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Abstract

We have attempted to build QSAR models on Tumor-
Associated Carbonic Anhydrase, hCA IX inhibitory
activity. The quality of prediction is high enough (Se =0
2306, * =0.9027, F =40.1919, 1  =0.7716). The virtual
molecular fragment that leads to a significant increase
in the inhibitory activity of hCA IX is C,HN,. The virtual
fragments, Br atom and NO, lead to a significant decrease
of the inhibitory activity value. The innovation of this work
consists in not only exploring the structural attributes of
bioactive molecules but also in its ability to predict in silico
the structures of twenty eight new (not yet synthesized)
compounds which may show Tumor-Associated Carbonic
Anhydrase IX (hCAIX) inhibitory activity. This apart,
search for more suitable compounds was made based on
their pharmacokinetic behaviour and ease of synthesis. The
molecules of the prediction set include many molecules
having high computed activity.
Keywords: CAIX inhibitor; Sulfocoumarins
(1,2-benzoxathiine-2,2-dioxides) QSAR; Preclav; Brood;
Dragon
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Introduction

Coumarins are structurally related to lactones and can be pre-
pared from ortho-hydroxy aldehydes using Perkin reaction. Al-
ternatively, these can be synthesized from resorcinol and ethyl
acetoacetate in presence polyphosphoric acid applying Pech-
mann condensation. Natural sources of coumarins are many and
varied. These are found in higher plants and rich sources are the
Rutaceae family and Umbelliferone. Effective inhibitors of the
metalloenzyme human carbonic anhydrase (CA, EC 4.2.1.1) [1-
3] were found in the natural product secluded from the Austra-
lian plant Leionema ellipticum, (Rutaceae) or the simple unsub-
stituted coumarin. Substituted coumarin such as sulfocoumarins
(1,2-benzoxathiine- 2,2-dioxides) is the most important [4] class
of potent and isoform-selective Inhibitor of Tumor-Associated
Carbonic Anhydrase hCA IX [4]. Our aim was to the give best
QSAR model and design compounds which have higher activity

and good pharmacokinetic properties.
Materials and Methods

We have obtained from literature, the inhibitory activity of 16-
Sulfocoumarin against hCA IX [4]. The QSAR model was de-
veloped by taking in a known structure and a known value of
the inhibitory activity and their structures are shown in Table 1;
By the equation, A = log(c/K)) where ¢ was taken as 700 in or-
der to obtain large values of ‘A, K activity originally determined
in nanomolar values was converted to ‘A. The inhibitory activity
value ‘A’ of the molecules under the study spanning a range from

3 to 5 is more suggestive (Figure 1).

The main aim of computational drug discovery is to find a novel
bioactive molecule. Compounds 15, 13, and 16 of calibration set
displayed better potency towards hCA IX inhibition, as shown
by their low micromolar or submicromolar affinities towards the

enzyme, as evidenced by K s values (Table 1).

The prediction set contains 28 prospective novel Coumarin sul-
fonamide derivatives generated by BROOD?® software, of which
molecules 15, 13 and 17 are more active than others, as shown in
Figure 2, having unknown observed values of activity presented
in Table 1 [1-28].

Dummy variables are represented by drug-like indices taking val-
ue equal to one when all the criteria of the consensus definition
of a drug-like molecule are satisfied, or 0 otherwise. A drug-like

score is a real value ranging from 0 to 1, calculated as the fraction

of criteria satisfied: a score of 1 indicates that a compound is a
good candidate to be a drug, whereas a score of 0 indicates that a

compound will likely not be a drug [6].

Based on their profiles and physical properties which explain the
‘drug-likeness’ and bioavailability, the structures of the proposed
molecules were selected. It is imperative that the investigated
molecules should not be more than 5 hydrogen bond donors,
10 hydrogen bond acceptors and the molecular weight should
not be more than 500. Their partition coefficient (XLogP) in
water/ octanol system should also be less than 5. Several phar-
macokinetic properties- Lipinski violations [7], flexibility as well
as several common measures of bioavailability for each poten-
tial analog were calculated by Dragon. The transport proper-
ties of molecules which are also related to drug bioavailability
are predicted by Topological Polar Surface Area (TPSA). Oral
bioavailability is inversely proportional to TPSA or passively ab-
sorbed molecules with a TPSA lower than 140 A are considered
to have low oral bioavailability. It is imperative that the TPSA
value should not be more than 140 and rotatable bonds should
be within 20. The pharmacopeia which is a measure of bioavail-
ability (XLogP <5.88 and TPSA <131.6) was also carried out on
prediction set molecules.

The index DLS_01 is a drug-like score based on the Lipinski’s
rules [7].

There are more than 5 H-bond donors (nHDon)

There are more than 10 H-bond acceptors (N + O)

Molecular weight (MW) is over 500

Moriguchi's logP (MLogP) is over 4.15

The index DLS_06 is a drug-like score based on rules derived by
the filter proposed in [8]

H-bond donors (nHDon) < 5
H-bond acceptors (N + O) in < 10;
molecular weight (MW) < 500
Moriguchi's logP (MLogP) <5
rotatable bond number (RBN) < 10
polar surface area (TPSA(tot)) < 140
Lipnski Alert index
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Compounds with low probability of useful oral activity because
of poor absorption are identified by Lipinski Alert Index (LAI)
[6-9]. With the aim of obtaining a drug-like index, Dragon also
provides the complementary Lipinski Alert Index (cRo5), which
is calculated as 1 minus LAIL

The Lipinski Alert Index, also known as 'the rule of 5', in the
discovery setting, predicts that poor absorption or permeation is

more likely when:

there are more than 5 H-bond donors (nHDon)
there are more than 10 H-bond acceptors (N + O)
molecular weight (MW) is over 500

Moriguchi's logP (MLogP) is over 4.15

The index DLS_07 is a drug-like score based on the two rules of
the filter proposed in

a) number of rotatable bonds (RBN) < 10, and
b) polar surface area (TPSA(tot)) < 140 A [2] or the sum of
H-bond acceptors and H-bond donors < 12.

For each compound, the minimum energy geometry is
performed by the conformational search capability of the
Omega v.2.4 [12,13] program. In order to avoid any influences
on conformational model generation by presenting 3D seed
structures, isomeric SMILES notation was used as program
input. In combination with variants of the Merck molecular force
field 94, Omega employs a rule-based algorithm [12,13]. The 94s
variant of the MMMF_NoEstat (Merck Molecular force field)
was used as force field [12-14]. It includes all MMFF terms except
coulomb interactions. Obtained through molecular mechanics
calculations, the conformations of minimum energy were
further minimized by quantum chemical calculations. In order
to optimize the geometry more thoroughly, the semi empirical
PM6 method [15] included in the MOPAC 2009 software [16].

In order to compute special molecular properties, as well as
physicochemical, electronic, constitutional, virtual fragmentation
descriptors and whole molecule quantum chemical (global)
descriptors, the energy minimized structure is used. For each
molecule MOPAC [12-16] and PRECLAV [17] programs are
calculated over many descriptors. Different descriptors that are
investigative of molecular structure and are used as independent

variable are the parameters involved in the computation.

Recognition of the “significant” descriptors uses definite

criterion [18]. The “significant” descriptors are those which

are satisfactorily correlated with the dependent property. The
variables having high enough diversity of values are measured
important only if their quality ¢q is high enough.
q>1 (1)
Where,q=(1- minr?) -/ (1 -1?) )
(here, min r? = 0.01) and r? is the square of the Pearson linear
correlation between the values of the analyzed descriptor and the

values of the dependent property.

The experimental information related to biological activity the
QSAR model built by dependent variables. For obtaining the
parameters and for the statistical analysis as reported earlier [19-
28], the PRECLAYV algorthim [17,18] was used.

PRECLAV computes thousands of QSAR equations i.e.
multilinear formula, using only the significant descriptors
[17,18].

The program combines successively sets with 2, 3, ..., k significant

descriptors (1 <k < 11).

The descriptors which are of sufficiently low intercorrelated and
fulfill criteria (2) may be possessed by such a set
1.ij2<N-1/2 (3)

Where: rij2 = square of Pearson linear correlation between the
values of two descriptors present in the Same set and N = number
of molecules in the calibration set (here N = 16). Multilinear
QSAR equation of type (3) is calculated by using each set of
descriptors,
A=C+XC.D, (4

Where: A = a dependent property (here the inhibitory activity
defined above)

C, = intercept (free term)
C, = coefficients to the descriptors (weighting factors)
D, _significant descriptors

k = number of descriptors in the set

This is an important observation. The errors related to regression

coeflicients are not computed by The PRECLAV program.

By the specified method [15], the relative Utility (U) of a
certain descriptor was computed. In estimating the activity
the descriptors having a high value [0-1000] are highly useful

because of their good correlation with activity. In this way,
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significant information about the variation of activity in different

molecules is provided by each useful descriptor.

The ‘quality’ of each QSPR is computed by the usual statistical
formulae. Actually, these formulae are a measure of agreement
of observed/computed values of activity: standard error of
estimation Se, Pearson square correlation r?, Fisher function
F and cross-validated Pearson square correlation r’_.The
concordance between the calculated/observed values has been
calculated using the quality function Q [18] which possesses
values in the interval {-1, 1}.
Q=r?+(N-k)/N (5)
Where r* = Pearson square linear correlation between computed/
observed values, N = number of molecules in the calibration
set (here N=16). The quality Q of the equations increases by
increasing the number of descriptors k. It reaches a maximum,
and then decreases. For predictions and descriptors present
in the equation are known as ‘predictors, the equation with
the highest Q was used. The best method to evaluate quality
of regression model is Leave one out (LOO) cross validation.
In this method, a biological activity value is divided into
subsets (number of subsets = number of data points) of equal
size. Homogeneity of calibration set from the point of view of
predictors’ set is calculated by the cross-validated function r*
is a measure of. We can say from the point of view of structure
property relationships. The rank correlation Kendall is also used

to validate the model.

Tarko L. reported that [29,30] PRECLAV divides the analyzed
molecules into virtual fragments using an algorithm. PRECLAV
recognized virtual fragments do not always [15] coincide with
the classical functional groups. The inhibitory activity of the
molecule is predominantly affected by the presence or absence

of significant fragments in the molecule predominantly affects.

fﬁ_'_,_5|=1:l
o

Compound number (1-16)

The similarity of chemical nature between calibration set and
prediction set [31] influence the predictive power of a model
on the new data set. In order to screen new compounds if their
domain of application is defined [32,33], a QSAR model can
be used. In the OECD guidelines for QSAR model validation
[34,35] also emphasize the need to typify the model applicability
domain. QSAR model should only be used for making predictions
of compounds that fall within the particular domain and may
be considered reliable. One simple approach to define-the
applicability of the domain is the extent of extrapolation [36,38].
This is based on the calculation of the hat diagonal (leverage) h,
for each chemical, where the QSAR model is used to predict its
activity [39].

h=1%x"(X"X)"'x, (6)

Where; x, = the descriptor-row vector of the query molecule and
X =k x n matrix containing the k descriptor values for each one
of the n training molecules.

A hat diagonal (leverage) value >3(k + 1) /n (leverage warning
limitis considered large. Outliers are observations that are poorly
fit by the regression model. Unless a proper reason for their
removal is present, Outlying compounds should not be removed.
Comparisons observed between residuals are difficult because
the variance among them is not constant. To standardize the
residuals [40,41] by dividing them by their standard deviations is
one of the solution. This provides a set of residuals with constant
variance. |RStudent| (cross-validated Leave one out standardized
residuals) [40] is a standardized residual that has the impact of
a single observation removed from the mean square error. A
molecule is defined as an outlier in which |RStudent| > 2 [40].
To visualize the applicability of domain of a developed QSAR
model, William plot was used. In the William plot, |RStudent |
versus leverage values (h,) are plotted. This plot could be used
for a direct and simple graphical finding of both the response
outliers and structurally important compounds in a model.

%

Compound number (17-28)
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A
Obs. hat A
Comp. A A Residu R hat Comp. | (predict Comp. hat
R K, Diagona (predicted
No. (obs.) | (Est.) al Studentent | Diagonal | No. ed No. Diagonal
(uM) 1 Value)
Value)
1. 6-0H 0.3 3.7782 | 3.776 | 0.002 0.01 0.2455 1 4.946 0.1904 17. 4.401 0.0711
2. | 6-MeSO3 | 0.324 | 3.7447 | 3.594 | 0.151 | 0.6152 | 0.1431 2 5108 | 0.2964 | 18. 4.953 0.2941
3. 5,6-benzo | 0.375 | 3.6812 | 3.438 | 0.243 1.046 0.1789 3 4.664 0.1036 19. 4.969 0.6389
4. 6-Br 6.88 | 2.4177 | 3.001 | -0.583 -6.3761 0.4575 4 5.484 0.628 20. 5.201 0.7325
5% 6-O2N 3.77 | 2.6789 | 2.627 | 0.051 0.5107 0.8565 5 5.392 0.5005 21. 4.265 0.1043
6. 6-H2N | 0.046 | 4.5925 | 4.356 | 0.237 1.3523 0.507 6. 5.215 0.4857 22. 4.194 0.2203
7. Ph 0.029 | 4.7929 | 4.551 0.242 0.9973 0.1174 7 5.297 0.7077 23. 4.679 0.127
8. COOMe | 0.095 | 4.2775 4.17 0.108 0.4487 0.1922 8 5.087 0.2937 24. 3.919 0.5149
9. COOEt | 0.086 | 4.3208 | 4.22 0.101 0.3953 0.0814 9 4.664 0.1592 25. 3.931 0.2734
10.% Me3Si 0.06 | 4.4771 | 4.763 | -0.286 -1.2818 0.209 10. 4.831 0.1568 26. 3.373 0.6055
11. HOCH3 | 0.058 | 4.4918 | 4.471 | 0.021 0.0823 0.1438 11. 4.377 0.1426 27. 3.82 0.182
12. Et2NCH2 | 0.025 | 4.8573 | 5.096 | -0.239 -1.0445 0.2078 12. 4.737 0.221 28. 4.263 0.1834
4F3COC
13. 0.074 | 4.386 | 4.381 0.005 0.0214 0.1415 13. 4.731 0.2324
6H5
4-MeO-
14. 0.018 5 4.95 0.05 0.2092 0.2027 14. 4.726 0.2574
C6H4
3-F3C-
15. 0.048 | 4.574 | 4.415 | 0.159 0.6575 0.1568 15. 5.366 1.3282
C6H4
3-MeO-
16.% e 0.049 | 4.5651 | 4.827 | -0.262 -1.1203 0.159 16. 4.518 0.3048

Table 1: Value of the Predictors used in QSAR study of Calibration set and prediction set and CA IX activities (in uM and and CA IX
activities (in pM and A =1og700/c), Estimated activities, hat diagonal, Standardized Residual, R|Student| of the calibration set molecules
[1-16] with predicted Value (A) of the not yet synthesized ones [17-28]

Results and Discussion

Using the specific formulae and procedures of the PRECLAV
program algorithm, the statistical computations were conduct-
ed. Using only the “significant” descriptors, PRECLAV com-
puted ten thousand QSPR type (3) multilinear equations. The
quality of the obtained equations can be reflected by the value
of the Q function and also by the values of some usual statistical
functions. During the PRECLAV MLR analysis, it was observed
that the equation with the highest value of the Q function is a
3-parametric model and also that this model holds the highest

predictive power, which is as follows:

Dependent property: hCA IX inhibitory activity, Molecule num-

ber in calibration set: 16

Number of “significant” descriptors in the presence of prediction
set =242

A =2.0212+ 0.1232 (D1) +0.6374 (D2) -0.4514 (D3)

Whereas the quality of correlation is described by the statistical

indices:
Se =0.2306, r* =0.9027, F =40.1919, r* =0.7716 K =0.7833

Se = standard error of values, r’=Pearson square correlation, F =
Fisher function, 1’ = Pearson cross-validated square correlation

(Leave one out method), K = Kendall rank correlation,

D1=RDF010s (U=805); D2=RMS (U=1000); D3= nsn (U= 220)
D1 = RDFO010s; Radial Distribution Function - 010 / weighted by
I-state RDF descriptors Weighted by I-state(U=805)

D2 = pon RMS of distances to geometric center (H and halogen
atoms) (U=1000)

D3 = nsn Minimum net charge of N atoms(u=220)
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Comp. lip | lipsn DLS | DLS_ | DLS_ nH
Logp | TPSA RBN | MW | cRo5 nH Acc | MLOGP
No. A | akyd 01 06 07 Don
1 2.98 91.69 7 0 3 403.87 1 1 1 1 0 6 2.912
2 3.01 91.69 7 0 3 417.9 1 1 1 1 0 6 3.14
3 2.7 91.69 7 0 3 405.41 1 1 1 1 0 8 2912
4 279 | 91.69 | 7 0 4 397.49 1 1 1 1 0 6 3.14
5 1.92 94.93 8 0 4 398.48 1 1 1 1 0 7 2.164
6 241 | 102.69 | 7 1 2 438.31 1 1 1 1 1 6 3.14
7. 1.36 | 102.69 | 7 1 2 355.4 1 1 1 1 1 6 2.443
8 1.68 | 102.69 | 7 1 2 375.81 1 1 1 1 1 6 2.443
O 2.62 82.46 6 0 2 373.84 1 1 1 1 0 5 3.171
10. 2.25 82.46 6 0 2 339.4 1 1 1 1 0 5 2.934
11. 2.56 82.46 6 0 2 359.81 1 1 1 1 0 5 3.202
12. -0.39 | 98.67 7 1 4 319.37 1 1 1 1 1 6 0.898
13. -0.69 | 102.69 | 7 1 3 293.33 1 1 1 1 1 6 0.844
14. 0.83 | 100.66 | 6 2 2 312.75 1 1 1 1 2 5 1.331
15. -0.56 | 128.71 | 8 2 2 294.32 1 1 1 1 3 7 1.439
16. 1.14 89.8 6 1 2 326.78 1 1 1 1 1 5 1.595
17. 0.71 91.69 7 0 3 307.36 1 1 1 1 0 6 1.928
18. -1.16 | 12555 | 8 1 2 292.3 1 1 1 1 2 7 0.413
19. 0.2 89.8 6 1 3 306.37 1 1 1 1 1 5 1.059
20. -0.07 | 120.12 | 7 2 2 279.33 1 1 1 1 4 5 -2.309
21. 0.92 86.64 6 0 1 290.32 1 1 1 1 0 5 1.126
22. 1.95 80.43 5 1 1 296.75 1 1 1 1 1 4 2.103
23 1.72 93.32 6 1 2 291.36 1 1 1 1 1 5 2.687
24. 1.51 82.46 6 0 1 313.31 1 1 1 1 0 7 2.955
25. 1.55 82.46 6 0 2 313.31 1 1 1 1 0 7 2.955
26. 1.22 82.46 6 0 1 317.27 1 1 1 1 0 8 2.821
27. 046 | 10422 | 6 1 1 273.29 1 1 1 1 1 5 0.984
28. 1.46 82.46 6 0 3 291.36 1 1 1 1 0 5 2.687

nHDon: number of donor atoms for H-bonds (N and O); nHHAcc: number of acceptor atoms for H-bonds (N,O,F); MLOGP: Moriguchi
octanol-water partition coeff (logP); TPSA: Topological Polar Surface Area;

MW: Molecular Weight; logp: An octanol/water partition coefficient; lipA: hydrogen bond accepters

lipsnakyd-hydrogen bond donors; RBN: Rotatable Bonds

Table 2: Drug like descriptor

SCIENTIFIC EMINENCE GROUP | www. scientificeminencegroup.com Volume 1 Issue 1
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Figure 1: Predicted compound
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Figure 2: Graphs of observed vs. estimated activity in the calibration set and validation set
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Figure 4: Normal Probability Plot of Residuals of obs
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Figure 5: Selected area shows the most active side of compound

The positive correlation of the D1 predictor shows that the
increase of the value of this descriptor increases the activity, the
high value of this predictor is compound no.12 and 14: these
are most active compounds. This predictor has higher usability
descriptor (U=1000). The positive correlation of D2 predictors
(U=805) shows that an increase in the value of this descriptor
increases the activity. Compounds 10, 11, 12 and 14 have a high
value of this predictor; nsn is a very low value of the utility so this

is not influential descriptor.

The molecules in the analyzed database include 20 molecular
fragments.There are 3 significant molecular fragments. In
the presence of the chemical and statistical outliers, the most
significant molecular fragments by correlation of the 'mass

percents' and 'Property values are

Fragment atoms Specimen  Correlation
C2HN3  comp. 8. to 16out  0.7205
Bratom comp.4.out -0.6304

NO2 comp.5.out -0.5361

Here, it can be seen that the low activity found in observed
values is in data set, comp.4 and comp. 5. Drug like descriptor,
Logp, TPSA, Lipinsky A, Lipinsky D, RBN, MW, cRo5,
DLS_1,DLS_06,DLS_07, nHDonor, n acceptor M log p are all

within the range and show excellent result.

In this work, the molecules with rank 3,5,10 and 16 for QSAR
study constituted the validation set and the remaining molecules
formed the reduced calibration set. All the features and spanned
the activity range of the entire dataset were captured by the

validation set of 04 molecules (22% of the database). It can be

assumed that the reduced calibration set obtained in this method
is a representative sample for the calibration set. The reduced
calibration set was formed by the remaining 12 molecules. In
the presence of a validation set, the most important tool is the
correlation between the estimated and experimental values of
QSAR equation for the molecules in the validation set. In the
presence of the validation set, we obtained the three parametric
models for the reduced calibration set (for 12 molecules) with
the predictors used in the above QSAR study and these results

were obtained:
QSAR #2 1 =0.90942; F=26.77215;Se= 0.2464; r*  =0.84128

Hence, it can be inferred that the estimated values for the
molecules in the validation set are close to the experimental ones
and we have put the molecules in a series alike, in the order of
the actual CAIX inhibition activity value. This was confirmed by
graph (Figure 2) between observed and estimated values of the
calibration set and the validation set. The predictive r*r*, > 0.5)
parameter indicates significant ability of the developed model to
predict the CAIX inhibition activity (log inhibition constant) of

new compounds.

|RStudent| of observed inhibitory activity and Hat diagonal
(leverage) are used to assign applicability of domain (AD). Table
1 shows the values for leverage calculated for both calibration set
and prediction set compounds. The applicability of domain for
the developed model of calibration set is shown by the William
plot (Figure 3). The Influential compounds are the points with
leverage value higher than the warning limit. Therefore no
outlier present in calibration set except comp. no. 5 but as the R

Student is within limit, we have not considered it as an outlier.
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It is shown in the William Plot that all molecules in calibration
set lie in the application domain of the developed model. The
predicted compound shows that diagonal is within the limit
(0.75) except the compound 15 but this compound shows not
only good predicted activity but also excellent pharmacokinetic

values. Because of this, we have considered it.

In case the residuals are normally distributed, the data points of
the normal probability plot will fall along a straight line through
the origin with a slope of 1.0 [40]. Deviations, if any, from this
point reflect departure from normal position. Stragglers at either
end of the normal probability plot indicate outliers; curvature
at both ends of the plot indicates long or short distributional
tails, convex or concave curvature indicates a lack of symmetry,
and gaps or plateaus or segmentation in the normal probability
plot may require a closer examination of the data or model [40].
Figure 3 shows the graph in corroboration of what we have
mentioned above. In figure 5, selected area of the compound 4

has been shown, which depicts the active side of compound.

Conclusion

Statistically, significant linear QSAR models imply the proposal
of CA IX activity for data representation, data modeling and data
prediction. The predicted compounds show excellent drug like

properties, as indicated by high values of different parameters

applied. In a way, the result of the study has offered a range of
compounds ready to be synthesized for inhibition of the insidi-
ous, tumour- related hCAIX.

Polarity plays dominant role for the activity and C HN, fragment
is favorable for the CA IX activity whereas Br atom and NO,

group are not favorable to activity.

Thus, an attempt has been made to design and develop novel
drugs against CA IX activity on a rational basis so as to mitigate
the test and fault issue and predict the biological activity before

synthesis.
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