59 5

The model chosen for analysis is highlighted in bold fonts.

model 8, 12 and 15 and 16, respectively. These results obtained
here confirm the previous reports.'®

The statistical results for the various fragment sizes (including
2-5, 3-6, 4-7. 5-8, 6-9. and 7-10) were evaluated and summa-
rized in Table 3. The table exhibits that further increase or decrease
of the fragment size from the default size 4-7 decreased the statis-
tical quality. In HQSAR, the structure encoded within a 2D finger-
print can be directly related to biological activity. Therefore, the
HQSAR model generated from training set with 60 compounds
was used to predict the biological activity of a test set of structur-
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Figure 2. Plot of experimental versus predicted pICsq values of the training set and
test set molecules. The training set and test set molecules are shown in blue
(diamond) and pink (squares) spots, respectively.

ally related molecules with 15 compounds from its fingerprint. Fig-
ure 2 shows the correlation of experimental and predicted
activities of both training set and test set from the statistical result
of model 13.

The predictive ability of the HQSAR models was expressed with
predictive correlation coefficient (r2.4) defined using Eq. 1:

r2..q = (SD — PRESS)/SD (1)

where SD is the sum of squared deviations between the biological
activity of the test set and the mean activity of the training set mol-
ecules and the PRESS is the sum of squared deviations between pre-
dicted and observed activity values for every molecule in the test
set.** The 2, for this HQSAR model is 0.868. The high predictive
correlation coefficient authenticates the reliability and good pre-
dictable capability of the HQSAR model.

HQSAR contribution maps depict the contributions to the
biological activities of all the atoms in a molecule structure. Gener-
ally, structural units which show poor or intermediate contributions
can be identified as potential targets for further modifications.

Figure 3 shows the individual atomic contribution to the activ-
ity of most active compounds 20. The colors at the red end of the
spectrum indicate negative contributions, and colors at the green
end reflect positive contribution. Atoms with intermediate contri-
butions are colored in white. From Figure 3, it can be seen that the
fragments of 1,2,4-trizole ring and cyclopropane ring are strongly
related to the biological activity of this compound. Compounds 9,
50 and 53-60, which possess 1,2,4-trizole or cyclopropane frag-
ments in the structures of theses compounds, all show high biolog-
ical activities. The nitrogen in 1-position of the pyrazole ring and
the oxygen in the 1,3,4-oxadiazole make intermediate-high contri-
butions for the activities. It was reported that in the structural class
of 1,5-diaryl-pyrazoles CB1 antagonists, a para-substituted phenyl
ring at the 5-position of the pyrazole ring and either a 2-chloro or
2,4-dichlorophenyl substitution pattern at 1-position are very
important for the CB1 antagonist activity.>>?® From the present
studies of this class of compounds, it was shown that a 1,2,4-trizole
structural unit and a cyclopropane moiety at the 5-position of
1,3,4-oxadiazole ring are also important for the biological
activities.

The HQSAR contribution map shows that the structural units of
1,3,4-oxadiazoles in the CB-1 antagonists are crucial for the biolog-
ical activities. In addition, all the antagonists with methyl group on
C-4 pyrazole ring show low to mid-low activities (compounds
1-22), suggesting that modification of the methyl group in this
position is necessary. Substitution of methyl with trizolylmethyl
or tetrazolylmethyl group on C-4 pyrazole ring (compounds 50
and 52) greatly improved binding affinity, which can be explained
with the contribution map. Moreover, the 1-phenyl- or 1-trifluo-
romethylcyclopropyl groups (compounds 54, 55, 58, 59 and 60)
make the antagonists 3-10 times more active than rimonabant.
Obviously, the structural units of trizolylmethyl or tetrazolylmeth-
yl groups and 1-phenyl or 1-trifluoromethyl cyclopropyl groups
should be included in new design of CB-1 antagonists based on bia-
rylpyrazolyl oxadiazole scaffold.

In summary, we successfully generated a HQSAR model for bia-
rylpyrazolyl oxadiazole based CB1 antagonists with statistical
results in terms of cross-validated r* (0.763) and conventional
% (0.897). The reliability and the predictable capability of this
model were verified by high 2, value (0.868) using the 15 test
set compounds. The contribution maps show that the 1,2,4-trizole
or cyclopropane fragments make big contributions for the biologi-
cal activities. The HQSAR models and the information obtained
from the contribution maps might help to design more active
CB, antagonists that are structurally related with the training set
compounds.
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