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3D-QSAR Modeling and Molecular Docking Studies on a series of 1,2,4 triazole containing
diarylpyrazolyl carboxamide as CB1 cannabinoid receptor ligand

Abstract: 3D-QSAR (comparative molecular field analysis (CoMFA) and comparative
molecular similarity indices analysis (CoMSIA)) and Surflex-docking studies were
performed on a series of 1,2,4 triazole containing diarylpyrazolyl carboxamide as CB1
cannabinoid receptor ligand as anti-obesity agents. The CoMFA and CoMSIA models using
20 compounds in the training set gave Q? values of 0.9 and 0.93, and r? values of 0.98 and
0.97, respectively. The adapted alignment method with the suitable parameters resulted in
reliable models. The contour maps produced by the CoMFA and CoMSIA models were
employed to rationalize the key structural requirements responsible for the activity. Surflex-
docking studies revealed that the R3 site, the amine on 1,2,4 triazol group , and the carbonyl
were significant for binding to the receptor, some essential features were also identified.
Based on the 3D-QSAR and docking results, a set of new molecules with high predicted
activities were designed. The total scoring of inactive, active and proposed compounds were
compared to each other to determine the best energy affinity.
Keywords: 3D-QSAR; CoMFA; CoMSIA; Surflex-docking; Anti-obesity; 1,2,4 triazole.
1. Introduction
Triazoles are the class of heterocyclic compounds, which are under study since many
years [1]. Azoles moieties are an important and frequent insecticidal, agrochemical structure feature of
many biological active compounds such as cytochrome p450 enzyme inhibitors [2], peptide analog
inhibitors [3], and 3, 5 disubstituted 1,2,4 triazole derivatives [4-6] were also reported to show
fungicidal, herbicidal, anti-inflammatory, and anticonvulsant [7-12]. Chemistry of 1,2,4 triazole and
their derivatives have received considerable attention owing to their synthetic and biological
importance. 1,2,4 triazole moiety have incorporated into variety of therapeutically interesting drug
candidates including antiviral, antimigraine, antifungal, antianxiety, insecticidal, antimicrobial [13-15],
and some showed tyrosinase inhibitors [16], cannabinoid receptor antagonist activities [17].
In the present study 1,2,4 triazole ring is attached with diarylpyrazolyl carboxamide shows cannabinoid
receptor binding affinity or antiobesity activity through the down-regulation of the endocannabinoid
system by the specific blockage of CB1 receptors could induce body weight reduction [18].
Recently the advancement of computational chemistry led to new challenges of drug discovery.
Structure-activity relationship (3D-QSAR) methods along with docking approaches were used to

explore the structure-activity relationship (SAR) of compounds. Comparative molecular field analysis



34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58

59
60
61
62

Page 2

(CoMFA) [19] and comparative molecular similarity indices analysis (CoMSIA) [20], were performed
to predict the activities of these molecules and offered the regions where interactive fields (steric,
electrostatic, hydrophobic, hydrogen bond donor and hydrogen bond acceptor fields) may increase or
decrease the activity. The core idea of the present study is searching for novel 1,2,4 triazole containing
diarylpyrazolyl carboxamide as CB1 Cannabinoid receptor- ligand that would show useful antiobesity
activity, relying on those developed models. Surflex-Docking was applied to study the interactions
between the inactive, actif and the proposed compounds with CB1 cannabinoid receptor (PDB entry
code: 2MZ2). To compare the energy affinity of the proposed ligands and the active compound of the
series, we calculate total scoring of the stable conformation. Furthermore, we design a new 1,2,4
triazole containing diarylpyrazolyl carboxamide derivatives by utilizing the structure information
obtained from the CoMFA and CoMSIA models, which exhibit excellent predictive potencies.
Moreover, based on the admirable performance of docking studies, the predicted activities of these
newly designed molecules show an excellent energy affinity compared to the compounds in tablel.
2. Materials and methods
A database of 26 compounds obtained from literature [21] consisted of 1,2,4 triazole containing
diarylpyrazolyl carboxamide as CB1 cannabinoid receptor-ligand as anti-obesity agents, the data set
was split into two sets, a 20 compounds were selected as training set and 6 compounds were selected as
test set, based on a random selection to evaluate the ability of the model obtained. The structures and
biological activities of all the training and test set compounds are given in table 1. This data set used to
construct 3D-QSAR (CoMFA and CoMSIA) model and to analyze their physicochemical properties.
The ICs, values were converted to plCsg, used as dependent variable in the QSAR study, according to
the formula described in equation 1.

pICso = - log ICso 1)
Three-dimensional structure building and all modeling were performed using the Sybyl 2.0 program

package.
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Figure 1: Chemical structure of the studied compounds
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63 Table 1: Chemical structures and anti-obesity activities of 1,2,4 triazole containing diarylpyrazolyl carboxamide
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derivatives
Structure
No R, R, R, p|C50
1" H H H 8.34
2 Cl Cl Me 5.84
3 Cl Cl Phenyl 8.05
4 Cl Cl 3-Chloro phenyl 8.05
5 Cl Cl 2,3-dichloro phenyl 8.26
6 Cl Cl 2,3-dimethyl phenyl 7.94
7 Cl Cl 2-pyrimidyl 7.25
8 Cl H Methyl 6.02
9 Cl H Ethyl 5.98
10 Cl H Phenyl 7.94
11 Cl H 3-Chlorophenyl 8.39
12 Cl H 2-3-Dimethylphenyl 8.22
13 Br Cl Methyl 5.87
14 Br Cl Ethyl 6.55
15 Br Cl Phenyl 7.90
16 Br Cl 3-chlorophenyl 8.14
17 Br Cl 2,3-Dichlorophenyl 8.24
18 Br Cl 2,3-Dimethylphenyl 8.42
19 Br Cl 2-Pyrimidyl 7.56
20 Br H Methyl 6.05
21 Br H Ethyl 6.52
22 Br H Phenyl 8.10
23 Br H 3-Chlorophenyl 8.64
24 Br H 2,3-Dichlorophenyl 8.65
25" Br H 2,3-Dimethylphenyl 8.68
26 Br H 2-Pyrimidyl 7.65

" Test set molecules
Outlier compound

2.1. Minimization and alignment

Molecular structures were sketched with sketch module in SYBYL and minimized using Tripos force
field [22] with the Gasteiger—Huckel charges [23] and conjugated gradient method, and gradient
convergence criteria of 0.01 kcal/mol. Simulated annealing on the energy minimized structures was
performed with 20 cycles. All 26 compounds were minimized to get the low energy conformation of
each compound. The fragment 1( the core) is the common structure to all 26 compounds that were
considered in this study, and The most active compound (compound 25) was used as an alignment
template . all molecules were aligned with respect to this fragment, using the simple alignment

method in Sybyl [24]. The superimposed structures of aligned data set are shown in figure 2,
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Aligned compounds CORE

Figure 2: 3D-QSAR structure superposition and alignment of training set using molecule 25 as a template

2.2. Outliers

Outliers in the QSAR studies are usually the result of an improper calculation of some molecular
descriptors and/or experimental error in determining the property to mdelled. They influence greatly
any least square model, and therefore the conclusions about the biological activity of a potential
component based on such a model are misleading.

2.3. 3D-QSAR Studies

To understand and explore the contributions of electrostatic, steric and hydrophobic fields of the data
set and to build predictive 3D-QSAR models, COMFA and CoMSIA studies were performed based on
the molecular alignment strategy. The 3D-QSAR studies were performed as previously described in the
literature.

2.4. COMFA and CoMSIA

Based on the molecular alignment, CoOMFA and CoMSIA studies were performed to analyze the
specific contributions of steric, electrostatic, and hydrophobic effects. CoOMFA calculates steric and
electrostatic properties according to Lennard Jones and Coulomb potentials, respectively, whereas
CoMSIA calculates the similarity indices in the space surrounding each of the molecules in the dataset.
CoMFA steric and electrostatic interaction fields were calculated at each lattice intersection point of a
regularly spaced grid of 2.0 A°. The default value of 30 kcal/mol was set as a maximum steric and
electrostatic energy cutoff [25]. With standard options for scaling of variables, the regression analysis
was carried out using the full cross-validated partial least squares (PLS) method (leave-one-out) [26].
The minimum sigma (column filtering) was set to 2.0 kcal/mol to improve the signal-to-noise ratio by
omitting those lattice points whose energy variation was below this threshold. The final non-cross-
validated model was developed using optimal number of components that had both the highest Q?
value and the smallest value of standard error predictions. The predictive r> was used to evaluate the

predictive power of the CoOMFA model, and was based only on test set. Several COMFA models were
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built by considering permutations of molecules between training and test sets. The best model amongst
them was chosen on the basis of high Q? r? values and small Standard Error of Estimate (SEE) value .
In CoMSIA, a distance-dependent Gaussian-type physicochemical property has been adopted to avoid
singularities at the atomic positions and dramatic changes of potential energy for grids being in the
proximity of the surface. With the standard parameters and no arbitrary cutoff limits, five fields
associated to five physicochemical properties, namely steric (S), electrostatic (E), and hydrophobic
effects (H) and hydrogen bond donor (D) and acceptor (A) were calculated. The steric contribution was
reflected by the third power of the atomic radii of the atoms. The electrostatic descriptors are derived
from atomic partial charges, the hydrophobic fields are derived from atom-based parameters developed
by Viswanadhan and the hydrogen bond donor and acceptor indices are obtained by a rule-based
method derived from experimental values [27].

2.5. PLS analysis

Partial least squares statistical method used in deriving the 3D-QSAR models is an extension of
multiple regression analysis in which the original variables are replaced by a small set of their linear
combinations. PLS method with leave-one-out (LOO) cross-validation was used in this study to
determine the optimal numbers of components using cross-validated coefficient Q% The external
validation of various models was performed using a test set of five molecules. The final analysis (non-
cross-validated analysis) was carried out using the optimum number of components obtained from the
cross-validation analysis to get correlation coefficient (R?). The Q? value determines the internal
predictive ability of the model while R? value evaluates the internal consistency of the model. Thus, the
best QSAR model was chosen on the basis of a combination of Q? and R?.

2.6. Y-Randomization Test

The obtained models were further validated by the Y-Randomization method. The Y vector (pICsp) is
randomly shuffled many times and after every iteration, a new QSAR model is developed. The new
QSAR models are expected to have lower Q% and r® values than those the original models. This
technique is carried out to eliminate the possibility of the chance correlation. If higher values of the Q?
and r are obtained, it means that an acceptable 3D-QSAR can’t be generated for this data set because

of structural redundancy and chance correlation.

2.7. Molecular Docking

The Surflex-Dock was applied to study molecular docking by using an empirical scoring function and a
patented search engine to dock ligands into a protein’s binding site [28]. The crystal structure of CB1
cannabinoid receptor was retrieved from the RCSB Protein Data Bank (PDB entry code: 2MZ2). The
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ligands were docked into corresponding protein’s binding site by an empirical scoring function and a
patented search engine in Surflex-Dock [28]. All water molecules in 2MZ2 have been deleted and the
polar hydrogen atoms were added. Protomol, a representation of a ligand making every potential
interaction with the binding site, was applied to guide molecular docking.
Protomols could be established by three manners: (1) Automatic: Surflex-Dock finds the largest cavity
in the receptor protein; (2) Ligand: a ligand in the same coordinate space as the receptor; (3) Residues:
specified residues in the receptor [29,30].
In this paper, the automatic docking was applied. The 2MZ2 structure was utilized in subsequent
docking experiments without energy minimization. Other parameters were established by default in the
software. Surflex-Dock scores (total scores) were expressed in -log10 (Kd) units to represent binding
affinities. Then, the MOLCAD (Molecular Computer Aided Design) program was employed to
visualize the binding mode between the protein and ligand. MOLCAD calculates and exhibits the
surfaces of channels and cavities, as well as the separating surface between protein subunits [31-33].
MOLCAD program provides several types to create a molecular surface [28]. The fast Connolly
method using a marching cube algorithm to engender the surface was applied in this work, thus the
MOLCAD Robbin and Multi-Channel surfaces program exhibited with copious potentials were
established. Moreover, Surflex-Dock total scores, which were expressed in —logl0 (Kd) units to
represent binding affinities, were applied to estimate the ligand-receptor interactions of newly designed
molecules. Each single optimized conformation of each molecule in the data set was energetically
minimized employing the Tripos force field and the Powell conjugate gradient algorithm with a
convergence criterion of 0.05 kcal/mol A® and Gasteiger-Huckel charges.
3. Results and Discussion
The predicted and experimental activity values and their residual values for both the training and test
sets from CoMFA and CoMSIA models are given in table 2.

3.1. CoMFA results
PLS summary table 2 shows that COMFA model has high R? (0.98), F (167.22), and a small Se,
(0.137), as well as a great cross-validated correlation coefficient Q? (0.90) with four as optimum
number of components. The external predictive capability of a QSAR model is generally cross checked
and validated using test sets. The five test sets which were selected randomly were optimized and
aligned as same as training sets. Moreover the predicted correlation coefficient rzpred (0.94) represents
that prediction ability of COMFA model is excellent.
The contributions of steric to electrostatic fields were found to be 90:09, which indicate that the

interaction of steric field is extremely important to consider the model have a good quality and
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predictive capability, and this is in agreement with the hydrophobic character of the cannabinoid
ligands.

3.2. CoMSIA results
Based on CoMSIA descriptors available on SYBYL a 3D-QSAR model was proposed to explain and
predict quantitatively the Hydrophobic, Electrostatic, steric, donor and acceptor fields effects of
substituents on CB1 cannabinoid receptor ligand as anti-obesity activity of twenty six 1,2,4 triazole
containing diarylpyrazolyl carboxamide compounds.
Different combinations of the five fields were generated. The best CoMISA proposed model contains
four fields (Steric, Electrostatic, Hydrophobic, and Acceptor), the cross-validated correlation
coefficient Q? value of the training set and non-cross-validated correlation coefficient r are 0.93 and
0.97, respectively. The optimal number of principal components using to generate the CoMSIA model
is 3, which is reasonable considering the number of molecules used to build the model. The standard
error was 0.175. Finally, the prediction ability of the proposed model was confirmed using the external
validation, the % value obtained is 0.97. Those statistics results indicated the very good stability and
the powerful predictive ability of COMSIA model.

Table 2 : PLS Statistics of COMFA and CoMSIA models

Model Q° r’ Sev F-t N Rext” Fractions

Ster Elec Acc Don Hyd
CoMFA 090 0.98 0.137 167.22 4 0,94 0.902 0.098 - -

CoMSIA 093 0,97 0.175 149.73 3 0,97 0.367 0.153 0.159 0.00 0.321

Q? : Cross-validated correlation coefficient.

N : Optimum number of components.

r? : Non-cross-validated correlation coefficient.
S.v : Standard error of the estimate.

F : F -test value

rext> - External validation correlation coefficient.

3.3. Graphical Interpretation of COMFA and CoMSIA
CoMFA and CoMSIA contour maps were generated to rationalize the regions in 3D space around the
molecules where changes in each field were predicted to increase or decrease the activity. The COMFA
steric and electrostatic contour maps that are shown in figure 3. Steric, hydrophobic and hydrogen
bond acceptor contour maps of CoMSIA are shown in figure 4. Using compound 18 as reference
structure. All the contours represented the default 80% and 20% level contributions for favored and

disfavored regions respectively.



210
211
212
213
214

215

216
217
218
219

220
221
222
223
224

225

226
227
228
229
230

Page 8

CoMFA Contour Maps

CoMFA electrostatic interactions are represented by red and blue colored contours while steric
interactions are represented by green and yellow colored contours. The bulky substituents are favored
in the green regions and at yellow regions, they are unfavored. The bleu regions indicate that positive

charges are favored, and red regions increase activity only with negative charges.

Figure 3a: Std* coeff. contour maps of CoMFA analysis with 2 A grid spacing in combination with compound 18. Steric
fields: green contours (80% contribution) indicate regions where bulky groups increase activity, while yellow contours
(20% contribution) indicate regions where bulky groups decrease activity

As figure 3a shows, the yellow contour near R1, R2 position indicates that addition of bulky groups
would decrease the potency. Whereas the green region around the R3 position indicates, that bulky
group is favored and they might increase the activity. The yellow and green contours can explain very
well The discrepancies of Comparing compound 13 (R3=Methyl) with plC5,=5.87 and 25 (R3= 2,3-
Dimethylphenyl) with plICs,=8.68.

Figure 3b: Std* coeff. Contour maps of CoMFA analysis with 2 A grid spacing in combination with compound 18.
Electrostatic fields: blue contours (80% contribution) indicate regions where groups with negative charges increase activity,
while red contours (20% contribution) indicate regions where groups with positive charges increase activity
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231 The red contour near the R2 position indicates that groups with positive charges may increase the
232 activity. This explain why compound 2 (R2=Cl) with electron-donating substituent at this position is
233 an inactive derivative. A blue contour near the R1 position demonstrated that electron-donating groups
234 would benefit the activity, this explain why compounds 23 (plCs,=8.64), 24 (pIC5,=8.65) and 25
235 (plCs0=8.68) have an electron-donating substituent at R1 (R1=Br) showed significantly increased

236 activities.

237 CoMSIA Contour Map
238 The CoMSIA steric and electrostatic field contour maps were almost similar to the corresponding
239 CoMFA contour maps.

240
\QF
241

242  Figure 4a: Std* coeff. contour maps of CoMSIA analysis with 2 A grid spacing in combination with compound 18. Steric
243  fields: green contours (80% contribution) indicate regions where bulky groups increase activity, while yellow contours
244 (20% contribution) indicate regions where bulky groups decrease activity

245

246

247  Figure 4b: Std* coeff. contour maps of CoMSIA analysis with 2 A grid spacing in combination with compound 18.
248  Electrostatic fields: blue contours (80% contribution) indicate regions where electron-donating groups increase activity,
249  while red contours (20% contribution) indicate regions where electron-withdrawing groups increase activity
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Figure 4c: Std* coeff. contour maps of CoMSIA analysis with 2 A grid spacing in combination with compound 18.
Hydrophobic fields: yellow contours (80% contribution) indicate regions where hydrophobic properties were favored, while
white contours (20% contribution) indicate regions hydrophilic properties were favored

The two yellow contours around R3 (2,3-Dimethylphenyl) indicate that replacing this position with
hydrophilic may decrease the activity. The huge white contour around the piperazine cycle and R1

position indicate that hydrophilic groups are favored.

Figure 4d: Std* coeff. contour maps of CoMSIA analysis with 2 A grid spacing in combination with compound 18. H-bond
acceptor fields: The purple (80% contribution) and red (20% contribution) contours favorable and unfavorable positions for
hydrogen bond acceptors respectively

The purple contour around the carbonyl group revealed a hydrogen bond acceptor substituent at this
position would increase the activity. The red contour near N position revealed the importance of the
hydrogen bond donor -NH group.

Table 3: Experimental and calculated anti-obesity activity (pICs) with residuals results of compounds in
training set and test set for CoMFA and CoMSIA models

CoMFA CoMSIA
Compound Actual Predicted Residuals Predicted Residuals

No. pICSO p|C50 p|C5o

2 5.84 5.815 0.025 5.495 0.345

3 8.05 8.013 0.037 8.026 0.024
4% 8.05 7.720 0.330 7.971 0.079

5 8.26 8.353 -0.093 8.164 0.096

6 7.94 8.078 -0.138 7.887 0.053
* 7.25 7.432 -0.182 7.068 0.182

8 6.02 6.033 -0.013 6.151 -0.131
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9 5.98 6.073 -0.093 6.039 -0.059
10 7.94 8.010 -0.070 8.109 -0.169
11 8.39 8.334 0.056 8.196 0.194
12 8.22 8.075 0.145 8.178 0.042
13 5.87 5.740 0.130 5.765 0.105
14 6.55 6.521 0.029 6.802 -0.252
15 7.90 8.018 -0.118 7.949 -0.049
16 8.14 8.143 -0.003 7.981 0.159
17 8.24 8.370 -0.130 8.248 -0.008
18 8.42 8.468 -0.048 8.556 -0.136
19* 7.56 7.982 -0.422 7.815 -0.255
20 6.05 5.953 0.097 6.151 -0.101
21 6.52 6.695 -0.172 7.092 -0.572
22 8.10 8.139 -0.039 8.344 -0.233
23 8.64 8.568 0.072 8.359 0.281
24 8.65 8.701 -0.051 8.356 0.294
25* 8.68 8.114 0.566 8.370 0.310

3.4. Y-Randomization

Table 4: Q® and r? values after several Y-randomization tests

Iteration , CoMFA , , CoMSIA ,
Q r Q r

1 0.22 0.92 0.06 0.73

2 0.15 0.60 0.37 0.42

3 0.11 0.80 0.18 0.76

4 -0.60 0.52 -0.15 0.62

5) -0.34 0.84 -0.45 0.72

The Y-Randomization method was carried out to validate the COMFA and CoMSIA models. Several
random shuffles of the dependent variable were performed then after every shuffle, a 3D-QSAR was
developed and the obtained results are shown in table 4. The low Q®and r values obtained after every
shuffle confirmed that the excellent result in our original COMFA and CoMSIA models are not due to a
chance correlation of the training set.

3.5. Design for New molecules with anti-obesity activity
Five new molecules have been designed to enhance the activity, based on the proposed CoMFA and
CoMSIA 3D-QSAR models. These compounds were aligned to the database using compound 18 as a
template.
The newly predicted structure A showed higher activity (plICso = 9.28 and 8.37 for CoMFA and
CoMSIA models respectively) than compound 25 (the most active compound of the series).

Table 5: Chemical structure of newly designed molecules and their predicted pICsy based on CoMFA and
CoMSIA 3D-QSAR models

No Structure Predicted plCsg
Rif R R3 COMFA | CoMSIA
3,5difluoro-
A ! H 4dichloromethylphenyl 9.28 8.37
3,5difluoro-
0 ! & 4difluoromethylphenyl 8.98 7.26
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C I H Atrifluoromethylphenyl 8.85 7.27
D I H 2,4,6tribromophenyl 8.69 7.58
E I H 5bromo-6chlorophenyl 8.66 8.52

4. Docking Analysis

Surflex-Dock was applied to investigate the binding mode between 1,2,4 triazole containing
diarylpyrazolyl carboxamide (inactive, active and proposed molecules) and 2MZ2 receptor. In this
paper, Surflex-Dock could also serve to inspect the stability of 3D-QSAR models previous established.
To visualize secondary structure elements, the MOLCAD Robbin surfaces and Discovery studio
visualizer programs were applied, to develop electrostatic potential (EP), H-bond and Hydrophobicity
maps, and explore the interaction between the ligand and the receptor. The proposed active molecule
(A) was selected for visualization purposes.

The blue color in figure 5 shows hydrophilic character of the ligand, the pink color around R3 group
indicate that H-bond donor groups are favored. In figure 6, the hydrogen bonding (dashed lines)
interactions between the compound A (with highest activity) and the key residues (LYS3, ASP4,
LEU5, and ARG6) of CB1 cannabinoid receptor (PDB code 2MZ2) are labeled. A total of four
hydrogen bonds were formed: The Fluor at R3 position acted as the hydrogen bond acceptor and
formed two H-bonds with the amino group of the ARGS6 residue, the carbonyl group on the ligand also
acted as the hydrogen bond acceptor and formed H-bond with the amino group of LEUS residue, the
amine on the 1,2,4 triazole groupment acted as H-bond acceptor, and formed H-bond with amino group
of LYS3. These results are satisfactorily matched the observation taken from the CoMSIA contour
maps.

In figure 8 , The R3 site was found in a yellow area, which suggested that electron-withdrawing
properties would be favored; The observations obtained from this electrostatic potential surface

satisfactorily matched the corresponding CoMFA and CoMSIA electrostatic contour maps.

H-Bonds
Donor

Figure 5: The interaction H-bond and Hydrophobicity between the active molecule and 2MZ2 receptor, visualized with
Discovery studio visualizer program
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Figure 6: The binding mode between compound A and the allosteric site of CB1 cannabinoid receptor (PDB code 2MZ2)
Key residues and hydrogen bonds are labeled.

Figure 7: The MOLCAD electrostatic potential surface of the allosteric site within the compound A. The color ramp for EP
ranges from red (most positive) to purple (most negative).

The surflex-dock total score gives us twenty poses for each molecule, and the stable pose of the
inactive structure is the one with a scoring of 1.8, while the active molecule (compound 25) gives us a
scoring with 2.5. The proposed structure (A) gives us a stable position with a scoring of 3.25, which

indicate that the proposed compound present an excellent activity compared to those listed in table 1.
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Figure 8: Overlap of the top-ranked docked poses of compounds A in the active site of CB1 cannabinoid receptor (PDB
code 2MZ2)

5. Conclusion

3D-QSAR and surflex-docking methods were used to explore the structure-activity relationship of
series of 1,2,4 triazole as CB1 cannabinoid receptor (anti-obesity). The excellent predictive ability of
CoMFA and CoMSIA observed for the test set of compounds indicated that these models could
successfully used to predict the ICsy values. Furthermore, the CoMFA and CoMSIA contour maps
results offered enough information to understand the structure-activity relationship and identified
structural features influencing the activity. A number of novel derivatives were designed by utilizing
the structure-activity relationship taken from present study, based on the excellent performance of the

external validation, and total scoring, these newly designed molecules can be trustworthy.
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