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Abstract : This paper presents result of quantitative structure-activity relationships (QSAR) study realized with the
PRECLAV, omega, brood and MOPAC software. The dependent property is the inhibitory activity against human carbonic
anhydrase mitochondrial isoforms VA. The calibration set includes 12 2-substituted-1,3,4-thiadiazole -5-sulfamides
heterocyclic with two clinically used CA inhibitors namely AZA, and ZNS molecules. The prediction set contains nine
others not yet synthesized substituted heterocyclic sulphonamides having unknown observed values of activity. In the
presence of prediction set, the predictive quality of QSAR of hCA VA (r2 = 0.9528, F = 60.5698, r2CV = 0.9052) is
large. The obtained models suggest a slightly different inhibition mechanism for the isoforms. Large percentage, in weight,
of C2HN3 molecular fragments seems to be  not favorable to inhibitory activity of VA.
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Introduction

There are 16 -carbonic anhydrase (CA, EC 4.2.1.1)
isoforms present in mammals, CA I-CA XV, A two CA
isozymes, VA and VB, are present in mitochondria1–5.
These two isozymes are involved in several biosynthetic
processes, such as ureagenesis, gluconeogenesis and
lipogenesis1,2,6–8. As hCA VA/VB are involved in sev-
eral biosynthetic processes catalyzed by pyruvate carboxy-
lase, acetyl carboxylase and carbamoyl phosphate syn-
thetases I and II, providing the bicarbonate substrate to
these carboxylating enzymes involved in fatty acid bio-
synthesis, their inhibition may lead to the development of
anti-obesity agents possessing a new mechanism of ac-
tion8. Inhibition data for classical sulphonamide CA in-
hibitors (CAIs) used clinically, such as AZA. Supuran et
al.  reported  the synthesis of 1,3,4-thidiazole sulfamides
possessing various 2-substitutents9,10. This scaffold has
been chosen as it is present in one of the most investi-
gated and powerful CAI, acetazolamide AZA, used clini-
cally since 1956 and also because its binding to the en-
zyme is effective, sulphonamides possessing varied struc-
tures, incorporating act as potent inhibitors of human mito-
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chondrial isoforms VA. Such compounds may be useful
for the development of novel anti-obesity therapies9. The
prediction set includes molecules having unknown ob-
served values of dependent property. The quantitative
structure-activity relationships (QSAR) studies can be made
in absence or in presence of certain prediction set. In the
absence of the prediction set, the purpose of QSAR stud-
ies is the identification of the molecular features with the
highest impact (favourable or unfavourable) on the bio-
chemical activity. In the presence of the prediction set,
the purpose is to identify the prediction set molecules
having the largest computed activity. The search for new
human mitochondrial isoforms VA inhibitors is important
for medicinal chemistry. Therefore, the structures of the
prediction set molecules were selected mainly by their
possibility to be synthesized in laboratory conditions and
taking into account the commercial availability of the raw
materials.

The calibration set and the prediction set

Supuran reported for the first inhibition study against
mitochondrial isoform hCA VA with 2-substituted-1,3,4-
thiadiazole-5-sulfamides with clinically use CA inhibitors
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such as AZA and ZNS (Table 1) were included in the
calibration set. The inhibitory activity (as KI values, in
the micromolar range for isozymes) was expressed by
means of the equation A = log (c/K), where c was taken
as 42000 in order to obtain large values of ‘A’. The inhi-
bition constant value ‘A’ of the molecules under the study
spanned a range from 1 to 4 is more suggestive. In the
above mentioned study9 it has been also observed that
sulphonamides of type 1-12 (Table 1) act as hCA VA
inhibitors, with variable efficacies, depending on their
chemical structure. The prediction set contains 8 other
not yet synthesized substituted heterocyclic sulphonamides
generated by Brood10 software (version 2.0.0, open eye
science software, Santa Fe, USA), having unknown ob-
served values of activity (Table 1) and structure presented
in Fig. 2. Brood11 uses the shape and attachment geom-
etry of the query fragment to identify a family of similar
fragments. The discovery of novel bioactive molecule is
the primary goal of computational drug discovery.

Descriptor calculation and quality of the model

The minimum energy geometry for each of the mol-

ecule in the calibration and prediction set was obtained
by the conformational search ability of the Omega v.2.4.
312–14 program. The isomeric SMILES notation was used
as program input in order to avoid any influences on con-
formational model generation by presenting 3D seed struc-
tures. The omega employs a rule-based algorithm in com-
bination with variants of the MMMF 94. The force field
used was the 94s variant of the MMMF_NoEstat12–14 in-
cludes all MMFF terms except coulomb interactions. The
conformations of minimum energy obtained by molecular
mechanics calculations were further optimized by quan-
tum chemical calculations. The semi empirical PM6
method15 included in the MOPAC2009 software16 opti-
mized the geometry more rigorously. The criterion for
the energy cutoff during PM6 minimization is completed
with the following sequence of keyword. Based on the
output files created by MOPAC, the PRECLAV software
calculated, for each molecule, more than 1000 whole
molecule descriptors, specific to this program17,18. The
PRECLAV software was used for identification of the
‘significant’ molecular fragments and for statistical com-
putations. PRECLAV divides the analyzed molecules into

Table 1. Value of the predictors, observed inhibition constant (in M) and their corresponding A value where A = log (42000/KA),
estimated inhibition  constant (A), hat diagonal, standardized residual, |RStudent| of the calibration set molecules 1-12 of hCA VA and

predicted value and hat diagonal of 13–20 bot yet synthesized compounds

      

Compd. no. R Obs. Pred. Res. Residual RStudent Diagonal Compd. no. Predicted. Hat Diagonal

1 H 3.172 3.253 –0.082 –1.1553 –1.1839 0.3066 13 3.884 0.2728

  2* Et 3.351 3.357 –0.006 –0.0766 –0.0717 0.1499 14 4.126 0.5496

3 t-Bu 3.606 3.55 0.056 0.6974 0.6732 0.0985 15 4.016 0.3989

4 CF3 3.76 3.725 0.035 0.4744 0.4501 0.2576 16 3.67 0.1467

  5* MeS 3.118 3.166 –0.048 –0.861 –0.8455 0.566 17 4.126 0.5503

6 EtS 3.655 3.503 0.152 1.9275 2.4637 0.1411 18 3.666 0.1457

  7* Ph 3.66 3.67 –0.011 –0.1362 –0.1276 0.1467 19 3.977 0.5075

8 4-MeOC6H4 3.72 3.726 –0.005 –0.0775 –0.0725 0.3242 20 3.577 1.0959

9 4-Br-C6H4 4 4.095 –0.095 –1.7001 –1.9898 0.5639

10 MeSO2 3.684 3.607 0.077 1.0259 1.0297 0.2265

11 AZA 2.824 2.818 0.006 1.3248 1.4026 0.9968

12 ZNS 3.322 3.401 –0.078 –1.0462 –1.0533 0.2223

AZA acetazolamide ZNS zonisamide
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Fig. 1. Correlation of observed vs estimated KI in the calibration
set and validation set.

1 2 3 4 5

6 7 8 9

Fig. 2. Predicted compound.

virtual fragments using an algorithm reported earlier19,20.
The virtual fragments identified by PRECLAV do not
always coincide with the classical functional groups. The
presence of a significant fragment in the molecule greatly
influences (in a positive or negative way) the inhibitory
activity of the molecule.

The program PRECLAV computes type (2) multilinear
QSARs.

k

A = C0 + Ci • Di (1)

i=1

where A is (the value of) activity; C0 is the free term
(intercept); Ci are coefficients (weighting factors); Di are
(the value of) significant descriptors; k is the number of
descriptors.

The square of Pearson linear correlation r2 of ob-
served/computed values, the Fisher function F, the stan-
dard error of estimation SEE, and the quality function
Q18 are criteria for the quality of prediction for the mol-
ecules in calibration set.

JICS-13
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F = r2/(1 – r2) • (N – p)/p (2)

SEE = [(2)/(N – 1) ]1/2 (3)

Q = r2 • (1 – p/N) (4)

where p is number of descriptors; N is number of mol-
ecules in the calibration set;  is difference Aobs – Acalc.

The descriptors included in the best (by Q function)
QSAR are named ‘predictors’.

The relative utility of predictors is computed by the
formula (6).

U = (R2 – r2)/(1 – r2) (5)

where R2  is the square of Pearson correlation between
the observed values and the computed values (using p
predictors), r2 is the square of Pearson correlation be-
tween the observed values and the calculated values (us-
ing the p-1 predictors, i.e. the QSAR equation without
the analyzed predictor).

After computation of U18 for each predictor, the val-
ues of U are normalized by the highest of them (the high-
est value for U becomes 1000). The predictors with high
enough value of U (U > 500) can be considered ‘with
high relative utility’. These predictors are useful because
they correlate well with Aobs values and present low cor-
relation with other descriptors.

PRECLAV18 calculates square of cross-validated cor-
relation r2CV using LHO (Leave Half Out) method. How-
ever, this usual method is applied after ordering of mol-
ecules in calibration set according to the observed values
of activity. Therefore, the cross-validated function r2CV
is a measure of homogeneity of calibration set from the
point of view of predictors’ set, i.e. from the point of
view of structure-activity relationship. A low value (<0.4)
of r2CV means ‘the QSAR for molecules having high val-
ues of activity and the QSAR for molecules having low
values of activity include the same descriptors, but very
different weighting factors’. Actually, the computation of
r2CV is a very drastic ‘internal validation test’.

After computing the Acalc values of the activity for the
prediction set molecules, the program computes the aver-
age value Acalc

m and the standard deviation  of the esti-
mated values. The program considers ‘high values’ the
values fulfilling the criterion (7) and ‘low values’ the val-
ues fulfilling the criterion (8).

Acalc > Acalc
m + 0.5 •  (6)

Acalc < Acalc
m – 0.5 •  (7)

Therefore, each estimated value Acalc is ‘high’ or ‘low’
not in absolute manner, but relating to the other estimated
values18.

Applicability of domain and detection of outliers

A QSAR model can be used for showing new com-
pounds if its domain of application is defined19,20. The
need to characterize the model applicability domain is
also reflected in the OECD guiding principle for QSAR
model validation21,22. QSAR model should only be used
for making predictions of compounds fall within the speci-
fied domain may be considered reliable. Extent of ex-
trapolation23,24 is one simple approach to define the ap-
plicability of the domain. It is based on the calculation of
the hat diagonal (leverage) hi for each chemical, where
the QSAR model is used to predict its activity :

hi=¼xi
T(XTX)–1xi (8)

In eq. (8), xi is the descriptor-row vector of the query
molecule and X is the k x n matrix containing the k de-
scriptor values for each one of the n training molecules. A
hat diagonal (leverage) value >3(k + 1)/n leverage warn-
ing limit22 is considered large.

Outliers are compounds that are poorly fit by the re-
gression model. Outlying compounds should not be re-
moved unless a good reason for their removal can be
given. The variance of the observed residuals is not con-
stant. This makes comparisons among the residuals diffi-
cult. One solution is to standardize the residuals25,26 by
dividing by their standard deviations. This gives a set of
standardized residuals. The cross-validated LOO standar-
dized residuals is a |RStudent| that has the impact of a
single observation removed from the mean square error.
A molecule is defined as an outlier in which |RStudent|
> 226.

To visualize the applicability of domain of a devel-
oped QSAR model, William plot was used. In the Will-
iam plot, |RStudent| versus leverage values (hi) are plot-
ted. This plot could be used for an immediate and simple
graphical detection of both the response outliers and struc-
turally influential compounds in a model.  It must be noted
that compounds with high value of leverage and good
fitting in the developed model can stabilize the model.
On the other hand, compounds with bad fitting in the
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developed model may be outliers. Thus, combination of
leverage and the |RStudent| could be used for assigning
the applicability of domain.

Results and discussion

The statistical computations were conducted using the
specific formulas and procedures of PRECLAV program
algorithm. Using only the “significant” descriptors.
PRECLAV computes ten thousand QSAR type (3)
multilinear equations. The quality of the obtained equa-
tion is reflected by the value of the Q function and also by
values of some usual statistical functions. During the
PRECLAV MLR analysis, I observed that the 3-paramet-
ric model has the highest value of the Q function for hCA
VA inhibitors and also has the highest predictive power as
follows :

Dependent property : Inhibition  constant (A) for hCAVA

Molecules number in calibration set : 12

Number of “significant” descriptors in presence of set :
277

A = –0.4755 – 2.3604(acc) +0.6371(mot) – 0.168 (scj)

acc = Minimum net charge of heteroatoms (U = 1000),

mot = Molecular mass weighted moment of inertia C
(U = 993),

scj = Number of single conjugated bonds (U = 859);

SEE = 0.0725 r2 = 0.9528 F = 60.5698, r2CV =
0.9052, rpred2 : 0.89914

SEE = Standard error of estimation, r2 = Pearson
square correlation, F = Fisher function, r2CV = Pearson
cross validated square correlation (Leave one out method),
rpred2 = predictive r2.

According to algebraic sign of coefficients in QSAR
formula and the value of utility U the main factor in influ-
ence on activity value is the minimum net charge of
heteroatom’s and molecular mass weighted moment of
inertia C and  number of single conjugated bonds play
dominant role to activity. Molecular fragments C2HN3
not favorable for the activity and this fragment cotain
AZA so this compound has low activity .

Validation of the computation procedure

For the validation of the method, I have proceeded to
a QSAR study with a validation set and reduced calibra-
tion set. The validation set was extracted from the ho-
mogenized calibration set. In bold letter with star contain-

ing compound in Table 1 are selected for validation set
(Compd. no 2, 5 and 7). The selection of the validation
set should be such that it captures all the features and
characteristics of the whole set of molecules. From the
point of view of them considerations discussed here, the
most significant is the correlation between the calculated
and the experimental values of hCA VA inhibitory activity
for the molecules in the validation set. In Table 2 and Fig.
1 there are listed the calculated values and the experimental
values of the hCA VA inhibitory power for the molecules
in the validation set. I have found good predictive r2.

Applicability domain :

I used |RStudent| of observed inhibitory activity cal-
culated by the obtained models and hat diagonal (lever-
age) for assigning applicability of domain (AD). Values
for leverage have been calculated for both calibration set
and prediction set compounds showing in Table 1. Appli-
cability of domain for the developed model of calibration
set is shown in William plot Fig. 3. Influential compounds
are points with leverage value higher than the warning

Table 2. Observed/estimated values of hCA V inhibitory activity
(A) for the molecules in the training and test set

Training set Test set

Compd. Obs. Est. Compd. Obs. Est.

no. no.

1 3.172 3.274 2 3.39 3.351

3 3.606 3.566 5 3.256 3.118

4 3.76 3.705 7 3.696 3.66

6 3.655 3.543

8 3.72 3.763

9 4 4.075

10 3.684 3.592

11 2.824 2.819

12 3.322 3.405

Fig. 3. |RStudent| of observed vs hat diagonal applicability do-
main.
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leverage limit 1, so outliers are not present. It can be
seen in the William plot; all molecules in calibration set
lie in the application domain of the developed model.
The computed activity of the prediction set compounds is
also within limit of hat diagonal.

Conclusions

In calibration set minimum net charge of heteroatom’s
and molecular mass weighted moment of inertia C and
number of single conjugated bonds play dominant role to
activity. Molecular fragments C2HN3 not favorable for
the activity. Many molecules in proposed prediction set
have much higher computed activity than observed value
and hat diagonal limit.
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