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We present 3D pharmacophore modelling and 3D 
quantitative structure–activity relationship (QSAR) 
studies on a collection of N-(isoxazolyl) sulphonamide 
endothelin (ET) receptor antagonists spanning nearly 
five orders of magnitude in their ET receptor antago-
nist activity. The alignments needed for the develop-
ment of 3D QSAR models were obtained using the 
methods of pharmacophore generation and alignment 
in the Schrödinger module PHASE. Training and cor-
responding test sets for the 3D QSAR models were de-
rived by binning the activities into five segments and 
choosing various percentages randomly within each 
bin. ETA receptor antagonists training set correlation 
coefficients (R2) and mean square errors ranged from 
0.7 to 0.97 and 0.2 to 0.6 respectively. The test set pre-
dictions were characterized by Q2 values ranging from 
0.3 to 0.55, whereas the Pearson-R factors and root 
mean square errors varied from 0.6 to 0.75 and 0.2 to 
0.8 respectively. Our studies clearly demonstrate that 
we have derived various models that are predictive for 
the test sets of ET receptor antagonists. Furthermore, 
we have employed data scrambling studies of the 3D 
pharmacophore models of ETA receptor antagonists to 
validate the QSAR models.  
 
Keywords: Antagonist, endothelin receptor, three-
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ENDOTHELIN (ET) family members are recognized as  
potent, endogenous vasoconstrictors. There are at least 
three known endothelin receptors, ETA, ETB1 and ETB2, 
all of which are G protein-coupled receptors whose acti-
vation results in elevation of intracellular-free calcium1–6. 
Three well-known ET receptor antagonists are ambrisen-
tan, sitaxsentan (selective for ETA) and bosentan (which 
affects both ETA and ETB)7–16. The compound sitaxsentan 
is a sulphonamide class ET receptor antagonist and was 
marketed in Europe under the brand name THELIN for 

pulmonary arterial hypertension. The rationale for benefit 
compared to bosentan, a nonselective ET blocker, is neg-
ligible inhibition of the beneficial effects of ETB stimula-
tion, such as nitric oxide production and clearance of ET 
from circulation. Bosentan is used to treat pulmonary hy-
pertension by blocking the action of ETs that would oth-
erwise promote vasoconstriction and lead to high blood 
pressure. The chemistry and biology of ET receptor anta-
gonists have been widely studied17–25. Due to the G-
coupled receptor nature of ET molecules, their structures 
are not solved to date. Consequently, the design of ET re-
ceptor antagonists has been directed by ligand-based ap-
proaches by experimental17–25 and theoretical methods26. 
 In light of their biological significance, we have under-
taken molecular modelling studies on a collection of  
sulphonamide ETA receptor antagonists, in which we 
have built 3D pharmacophore models common to all the 
active antagonists. These models have been employed to 
rationalize the measured biological activities of not only 
active antagonists, but also those of inactive and weakly 
active antagonists. The models developed for the receptor 
have been analysed to identify potential areas of selectiv-
ity in the hyperspace of 3D pharmacophores that led to 
the discovery of sitaxsentan and bosentan. We have sub-
sequently used these models to filter for potential ETA  
receptor antagonists from a database of commercially 
available compounds. Such compounds could serve as 
templates for the design of next-generation ET receptor 
antagonists as potential cardiovascular agents. 
 The dataset of N-(isoxazolyl) sulphonamide ET recep-
tor antagonists used in this study was derived from Chan 
et al.25 (Supplementary material will be available from 
the authors upon request). The two-dimensional prelimi-
nary structures of these compounds were built using 
ChemDraw and exported as 2D coordinates in mol (struc-
ture-data SD) files. The molecules were subsequently 
prepared using the Schrödinger ligand preparation tool, 
LigPrep, inside MAESTRO27, by retaining the input 
tautomeric forms. None of the molecules has a chiral  
carbon, which implied that stereochemistry-related  
expansion of the molecular structures did not take place 
during their LigPrep treatment. 
 The prepared ligands were then passed through the 
‘PHASE’ workflow28 to generate common feature phar-
macophore models, which in turn were used to generate 
3D quantitative structure–activity relationship (QSAR) 
models. In this workflow, conformations were generated 
using the ligand torsion search method with default set-
tings (maximum number of conformations = 1000, post-
processing minimization refinement cycles = 50, energy 
cut-off = 10 kcal mol–1, minimum distance cut-off for  
redundant conformations = 2.0). Feature sites (hydrogen-
bond donors, acceptors, hydrophobe, ring aromatic,  
positive and negative centres) corresponding to all the  
conformations of all the compounds were generated using 
the default feature definitions.  
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 The dataset of 73 compounds was divided into training 
and test sets. Towards this end, all these compounds were 
initially classified into five bins based on activities corres-
ponding to the following ranges: 4 < pIC50 = –log(IC50) < 5, 
5 < pIC50 < 6, 6 < pIC50 < 7, 7 < pIC50 < 8 and 8 < 
pIC50 < 9. Training sets were constructed by choosing a 
percentage (50, 60 and 70) of the total number of com-
pounds in each bin randomly. These random selections 
were done three times to select potentially different train-
ing sets. Correspondingly, the remaining 50%, 40% and 
30% of the compounds in each bin were deemed to con-
stitute corresponding test sets. This will ensure that the 
actives and inactives are reasonably distributed uniformly 
in each of the training and corresponding test sets. To 
clarify further, a random choice over the entire set may 
result in training and test sets that are skewed with  
respect to activity, i.e. a training set may end up with all 
active compounds with the corresponding test set domi-
nated by inactive compounds. Such divisions will not 
yield predictive models and hence the activity binning 
approach was adopted. 
 In all the training sets, compounds with pIC50 values 
greater than 6.2 were deemed to be active for the pur-
poses of developing common feature pharmacophores. 
These were developed with five features with the condi-
tion that all the active compounds in a training set con-
tained the variants. Each variant can consist of any 
combination of the five features. For example, a variant 
can have four acceptors and a hydrophobe, whereas  
another can have one each of hydrophobe, ring aromatic, 
hydrogen-bond donor, hydrogen-bond acceptor and a 
negative ionic moiety. The pharmacophores were then 
scored and fine-tuned for overlap by the inactive com-
pounds using default settings, which has been described 
previously28. The alignments of all the ligands to the top-
ranked pharmacophores were used to generate QSAR 
models, setting the number of partial least square (PLS) 
factors 2–4. Predicted activities of test set compounds 
were plotted against their experimental activities, and the 
relevant statistics were computed. A test set compound is 
deemed to be an outlier if its predicted activity (pIC50) 
differs from its experimental activity by more than 1 unit.  
 The PHASE methodology28 allows the identification 
and construction of 3D pharmacophores for a collection 
of active molecules in a training set of compounds with 
biological activities, by exhaustively searching their 
multi-dimensional hypotheses spaces. The hypotheses in 
turn are collections of pharmacophoric features (which 
may be hydrogen-bond donors, hydrogen-bond acceptors, 
hydrophobes, aromatic rings, positive and negative ionic 
and ionizable centres) contained in the active molecules 
and characterized by their 3D arrangements. PHASE 
identifies the 3D pharmacophores as ‘common feature 
hypotheses’ and ranks them on the basis of how well the 
alignment of molecules correlates the activities of active 
and inactive molecules in the training and external test 

sets. These correlations are derived using the occupancy 
bits of various atom types in the 3D space encompassing 
all the aligned molecules, as independent descriptors. 
Since such descriptors are much larger in number than the 
number of observations (ETA receptor antagonism) which 
constitute the dependent descriptors, PLS regression 
techniques29 are employed to derive 3D QSAR models. 
These enable the extraction of key (latent) factors in the 
large collection of variables that account for most of the 
variance in the observed data, while eliminating redun-
dancy in the descriptors29. 
 The correlation between experimental and predicted 
activities is critical in identifying QSAR models, which 
can be used in a predictive manner. The goodness of such 
models is measured in terms of correlation coefficient 
(R2) and cross-validated correlation coefficient (Q2). Ide-
ally both these values should be 1 for perfect models, 
whereas values away from 1 indicate less predictivity. 
However, given the expected errors from experimental 
measurements and from a practical point of view, values 
of R2 > 0.7 and Q2 > 0.4 would be useful in making reli-
able predictions on test sets of compounds. The Pearson-
R factor is the square root of R2, and would required to be 
above 0.8 in case of predictive models. 
 It may also be noted that PHASE does not consider (by 
default) the energy differences associated with different 
conformations so long as they all belong to an ensemble 
with energies below a certain cut-off value (10 kcal/mol 
in our studies). All the conformations in such an ensemble 
are treated equally in the generation of common-feature hy-
potheses. Since the conformations are generated using a 
comprehensive force field such as OPLS2007, they are 
free of any steric hindrance. Also, since the pharma-
cophores are being generated only from active com-
pounds, it is assumed that they would not be having steric 
clashes with the receptor residues in their binding sites. 
 Although we have conducted the pharmacophore and 
3D QSAR analyses for nine sets of training and test sets, 
for each percentage split, we report only the results corre-
sponding to the best test set predictions. Thus, only three 
sets of results are discussed, corresponding to training set 
percentages of 50, 60 and 70 (Supplementary material 
will be available from the authors upon request). In light 
of the somewhat limited size of the total dataset, there are 
non-trivial overlaps between the members of various 
training sets. The analyses of their compositions show 
that the percentages of overlaps between the three pairs 
of divisions (50 : 50 and 60 : 40), (50 : 50 and 70 : 30) and 
(60 : 40 and 70 : 30) are 28, 45 and 58 respectively. The 
statistics associated with the 3D QSAR models developed 
on the basis of the alignments to top-ranked pharma-
cophores is listed in Table 1. As indicated earlier, R2 and 
Q2 values of greater than 0.7 and 0.4 respectively, indi-
cate the robustness of the models in terms of their appli-
cability towards predictions of test set activities. Also 
listed in Table 1 are the values of standard deviation and 
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Table 1. Statistics associated with 3D QSAR models for ETA receptor antagonists 

 No. of PLS     RMSE 
ETA Set factors SD R2 F P (training) RMSE (test) Q2 Pearson-R 
 

50 : 50 Division 2  0.3449   0.8865 133 8.58E-17 0.3306 0.8488  0.289  0.6249 
 3  0.2484   0.9429 182 1.41E-20 0.2346 0.7752   0.4069  0.6824 
 4  0.1954   0.9657 225 6.02E-23 0.1818 0.8099   0.3527  0.6596 
60 : 40 Division 2  0.5443   0.7043 48.8 1.42E-11 0.5254 0.7215   0.5097 0.721 
 3  0.4728   0.7823 47.9 2.62E-13 0.4508 0.7171   0.5158  0.7215 
 4 0.412   0.8388 50.7 6.06E-15 0.3879 0.687   0.5555  0.7492 
70 : 30 Division 2  0.4572   0.7798 85 1.69E-16 0.4436 0.7813   0.4428  0.7096 
 3  0.3565   0.8689 104 9.55E-21 0.3423 0.7679   0.5104  0.7278 
 4  0.2975   0.9106 117 1.65E-23 0.2826 0.8192   0.4931 0.695 
70 : 30 Division  2 0.723  0.449 19.6 6.13E-07 1.07   0.044 0.312 
 (data scrambled) 3 0.672  0.534 18 6.42E-08 1.06   0.061 0.313 
 4 0.635 0.59 16.8 1.50E-08 1.14  –0.081 0.188 

SD, Standard deviation; R2, Square of the correlation coefficient or the training set Pearson-R value; RMSE, Root mean square error; Q2, Square of 
the cross-validated correlation coefficient (Q); Pearson-R, Correlation coefficient for the test set of compounds; F, Measure of the statistical sig-
nificance of the overall fit of the activity data to the model; P, P-factor or the P-value is the probability of obtaining a test statistic at least as ex-
treme as the one that was actually observed, assuming that the null hypothesis is true. The lower the P-value, the less likely the result is if the null 
hypothesis is true, and consequently more ‘significant’ the result is, in the sense of statistical significance, and PLS, Partial least square. 
 
 

 
 
Figure 1. Correlation plots for training (a) and test (b) set compounds between experimental and predicted pIC50 
values based on models derived with 50 : 50 division of ETA receptor antagonism data using three partial least square 
(PLS) factors. 

 
 
root mean square error (RMSE) of predictions, which 
should ideally be 0.0, but are typically less than 1.0 for 
good working models. In general, given the experimental 
errors, the RMSE values are about 2–3 times larger than 
the standard deviations. The scatter plots of predicted acti-
vities versus experimental activities of the training and 
test set compounds of the models are shown in Figures 1–3. 
 In the cases of 50 : 50 and 70 : 30 divisions, the test set 
predictions are better correlated with experimental data 
when the models with three and four PLS factors are em-
ployed in comparison to the predictions using models 
with two PLS factors. This improved performance with 
higher number of PLS factors is to be expected as the 
variance in the descriptors relative to activity is better 
explained by a larger number of them. However, it may 
be noted that the usage of excessive number of PLS fac-
tors can lead to over-fitting of the training set and conse-
quently larger errors in test set predictions. In the case of 

60 : 40 division, increasing number of PLS factors leads 
to models with progressively better predictions for test 
set compounds. This is further illustrated in the tables of 
predicted values and the correlation plots corresponding 
to all the three PLS factors (2, 3 and 4) shown in the sup-
plementary material (Appendix 1; Supplementary mate-
rial will be available from the authors upon request). The 
PLS factors themselves are detailed in Appendix 2 of the 
supplementary material. 
 The best value of Q2 (0.56) is obtained for models gen-
erated with 60 : 40 division, with corresponding values of 
Pearson-R and RMSE being 0.749 and 0.687 respectively. 
The best values of Q2 for models with 70 : 30 and 50 : 50 
divisions are 0.51 and 0.41 (with three PLS factors). It 
may be noted that these values generally indicate the 
good predictive nature of the models we have developed. 
However, as would normally be expected, some of the 
compounds (e.g. compound 55 with pIC50 of 7.56) are 
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Figure 2. Correlation plots for training (a) and test (b) set compounds between experimental and predicted pIC50 
values based on models derived with 60 : 40 division of ETA receptor antagonism data using four PLS factors. 
 
 

 
 
Figure 3. Correlation plots for training (a) and test (b) set compounds between experimental and predicted pIC50 
values based on models derived with 70 : 30 division of ETA receptor antagonism data using three PLS factors. 

 
 
Table 2. Test set compounds predicted as outliers by various models  
  of ETA receptor antagonists 

ETA Set No. of PLS factors  Outlier numbers 
 

50 : 50 Division 2 15, 18, 27, 28, 40, 49 
 3 15, 27, 28, 40, 49 
 4 15, 27, 28, 40, 49 
60 : 40 Division 2 15, 27, 28, 40, 49, 64 
 3 22, 27, 28, 49 
 4 27, 28, 49 
70 : 30 Division 2 15, 18, 27, 28, 40, 67 
 3 15, 18, 27, 28, 67 
 4 15, 18, 27, 67 
 

 
under-predicted and some mildly active compounds are 
over-predicted. As stated earlier, this can come about due 
to either more than normal inaccuracies in experimental 
data or due to the inaccuracies of representations of the 
pharmacophore features in the molecules. 
 Table 2 lists the compounds that are predicted as out-
liers by various models developed from all the three divi-
sions of the training and test sets. The number of outliers 
varies between 3 and 6 for most of the models. In the 
case of the models derived from the two PLS factors from 

all the three divisions, there are six (nearly 20%) outliers. 
The models derived from 60 : 40 and 70 : 30 divisions 
(four PLS factors) are characterized by the least number 
of outliers. Compounds 27 and 28 seem to be predicted as 
outliers by a majority of the models studied. These com-
pounds with four substituents are weakly active against 
ETA receptor (pIC50 = 5.19), but are predicted to be con-
siderably more active by most models, indicating possible 
disruption of the binding mode (e.g. due to a steric clash) 
not captured by the models. Outliers in test set predic-
tions can come about for a number of reasons, some of 
which are as follows: (1) greater than expected or normal 
inaccuracies in experimental measurements. This is sig-
nificant in light of the fact that we have defined the out-
lier as any compound where the predicted activity is more 
than one log unit away from the corresponding experi-
mental activity. (2) Presence of features which do not 
clearly fall under one of the six defined feature types in 
PHASE. For example, chlorine atom is typically charac-
terized as a hydrophobic group while in actuality,  
depending on its environment, it could potentially have 
characteristics of a hydrogen-bond acceptor. This type of 
scenario may also be true in case of tri-fluoromethyl  
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moiety. (3) Occurrence of similar molecules in training 
set as outliers. In such case, a prudent way would be to 
re-develop models that are constructed without the train-
ing set outliers. 
 The 3D QSAR models developed for ETA antagonism 
data clearly demonstrate reasonable predictability of  
experimental data in test set compounds. The alignment 
of a couple of the active ligands to the highest scored 3D 
pharmacophore is shown in Figure 4. We have also 
shown the visualization of the QSAR model in terms of 
the favourable (blue cubes) and unfavourable regions (red 
cubes) where substitutions lead to enhancement and deg-
radation of biological activities respectively (Figure 5). 
Each of these cubes may represent a composite of differ-
ent pharmacophore feature types (hydrogen-bond donor, 
hydrogen-bond acceptor, positive and negative ionic 
functions, hydrophobic and aromatic functions) or due to 
a single one. Thus, they help distinguish the activities of 
different compounds on the basis of the nature of the sub-
stituent, a fact that is helpful to chemists in the design of 
molecules with desired biological activities. It may be 
noted that the conformational energies of the reference 
ligand conformations from which all the highly scored 3D 
pharmacophores are derived for the ETA receptor anta-
gonists, are within 5 kcal/mol of their respective global 
minima. 
 To further confirm the validity of these models, we 
have developed 3D QSAR models after we randomly  
 
 

 
 
Figure 4. Alignments of active training set ETA receptor antagonists. 
The 3D pharmacophore model of ETA receptor antagonism data were 
derived with 60 : 40 division and four PLS factors. The ‘aromatic’ fea-
ture is exemplified by the light brown donut-like ring, while the hydro-
gen-bond acceptor feature is represented by the magenta-coloured 
sphere. The green-coloured spheres correspond to hydrophobic moie-
ties. Note that the acceptor feature is characterized by arrows that rep-
resent potentially the directions of lone pairs. 

scrambled the biological activity data. In this approach, 
the pIC50 data for ETA antagonism were scrambled across 
the entire set of molecules (Supplementary material will 
be available from the authors upon request). This was fol-
lowed by a 70 : 30 division of the ‘scrambled data set’ 
into training and test sets respectively, and subsequent 
development of scrambled 3D QSAR models with two, 
three and four PLS factors, as described in the text. We 
chose not to examine other ratios of training and test sets 
while developing the 3D QSAR models for the scrambled 
data set, since the purpose of this exercise is to establish 
that a predictive model cannot be obtained when the bio-
logical data are scrambled (improper assignment of struc-
ture–activity relationship). In that sense, the 70 : 30 ratio 
represents an extreme case since scrambling with a 
smaller dataset of training compounds is likely to lead to 
worse correlation between the predicted activities and 
experimental observations. The common features phar-
macophore that was used for the alignment of the test and 
training set compounds consisted of three hydrogen-bond 
acceptors, a donor and a hydrophobe, with a poor selec-
tivity value of 1.2, which contrasts with the values higher 
than 2 obtained for models generated with straight  
(unscrambled) activity data.  
 As is to be expected, we found that these scrambled 
models had Q2 values less than 0.1 for test set predic-
tions, whereas the R2 values for training set predictions 
were less than 0.6 (Supplementary material will be avail-
able from the authors upon request). These poor R2 values 
are to be expected as the relative alignments of the train-
ing set molecules against a set of common features do not 
correlate with the real active site pharmacophore. The  
 
 

 
 
Figure 5. Schematic representation of the QSAR model derived on 
the basis of the alignment of training set compounds to the top-ranked 
pharmacophore model shown in Figure 5. The blue and red cubes cor-
respond to regions where substituents lead to enhancement or deteriora-
tion of the biological activities respectively. 
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Figure 6. Correlation plot between experimental pIC50 and corresponding predicted data developed using ‘scram-
bled’ 70 : 30 training (a) and test (b) sets based on models developed with three PLS factors. 

 
 
correlation plots corresponding to these models are 
shown in Figure 6. In these plots, the training set plot has 
the experimental activity that is from the scrambled data 
(Supplementary material will be available from the authors 
upon request). The plot for the test set data is against the 
actual compound activities. Hence, it is not surprising 
that the test set compounds are predicted poorly. These 
observations lend credence to the predictive strength of 
the models developed with straight activity data without 
being deemed ‘ACCIDENTALLY PREDICTIVE’.  
 How do our 3D pharmacophore and 3D QSAR models 
compare with the CATALYST generated 3D pharma-
cophore models for ETA receptor antagonists reported by 
Funk et al.26, since the previous study has employed a 
different chemical class of compounds. The specific de-
tails of the pharmacophore models are naturally different. 
The primary difference lies in the presence of a negative 
ionic feature in the models reported by Funk et al.26. This 
ionic feature is absent in our models since our training 
and test set compounds do not contain any negatively 
ionizable functionality. Many of our top-ranked models 
contain two aromatic ring features instead of one, as in 
the previous study26. Also, the hydrogen-bond acceptor 
feature in our models is nearer to the pair of hydrophobic 
features than in the CATALYST models26. Another key 
difference between the two sets of model lies in the  
energy penalties paid by the training set active com-
pounds to overlap with the pharmacophores. As reported 
in table 2 of Funk et al.26, it appears that the fitting to the 
top-ranked CATALYST models was achieved by active 
molecule conformers that had energies >5 kcal/mol above 
the global minimum. By contrast, in our models, the con-
formations of active training set compounds that corre-
spond to the derived hypotheses are within 5 kcal/mol of 
the global minimum. However, the most critical differ-
ence comes about in the realm of predictions of the  
activities of test set compounds. The previous study26 had 
obtained large error factors (>10, corresponding to a  

deviation of more than one log unit) in the predictions of 
activities of nine (out of 30) test set compounds (30%). 
Also, they do not present any statistics related to the test 
set predictions and hence it is hard to judge specifically 
the performances of such models. Moreover, our studies 
have exhaustively searched the hypotheses space for all 
feasible models and consequently are able to identify 
models that show fewer outliers and closer correlation 
with experimental data on the test set compounds.  
 To realize the utility of the pharmacophore models  
developed using active members of various training sets, 
we have used a few of them to carry out enrichment stu-
dies, wherein a collection of 18 ETA receptor antagonists 
(Table 3) was seeded in a decoy data set of 8000 ligands 
derived from public domain and Jubilant databases. The 
decoys were filtered for drug-like qualities (200 < mole-
cular weight < 600, number of hydrogen-bond donors <  
5, number of hydrogen-bond acceptors < 12, cLogP < 8 
and maximum number of rotatable bonds = 14). Table 4 
illustrates the results of the enrichment studies in terms of 
the percentage of actives retrieved in the top 1–6% of the 
database compounds rank-ordered by the fitness score to 
the pharmacophore. It is not entirely surprising that due 
to the chemical diversity exhibited by the active antago-
nists, none of the three pharmacophores is able to retrieve 
all the actives in the screen. Pharmacophores derived 
from 60 : 40 and 70 : 30 divisions of the training set  
recover a maximum of 13 (72.22%) of the active com-
pounds. There is an overlap in most of the actives recov-
ered from the three pharmacophores. However, two 
compounds recovered by the 60 : 40 and 70 : 30 pharma-
cophores are not recovered through the screen against the 
50 : 50 pharmacophore. Thus, a total of 13 compounds 
out of 18 (72.22%) are collectively recovered from the 
screen of the three pharmacophores.  
 The enrichment values are computed relative to the 
random recovery of actives from the entire database 
(0.22%). Thus, the results in Table 4 demonstrate that 
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Table 3. ETA antagonists used for enrichment study 
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50% of the actives can be recovered in the top 1% of the 
database with decent enrichment values. The worst rank 
of the actives is 571, which corresponds to less than 7% 
of the entire database. Thus, in a drug-discovery scenario, 
the pharmacophores can be gainfully employed to quickly 

screen a large database and extract the top 7% of the 
ranks and expect to recover about 50–70% of the actives. 
Considering that only 3D pharmacophores are employed, 
this recovery rate is a useful first step in the lead disco-
very workflow, wherein the output from pharmacophore 
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Table 4. Results obtained from enrichment study in terms of the actives recovered in the top 1–6% of the database molecules ranked on fitness 
scores. Data are shown for the top-ranked pharmacophore models obtained using the 50 : 50, 60 : 40 and 70 : 30 ratios of training set to test set com-
pounds. ENR refers to the enrichment values in these fragments of the database. Also shown is the rank of the last active compound recovered in a  
  screen 

 Top 1% Top 2% Top 3% Top 4% Top 5% Top 6%    Active ligands retrieved 
 

50 : 50 Pharmacophore  
 No. of actives 9 9 11    07, 15, 11, 06, 05, 16, 12, 17, 14, 02, 03 
 % True actives 50 50 61.11     
 ENR 50 25 20.3     
 Rank of last active   321 (11)     

60 : 40 Pharmacophore 
 No. of actives 9 9 9 9 10 13 07, 15, 16, 05, 11, 06, 12, 17, 14, 02, 04, 09, 03 
 % True actives 50 50 50 50 55.5 72.22  
 ENR 50 25 16.7 12.5 11.1 12.1  
 Rank of last active      571 (13)  

70 : 30 Pharmacophore 
 No. of actives 9 9 9 9 10 13 07, 15, 16, 05, 11, 06, 12, 17, 14, 02, 04, 09, 03 
 % True actives 50 50 50 50 55.5 72.22  
 ENR 50 25 16.7 12.5 11.1 12.1  
 Rank of last active      571 (13)  

 
 
searches can be subjected to further treatment by more 
sophisticated treatment of structure-based methodologies 
such as docking, free energy calculations. 
 We have presented 3D pharmacophore modelling and 
3D QSAR studies on a collection of N-(isoxazolyl) sul-
phonamide ET receptor antagonists spanning nearly five 
orders of magnitude in their ET receptor antagonist activ-
ity. Test set statistics clearly demonstrates the strong pre-
dictive nature of the models; the results of test set 
predictions are only moderately sensitive to the choice of 
the training and test sets, with generally better predictions 
for datasets with slightly larger training sets than test 
sets. We have used these 3D pharmacophore models in 
the enrichment and preliminary virtual screening studies, 
wherein active ETA antagonists seeded in a random data-
base of drug-like decoy molecules are recovered within 
the top 7% of the ranks based on pharmacophore align-
ment score. They offer new avenues for the discovery  
of novel chemical scaffolds for the development of ET  
receptor antagonists. 
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Tropical forests are significant biodiversity epicentres 
and work as important modulators of climatic change. 
In natural cycles, carbon stocks are regulated by  
vegetation dynamics through the rates of mortality,  
recruitment and turnover. This study was conducted 

in five permanent monitoring plots (1 ha each: total 
5 ha) in the Rio Doce State Park (RDSP), the most 
continuous Atlantic Forest remaining in Minas Gerais, 
Brazil and considered one of the world’s hotspots. The 
aboveground biomass ranged from 201 Mg/ha in the 
primary forest to 92 Mg/ha in the secondary forest. 
The recruitment rate (1.8) was higher than the morta-
lity rate (1.1); however, the average diameter of dead 
trees was higher than that of the recruited trees. Not-
withstanding this result, the internal diametric incre-
ment (ingrowth) in RDSP was compensated by the 
biomass loss of dead trees, producing positive growth 
in the annual biomass and increasing their carbon 
stocks by 1.0 Mg C/ha/yr. Interest in conservation and 
management of tropical forests has intensified since 
the 2007 IPCC results. Thus, our study provides data 
that will help calibrate the use of international metho-
dologies in local projects using data previously col-
lected with a standardized methodology.  
 
Keywords: Aboveground biomass, carbon stock, per-
manent monitoring plots, tropical forest.  
 
TROPICAL forests store millions of tonnes of carbon and  
account for approximately 40% of all terrestrial carbon in 
terrestrial vegetation1. In natural cycles, the biomass 
stock ensures a balance in the carbon cycle through dyna-
mic exchanges with the atmosphere. Forest dynamics is 
controlled by the balance between turnover, death and  
recruitment rates – essential components of net primary 
production (NPP)2.  
 Recent studies suggest that turnover and growth rates 
of tropical forests have increased in the last few decades 
due to stimulation of forest growth caused by increase in 
CO2 concentrations in the atmosphere2–6. However, 
Feeley7 demonstrated that growth rates for forests in  
Panama and Malaysia have declined due to a decrease  
in precipitation and an increase in the minimum daily 
temperature.  
 Changes in tropical forest pattern dynamics can result 
in consequences for the biodiversity and economy of the 
planet. Biomass and biodiversity loss in forests due to 
burnout and deforestation, for example, affects the natu-
ral regime of the hydrologic cycle. Tropical forests play 
an important role in the control of rain precipitation 
through the release of volatile organic compounds 
(VOCs). VOCs function like cloud condensation nuclei 
and effectively control precipitation and cloud condensa-
tion formations8. Without this system of water replenish-
ment, the whole hydrologic cycle can be compromised, 
resulting in a process of forest desertification.  
 The Atlantic Forest, a diverse tropical forest located in 
the Brazilian coast and inland, has high levels of biodi-
versity, endemism and environmental impacts. This forest 
is one of the world’s biodiversity hotspots9, and has only 
8% of its original area. There are strong economic and 
social demands to use the remnant lands despite the effort 


