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ABSTRACT 
The canine COX-2 inhibitory activity of pyrazole and triazole derivatives has been quantitatively analyzed in terms 
of Dragon descriptors using CP-MLR. The analysis has provided a rational approach for the development of new 
pyrazole and triazole derivatives as selective canine COX-2 inhibitors. The descriptors identified in CP-MLR analysis 
have highlighted the role of atomic properties in respective lags of 2D-autocorrelations (MATS8m, GATS4v and 
GATS6p) and Modified Burden eigenvalues (BELp2 and BELm6), E-state topological parameter (TIE) and 3rd order 
mean Galvez topological charge (JGI3) to explain the canine COX-2 inhibitory actions of pyrazole and triazole 
derivatives. Certain structural fragment (C-001) and functionality (nCs) in molecular structures and 9th order self-
returning molecular walk counts have also shown prevalence to optimize the canine COX-2 inhibitory activity of 
titled compounds. Applicability domain analysis revealed that the suggested model matches the high quality 
parameters with good fitting power and the capability of assessing external data and all of the compounds was within 
the applicability domain of the proposed model and were evaluated correctly. 
KEYWORDS: QSAR; Pyrazole and triazole derivatives; Canine COX-2 inhibitory activity; Combinatorial protocol 
in multiple linear regression (CP-MLR); Applicability domain.   
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INTRODUCTION 
The anti-inflammatory effects of nonsteroidal anti-
inflammatory drugs (NSAIDs) are exhibited by the 
inhibition of cyclooxygenase (COX) enzyme1-3. It 
catalyzes the first step in arachidonic metabolism4. The 
consitutively expressed isoform COX-1 is responsible 
for the physiological production of prostaglandins. The 
inducible isoform COX-2 is responsible for the elevated 
production of prostaglandins during inflammation5. The 
COX-2 enzyme when over expressed at the site of injury 
acts as a catalyst for the production of the prostaglandins 
which illicit an immune response to the site causing 
inflammation and pain. To treat pain and inflammation 
chronic use of NSAIDs is accompanied by side effects 
such as gastric ulceration, bleeding and renal function 
suppression6-9. The COX-1 is involved in the 
maintenance of the GI tract and it is believed that a more 
selective COX-2 inhibitor will greatly reduce these side 
effects5. The progressive degenerative joint disease or 
osteoarthritis is the most common cause of chronic pain 

in dogs10. A recent report11 estimated that one out of 
every five adult dogs, or nearly 8 million animals have 
osteoarthritis and about 48% of these are untreated. The 
chronic use of NSAIDs in dogs is often associated with 
GI side effects12. The marketed drugs for the treatment of 
inflammation and pain for dogs such as carprofen13,14, 
deracoxib15 and firocoxib14, are having moderate canine 
COX-2 selectivity. Recently, a series of pyrazole and 
triazole derivatives has been reported as superior canine 
COX-2 agents16,17. In view of the importance of anti-
inflammatory agents in the clinical management of 
several disorders, a quantitative structure-activity 
relationship is attempted on the COX-2 inhibitory 
activity of these pyrazole and triazole derivatives. The 
present study is aimed at rationalizing the substituent 
variations of these analogues to provide insight for the 
future endeavors. 
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MATERIALS AND METHODS 
Data set  
The reported thirty two pyrazole and triazole derivatives 
are considered as data set for the present study16,17. The 
structural variations and reported COX-2 inhibitory 
activity of these analogues are given in Table 1. For the 
purpose of modeling study all 32 analogues have been 
divided into training and test sets. Out of the 32 
analogues, one fourth compounds (8) have been placed 
in the test set for the validation of derived models. The 
training and test set compounds are also listed in Table 
1.  
Theoretical molecular descriptors 
The structures of the compounds under study have been 
drawn in 2D ChemDraw18. The drawn structures were 
then converted into 3D modules using the default 
conversion procedure implemented in the CS Chem3D 
Ultra. The energy of these 3D-structures was minimized 
in the MOPAC module using the AM1 procedure for 
closed shell systems. This will ensure a well defined 
conformer relationship among the compounds of the 
study. All these energy minimized structures of 
respective compounds have been ported to DRAGON 
software19 for the computation of descriptors for the 
titled compounds (Table 1). This software offers several 
hundreds of descriptors from different perspectives 
corresponding to 0D-, 1D-, and 2D-descriptor modules. 
The outlined modules comprised of ten different classes, 
namely, the constitutional (CONST), the topological 
(TOPO), the molecular walk counts (MWC), the BCUT 
descriptors (BCUT), the Galvez topological charge 
indices (GALVEZ), the 2D autocorrelations (2D-
AUTO), the functional groups (FUNC), the atom-
centered fragments (ACF), the empirical descriptors 
(EMP), and the properties describing descriptors 
(PROP). For each of these classes the DRAGON 
software computes a large number of descriptors which 
are characteristic to the molecules under multi-descriptor 
environment. The definition and scope of these 
descriptor’s classes is given in Table 2. The 
combinatorial protocol in multiple linear regression (CP-
MLR)20 procedure has been used in the present work for 
developing QSAR models. Before the application of CP-
MLR procedure, all those descriptors which are 
intercorrelated beyond 0.90 and showing a correlation of 
less than 0.1 with the biological endpoints (descriptor vs. 
activity, r < 0.1) were excluded. This has reduced the 
total dataset of the compounds from 468 to 87 
descriptors as relevant ones for the COX-2 inhibitory 
activity. A brief description of the computational 
procedure is given below. 
 

Model development 
The CP-MLR is a ‘filter’ based variable selection 
procedure for model development in QSAR studies20. Its 
procedural aspects and implementation are discussed in 
some of our recent publications21-25. It involves selected 
subset regressions. In this procedure a combinatorial 
strategy with appropriately placed ‘filters’ has been 
interfaced with MLR to result in the extraction of diverse 
structure-activity models, each having unique 
combination of descriptors from the dataset under study. 
In this, the contents and number of variables to be 
evaluated are mixed according to the predefined 
confines. Here the ‘filters’ are significance evaluators of 
the variables in regression at different stages of model 
development. Of these, filter-1 is set in terms of inter-
parameter correlation cutoff criteria for variables to stay 
as a subset (filter-1, default value 0.3 and upper limit ≤ 
0.79). In this, if two variables are correlated higher than a 
predefined cutoff value the respective variable 
combination is forbidden and will be rejected. The 
second filter is in terms of t-values of regression 
coefficients of variables associated with a subset (filter-
2, default value 2.0). Here, if the ratio of regression 
coefficient and associated standard error of any variable 
is less than a predefined cutoff value then the variable 
combination will be rejected. Since successive additions 
of variables to multiple regression equation will increase 
successive multiple correlation coefficient (r) values, 
square-root of adjusted multiple correlation coefficient of 
regression equation, r-bar, has been used to compare the 
internal explanatory power of models with different 
number of variables. Accordingly, a filter has been set in 
terms of predefined threshold level of r-bar (filter-3, 
default value 0.71) to decide the variables’ ‘merit’ in the 
model formation. Finally, to exclude false or artificial 
correlations, the external consistency of the variables of 
the model have been addressed in terms of cross-
validated R2 or Q2 criteria from the leave-one-out (LOO) 
cross-validation procedure as default option (filter-4, 
default threshold value 0.3 ≤ Q2 ≤ 1.0). All these filters 
make the variable selection process efficient and lead to 
unique solution. In order to collect the descriptors with 
higher information content and explanatory power, the 
threshold of filter-3 was successively incremented with 
increasing number of descriptors (per equation) by 
considering the r-bar value of the preceding optimum 
model as the new threshold for next generation.  
Model validation 
In this study, the data set is divided into training set for 
model development and test set for external prediction. 
Goodness of fit of the models was assessed by examining 
the multiple correlation coefficient (r), the standard 
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deviation (s), the F-ratio between the variances of 
calculated and observed activities (F). A number of 
additional statistical parameters such as the Akaike’s 
information criterion, AIC26,27, the Kubinyi function, FIT 
28,29, and the Friedman’s lack of fit, LOF30, (Eqs. 1-3) 
have also been derived to evaluate the best model.  
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where, RSS is the sum of the squared differences 
between the observed and the estimated activity values, k 
is the number of variables in the model, p' is the number 
of adjustable parameters in the model, and d is the 
smoothing parameter. The AIC takes into account the 
statistical goodness of fit and the number of parameters 
that have to be estimated to achieve that degree of fit. 
The FIT, closely related to the F-value (Fisher ratio), was 
proved to be a useful parameter for assessing the quality 
of the models. The main disadvantage of the F-value is 
its sensitivity to changes in k (the number of variables in 
the equation, which describe the model), if k is small, 
and its lower sensitivity if k is large. The FIT criterion 
has a low sensitivity toward changes in k-values, as long 
as they are small numbers, and a substantially increasing 
sensitivity for large k-values. The model that produces 
the minimum value of AIC and the highest value of FIT 
is considered potentially the most useful and the best. 
The LOF takes into account the number of terms used in 
the equation and is not biased, as are other indicators, 
toward large numbers of parameters. A minimum LOF 
value infers that the derived model is statistically sound.  
The internal validation of derived model was ascertained 
through the cross-validated index, Q2, from leave-one-
out and leave-five-out procedures. The LOO method 
creates a number of modified data sets by taking away 
one compound from the parent data set in such a way 
that each observation has been removed once only. Then 
one model is developed for each reduced data set, and 
the response values of the deleted observations are 
predicted from these models. The squared differences 
between predicted and actual values are added to give the 
predictive residual sum of squares, PRESS. In this way, 
PRESS will contain one contribution from each 

observation. The cross-validated Q2
LOO value may 

further be calculated as  
 

2
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where, SSY represents the variance of the observed 
activities of molecules around the mean value. In leave-
five-out procedure, a group of five compounds is 
randomly kept outside the analysis each time in such a 
way that all the compounds, for once, become the part of 
the predictive groups. A value greater than 0.5 of Q2-
index hints toward a reasonable robust model.  
The external validation or predictive power of derived 
model is based on test set compounds. The squared 
correlation coefficient between the observed and 
predicted values of compounds from test set, r2

Test, has 
been calculated as 
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where, YPred(Test) and Y(Test) indicate predicted and 
observed activity values, respectively of the test-set 
compounds, and (Training) indicate mean activity value of 
the training set. r2

Test is the squared correlation 
coefficient between the observed and predicted data of 
the test-set. A value greater than 0.5 of r2

Test suggests that 
the model obtained from training set has a reliable 
predictive power.  
Y-randomization  
Chance correlations, if any, associated with the CP-MLR 
models were recognized in randomization test31,32 by 
repeated scrambling of the biological response. The data 
sets with scrambled response vector have been 
reassessed by multiple regression analysis (MRA). The 
resulting regression equations, if any, with correlation 
coefficients better than or equal to the one corresponding 
to the unscrambled response data were counted. Every 
model has been subjected to 100 such simulation runs. 
This has been used as a measure to express the percent 
chance correlation of the model under scrutiny.  
Applicability domain 
The utility of a QSAR model is based on its accurate 
prediction ability for new compounds. A model is valid 
only within its training domain, and new compounds 
must be assessed as belonging to the domain before the 
model is applied. The applicability domain is assessed by 
the leverage values for each compound33. A Williams 
plot (the plot of standardized residuals versus leverage 
values (h) can then be used for an immediate and simple 
graphical detection of both the response outliers (Y 
outliers) and structurally influential chemicals (X 
outliers) in the model. In this plot, the applicability 
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domain is established inside a squared area within ±x 
(standard deviations) and a leverage threshold h*. The 
threshold h* is generally fixed at 3(k+1)/n (n is the 
number of training-set compounds, and k is the number 
of model parameters) whereas x = 2 or 3. Prediction must 
be considered unreliable for compounds with a high 
leverage value (h > h*). On the other hand, when the 
leverage value of a compound is lower than the threshold 
value, the probability of accordance between predicted 
and observed values is as high as that for the training set 
compounds. 
RESULTS  
Quantitative structure-activity relationship  
In multi-descriptor class environment, exploring for best 
model equation(s) along the descriptor class provides an 
opportunity to unravel the phenomenon under 
investigation. In other words, the concepts embedded in 

the descriptor classes relate the biological actions 
revealed by the compounds. For the purpose of modeling 
study, 8 compounds have been included in the test set for 
the validation of the models derived from 24 training set 
compounds. A total number of 87 significant descriptors 
from 0D-, 1D- and 2D-classes have been subjected to 
CP-MLR analysis with default ‘filters’ set in it. 
Statistical models in two and three descriptor(s) have 
been derived successively to achieve the best relationship 
correlating COX-2 inhibitory activity. These models 
(with 87 descriptors) were identified in CP-MLR by 
successively incrementing the filter-3 with increasing 
number of descriptors (per equation). For this the 
optimum r-bar value of the preceding level model has 
been used as the new threshold of filter-3 for the next 
generation. The highest significant model in three 
descriptors is given below. 

 
pIC50 = 31.160 + 18.424(2.869) BELp2 – 51.112(8.906) MATS8m – 9.505(2.706)GATS4v 
n = 24, r = 0.860, s = 0.356, F = 18.989, Q2

LOO = 0.592, Q2
L5O = 0.567,  

r2
randY(sd) = 0.327(0.133), AIC = 0.177, FIT = 1.726, LOF = 0.187, r2

Test
 = 0.600  (6) 

 
In above and all follow up regression equations, the 
values given in the parentheses are the standard errors of 
the regression coefficients. The r2

randY(sd) is the mean 
random squared multiple correlation coefficient of the 
regressions in the activity (Y) randomization study with 
its standard deviation from 100 simulations. In the 
randomization study (100 simulations per model), none 
of the identified models has shown any chance 
correlation. The signs of the regression coefficients 
suggest the direction of influence of explanatory 
variables in the models. 
The descriptor BELp2 belongs to BCUT class of Dragon 
descriptors. The BCUT descriptors are the first 8 highest 
and the lowest absolute eigenvalues, BEHwk and 
BELwk, respectively, for the modified Burden adjacency 
matrix. Here w refers to the atomic property and k to the 
eigenvalue rank. The ordered sequence of the highest and 
the lowest eigenvalues reflect upon the relevant aspects 
of molecular structure, useful for similarity searching. 
The positive   contribution of descriptor BELp2 to the 
activity advocates that a higher value of this descriptor is 
beneficiary to the activity.  
The other participated descriptors in model given above, 
MATS8m and GATS4v, belong to 2D-autocorrelations 
(2D-AUTO) class of Dragon descriptors. The 2D 
autocorrelations are molecular descriptors which 
describe how a considered property is distributed along a 
topological molecular structure. The 2D-AUTO 
descriptors have their origin in autocorrelation of 
topological structure of Broto-Moreau (ATS), of Moran 

(MATS) and of Geary (GATS). The computation of 
these descriptors involve the summations of different 
autocorrelation functions corresponding to the different 
fragment lengths and lead to different autocorrelation 
vectors corresponding to the lengths of the structural 
fragments. Also a weighting component in terms of a 
physicochemical property has been embedded in this 
descriptor. As a result these descriptors address the 
topology of the structure or parts thereof in association 
with a selected physicochemical property. In these 
descriptors’ nomenclature, the penultimate character, a 
number, indicates the number of consecutively connected 
edges considered in its computation and is called as the 
autocorrelation vector of lag n (corresponding to the 
number of edges in the unit fragment). The very last 
character of the descriptor’s nomenclature indicates the 
physicochemical property considered in the weighting 
component – m for mass or v for volume or e for 
Sanderson electronegativity or p for polarizability – for 
its computation. It is evident, from the sign of regression 
coefficients of the participating descriptor that 
descriptors MATS8m and GATS4v from this class has 
contributed negatively to the activity. Thus a lower value 
of descriptors MATS8m (Moran autocorrelation of lag 8 
weighted by atomic masses) and GATS4v (Geary 
autocorrelation of lag 4 weighted atomic van der Waal’s 
volumes) will be in favor of activity. 
The highest significant model in three descriptors could 
estimate nearly 74 percent variance in observed activity 
of the compounds. Considering the number of 
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observation in the dataset, models with up to four 
descriptors were explored. Following are some four-

descriptor models for the activity.

 
pIC50 = 11.267 + 25.558(4.209)BELp2 – 42.187(9.151)MATS8m – 12.448(2.830)GATS4v 
 + 0.455(0.209)C-001  
n = 24, r = 0.890, s = 0.326, F = 18.073, Q2

LOO = 0.664, Q2
L5O = 0.692,  

r2
randY(sd) = 0.356(0.135), AIC = 0.163, FIT = 1.807, LOF = 0.190, r2

Test
 = 0.544   (7) 

pIC50 = 17.030 + 1.702(0.794)BELm6 + 17.654(2.666)BELp2 – 37.279(10.432)MATS8m 
 – 9.669(2.492)GATS4v  
n = 24, r = 0.889, s = 0.327, F = 17.955, Q2

LOO = 0.655, Q2
L5O = 0.618,  

r2
randY(sd) = 0.375(0.133), AIC = 0.164, FIT = 1.796, LOF = 0.191, r2

Test
 = 0.625  (8) 

pIC50 = 66.984 – 0.002(0.001)TIE – 63.152(9.452)MATS8m + 3.123(1.389)GATS6p 
 – 0.893(0.155)nCs 
n = 24, r = 0.888, s = 0.329, F = 17.661, Q2

LOO = 0.616, Q2
L5O = 0.619,  

r2
randY(sd) = 0.411(0.120), AIC = 0.166, FIT = 1.766, LOF = 0.193, r2

Test
 = 0.509  (9) 

pIC50 = 92.028 –5.562(2.270)MWC09 + 21.494(9.746)JGI3 – 86.055(13.015)MATS8m 
 – 1.463(0.209)nCs  
n = 24, r = 0.885, s = 0.333, F = 17.243, Q2

LOO = 0.576, Q2
L5O = 0.517,  

r2
randY(sd) = 0.382(0.117), AIC = 0.169, FIT = 1.724, LOF = 0.197, r2

Test
 = 0.515  (10) 

 
These models have accounted for nearly 78 percent 
variance in the observed activities. In the randomization 
study (100 simulations per model), none of the identified 
models has shown any chance correlation. The values 
greater than 0.5 of Q2-index is in accordance to a 
reasonable robust QSAR model. The pIC50 values of 
training and test set compounds calculated using 
Equations (7) to (10) have been included in Table 1. The 
models (7) to (10) are validated with an external test set 
of eight compounds listed in Table 1. The predictions of 
the test set compounds based on external validation are 
found to be satisfactory as reflected in the test set r2 
(r2

Test) values. The plot showing goodness of fit between 
observed and calculated activities for the training and 
test set compounds is given in Figure 1.  
The newly appeared descriptors in above models are C-
001 (an ACF class descriptor), BELm6 (BCUT class 
descriptor), TIE (TOPO class descriptor), GATS6p (2D-
AUTO descriptor), nCs (FUNC class descriptor), 
MWC09 (from MWC class) and JGI3 (from GALVEZ 
class). 
Atom centered fragments (ACF descriptors) are simple 
molecular descriptors defined as the number of specific 
atom types in a molecule and their calculation is based 
on the knowledge of the molecular composition and 
atom connectivity. The ACF class descriptor C-001, 
representing a CH3R or CH4 fragment in a molecular 
structure, has shown positive influence on the activity 
suggesting presence of such type of fragment for 
improved activity. Descriptors BELm6 (lowest 
eigenvalue n.6 of Burden matrix weighted by atomic 
masses, a BCUT class descriptor) and GATS6p (Geary 

autocorrelation of lag 6 weighted by atomic 
polarizabilities, a 2D-AUTO descriptor) contributed 
positively to the activity recommending a higher value of 
these descriptors for elevated activity. 
The TOPO class descriptors are based on a graph 
representation of the molecule and are numerical 
quantifiers of molecular topology obtained by the 
application of algebraic operators to matrices 
representing molecular graphs and whose values are 
independent of vertex numbering or labeling. They can 
be sensitive to one or more structural features of the 
molecule such as size, shape, symmetry, branching and 
cyclicity and can also encode chemical information 
concerning atom type and bond multiplicity. The 
descriptor TIE, participated in above models is 
representative of TOPO class. The descriptor TIE is E-
state topological parameter. The sign of regression 
coefficient of this descriptor has shown negative 
influence on the activity. A lower value of this descriptor 
would be in favor of the activity.  
FUNC class descriptors are molecular descriptors based 
on the counting of the chemical functional groups. The 
emerged descriptor nCs (number of total secondary 
carbon atoms) advocates that a molecular structure 
having more number of total secondary carbon atoms 
would be detrimental to the activity. Molecular walk 
counts (MWC class descriptors) are 2D-descriptors 
representing self-returning walks counts of different 
lengths. The descriptor MWC09 (9th order walk count) 
suggests that a smaller length of 9th order self returning 
walk count would be beneficiary to the activity. 
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GALVEZ descriptors are the Galvez topological charge 
indices and have their origin in the first ten eigenvalues 
of the polynomial of corrected adjacency matrix of the 
compounds. All the GALVEZ class descriptors belong to 
two categories. Of this one category corresponds to the 
topological charge index of order n (GGIn) and the other 
to the mean topological charge index of order n (JGIn), 
where ‘n’ represents the order of eigen value. The 
positive influence of descriptor JGI3 (mean topological 
charge index of 3rd order) from this class to the activity 
suggested that a higher value of 3rd order charge index 
would be beneficiary to the activity. Thus the descriptors 
identified for rationalizing the activity give avenues to 
modulate the structure to a desirable biological end point. 
Applicability domain  
On analyzing the model applicability domain (AD) in the 
Williams plot (Figure 2) of the model based on the whole 
data set (Table 3), it has appeared that none of the 
compounds were identified as an obvious outlier for the 
canine COX-2 inhibitory activity if the limit of normal 
values for the Y outliers (response outliers) was set as 
2.5 times of the standard deviation units. None of the 
compounds was found to have leverage (h) values 
greater than the threshold leverages (h*). For both the 
training set and test set, the suggested model matches the 
high quality parameters with good fitting power and the 
capability of assessing external data. Furthermore, 
almost all of the compounds was within the applicability 
domain of the proposed model and were evaluated 
correctly. 
DISCUSSION 
This study has provided a rational approach for the 
development of new pyrazole and triazole   derivatives 
as selective canine COX-2 inhibitors. The descriptors 
identified in CP-MLR analysis have highlighted the role 
of atomic properties in respective lags of 2D-
autocorrelations (MATS8m, GATS4v and GATS6p) and 
Modified Burden eigenvalues (BELp2 and BELm6), E-
state topological parameter (TIE) and 3rd order mean 
Galvez topological charge (JGI3) to explain the canine 
COX-2 inhibitory actions of pyrazole and triazole 
derivatives. Certain structural fragment (C-001) and 
functionality (nCs) in molecular structures and 9th order 
self-returning molecular walk counts have also shown 
prevalence to optimize the canine COX-2 inhibitory 
activity of titled compounds. Applicability domain 
analysis revealed that the suggested model matches the 
high quality parameters with good fitting power and the 
capability of assessing external data and all of the 
compounds was within the applicability domain of the 
proposed model and were evaluated correctly. 
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Table 1: Structures observed and modeled canine COX-2 inhibitory activity of the pyrazole and triazole derivatives 

N

SO2Me

N
N

X
Y

R

 
Cpd. R X Y pIC50(M)a 

Obsd.b Eq.(7) Eq. (8) Eq. (9) Eq. (10) 

1 

ClO  

CH CF3 7.92 7.77 7.74 7.72 7.81 

2 

O  

CH CF3 7.70 7.14 7.21 7.24 7.31 

3c 

CNO  

CH CF3 7.89 7.58 7.55 7.16 7.14 
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4 

FO  

CH CF3 7.30 7.38 7.41 7.67 7.38 

5 

MeO  

CH CF3 8.00 7.57 7.47 7.70 7.64 

6 

CONH2O  

CH CF3 6.39 6.78 7.04 6.83 6.41 

7 

CN

N

S  

CH CF3 6.96 7.72 7.60 6.90 7.06 

8 N

S  

CH CF3 6.80 7.10 6.91 6.81 6.71 

9c 

Me

N

S  

CH CF3 7.05 7.65 7.43 7.60 7.04 

10c F
N

S  

CH CF3 6.54 7.15 6.95 6.92 6.26 

11c 

Me

N

O  

CH CF3 7.52 7.17 7.07 7.19 7.29 

12 

Me

N

O  

CH CF3 7.19 7.30 7.24 7.73 7.47 

13c N

S  

CH CF3 6.68 7.06 7.08 6.86 7.23 

14 
N

S  

CH CF3 6.74 6.58 6.67 6.69 7.14 

15 

O  

CH CF2H 6.89 6.99 7.12 6.96 6.90 
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16c 

Cl

O  

CH CF2H 8.00 7.63 7.66 7.55 7.94 

17 

F

O  

CH CF2H 7.22 7.25 7.33 7.13 7.51 

18 

Me

N

S  

CH CF2H 7.72 7.53 7.38 7.39 7.25 

19 
 

N CF3 6.39 6.67 6.55 6.34 6.21 

20 
 

C-CN CF3 6.92 6.73 6.60 6.45 6.79 

21 
 

CH CF3 6.39 6.73 6.64 6.86 6.82 

22c 
F  

N CF3 6.92 6.65 6.43 6.50 6.34 

23 
F  

N CF3 6.60 6.52 6.43 6.51 6.13 

24 
F  

CH CF3 6.55 6.51 6.45 6.65 6.64 

25c 
N  

N CF3 6.62 6.92 6.59 6.65 6.21 

26 
N

 
N CF3 5.89 5.87 5.93 5.84 6.13 

27 
N

 
N CF3 6.32 6.20 6.05 6.41 6.30 

28 
 

N CF3 5.85 5.74 5.77 5.88 6.00 

29 
 

N CF3 7.22 6.89 7.21 7.03 6.99 

30 
 

CH CF3 7.15 6.79 7.16 7.38 7.59 

31 
 

N CF3 6.92 6.99 6.81 6.46 6.41 

32 
 

N CF3 5.41 5.71 5.71 5.85 5.85 
aOn molar basis; bTaken from reference [16,17]; compounds in test set. 
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Table 2: Descriptor classesa used along with their definition and scope for modeling the COX-2 inhibitory activity of pyrazole 
and triazole derivatives 

 
Descriptor class (acronyms) Definition and scope 
Constitutional  
(CONST)  

Dimensionless or 0D descriptors; independent from molecular 
connectivity and conformations 

  
Topological  
(TOPO)  

2D-descriptor from molecular graphs and independent 
conformations  

  
Molecular walk counts  
(MWC)  

2D-descriptors representing self-returning walks counts of 
different lengths 

Modified Burden eigenvalues  
(BCUT)  

2D-descriptors representing positive and negative eigenvalues of 
the adjacency matrix, weights the diagonal elements and atoms 

  
Galvez topological charge indices 
(GALVEZ)  

2D-descriptors representing the first 10 eigenvalues of corrected 
adjacency matrix 

  

2D-autocorrelations  
(2D-AUTO)  

Molecular descriptors calculated from the molecular graphs by 
summing the products of atom weights of the terminal atoms of all 
the paths of the considered path length (the lag) 

  
Functional groups  
(FUNC)  

Molecular descriptors based on the counting of the chemical 
functional groups  

  
Atom centered fragments  
(ACF) 

Molecular descriptors based on the counting of 120 atom centered 
fragments, as defined by Ghose-Crippen 

  

Empirical 
(EMP)  

1D-descriptors represent the counts of non-single bonds, 
hydrophilic groups and ratio of the number of aromatic bonds and 
total bonds in an H-depleted molecule  

  
Properties 
(PROP) 1D-descriptors representing molecular properties of a molecule 

aReference [19]. 
 
 

Table 3: Resultant models for the whole data set (n=32) in descriptors of training set models. 
 

Model r s F Q2
LOO Q2

L5O Eq. 
pIC50 = 18.832 +23.283(3.943)BELp2  
-46.554(8.718)MATS8m-11.233(2.693)GATS4v   
+0.334(0.190)C-001 
 

0.857 0.352 18.725 0.618 0.583 7a 

pIC50 = 17.794 +1.636(0.758)BELm6  
+17.758(2.493)BELp2-38.113(10.315)MATS8m  
-9.714(2.288)GATS4v  
 

0.864 0.343 20.043 0.650 0.639 8a 

pIC50 = 68.419 -0.002(0.001)TIE  
-64.038(9.499)MATS8m+2.474(1.194)GATS6p  
-0.957(0.153)nCs  
 

0.852 0.358 17.832 0.572 0.571 9a 

pIC50 = 82.105-3.706(1.757)MWC09 
+23.864(9.291)JGI3-76.599(10.750)MATS8m 
-1.384(0.188)nCs+82.105 
 

0.860 0.348 19.256 0.571 0.539 10a 
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Figure 1: Plot of observed versus calculated pIC50 values for the training and test set compounds. 
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Figure 2: Williams plot for the training set  and external prediction set for COX-2 inhibitory activity of pyrazole and triazole 

derivatives 
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