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Abstract—The binding constants (log K) of benzene sulfonamides to human CA-II have been modeled using a large series of dis-
tance-based topological indices. The need or otherwise of the hydrophobic parameter (log P) for such topological modeling of log K
has been examined critically. In both the cases excellent results have been obtained. In multiparametric models involving indicator
parameters we observed that introduction of hydrophobic parameter (log P) yields much improved statistics. The results are dis-
cussed on the basis of statistical parameters and also by using cross-validation method.

© 2004 Elsevier Ltd. All rights reserved.

1. Introduction

It is well established that now a days the quantitative
structure—activity relationship (QSAR) study is a major
field of research in medicinal chemistry and drug design.
This methodology is very helpful in screening a large
library of possible drug candidates for selectivity and
potency.!!” In this methodology mathematical models
are formed that correlate molecular structure to an
activity, toxicity, or property of interest. Molecular
structure is invaded through the generation of descrip-
tors, which are numerical values corresponding to topo-
logical, geometric, or electronic structural features. The
goal of QSAR methodology is to develop several QSAR
models to predict activities of a compound. In the last
two decades, QSAR modeling based on topological
(graph theoretical) indices has shown an explosive
growth. According to Trinajstic and co-workers,'® two
factors greatly influenced research in this area. The first
one was a rapid progress of chemical graph theory and
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the second was an amazing advance of computer tech-
nology, especially in terms of the portability and perfor-
mance of PCs (Personal Computers).

Looking to the potential of QSAR methodology, one of
us has carried out extensive work on the inhibition
power of carbonic anhydrases.'® The parameters used
therein are mostly non-topological parameters. Very
recently we observed that distance-topological
parameters. based topological indices are best suited
for this purpose.?’28

Some cases of the use of information theoretic indices
were also reported in the literature.?’ The present study
is, therefore, the extension of our earlier work related to
the use of topological indices in modeling binding
constant (logK) of benzene sulfonamides to human
CA-II (Table 1).

At this stage it is worthy to mention that a topolo-
gical index is a single number, derived following a
certain rule, which can be used to characterize the
molecule.3°32 A plethora of topological indices have
been proposed so far.3* The calculations of these indices
are well documented in the literature.>* In the present
study we have used Wiener (W)-,3> Szeged (Sz)-,3¢38
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Table 1. Sulfonamide, their binding constant to human CA-II (in log
units; logK) lipophilicity (logP), and indicator parameters
(IP;,IP,,1P3)

Compdno R logk logP IP; 1P, 1IPs
1 H 6.69 021 1 0 0
2 4-Me 7.09 0.69 1 0 0
3 4-Et 7.53 1.31 1 1 0
4 4-nPr 7.77 1.64 1 0 0
5 4-nBu 8.30 245 1 0 0
6 4-nAm 8.86 297 1 0 0
7 4-COOMe 7.98 0.64 1 0 0
8 4-COOEt 8.50 1.17 1 0 0
9 4-COOnPr 8.77 .75 1 0 0
10 4-COOnBu 9.11 234 1 0 0
11 4-COOnAm 9.39 271 1 0 0
12 4-COOnHe 9.39 323 1 0 0
13 4-CONHMe 7.08  —0.31 1 0 0
14 4-CONHEt 7.53 0.03 1 0 0
15 4-CONHnPr 8.08 0.51 1 0 0
16 4-CONH#nBu 8.49 1.05 1 0 0
17 4-CONHnAm  8.75 1.54 1 0 0
18 4-CONHnrHe 8.88 2.05 1 0 0
19 4-CONHnHp  8.93 257 1 0 0
20 3-COOMe 5.87 0.62 0 1 0
21 3-COOEt 6.21 .11 0 1 0
22 3-COOnPr 6.44 1.72 0 1 0
23 3-COOnBu 6.95 224 0 1 0
24 3-COOnAm 6.86 271 0 1 0
25 2-COOMe 441 045 0 0 1
26 2-COOEt 4.80 072 0 0 1
27 2-COOnPr 5.28 1.49 0 0 1
28 2-COOnBu 5.76 201 0 0 1
29 2-COOnAm 6.18 255 0 0 1

Me—methyl, Et—ethyl, Pr—propyl, Bu—butyl, Am—pentyl, He—
hexyls, Hp—heptyl; log K—logarithm of binding constant (K) to
human CA-II, log P—lipophilicity (hydrophobic parameter), IP;, IP,,
IP;—indicator parameter for the presence (=2) or absence (=0) of
substitution at 4-, 3-, and 2-position, respectively.

Padmakar-Ivan (PI)->*#' Randic connectivity (%, 'y, %)-*2
and Kier Hall valence connectivity (%2 5% 27%)->* indices.
In addition, we have used three indicator parameters
(IPy,1P,,IP3) related to substitution at 4-, 3-, and 2-
position, respectively. These indicator parameters carry
only two values, 1 in presence and zero in absence of
that structural feature.

Recently Hansch et al.** have published a very interest-
ing review related to chem-bioinformatics and QSAR in
that they have critically reviewed QSAR lacking positive
hydrophobic term. Hansch is considered as the father of
QSAR and used non-topological parameters for his
extensive work on QSAR. The approach used by
Hansch school has been to use the electronic and steric
parameters developed by physical organic chemists
together with hydrophobic parameters based on octa-
nol/water partition coefficients. In the review,** Hansch
has stated that, it seems timely to examine those instances
where hydrophobic terms are not significant. To the belief
of Hansch at this point in time, further advances in
understanding biological QSAR can best be attained
by comparative study. Consequently, another objective
of our study is to investigate need or otherwise of hydro-
phobic parameter (log P) in modeling binding constant

(logK) of benzene sulfonamides (Table 1) to human
CA-II. Needless to state that this will be a comparative
approach for which we have used maximum R* method
followed by cross-validation.*> The results are discussed
below.

2. Results and Discussion

The set of the benzene sulfonamides used in the pres-
ent investigation are recorded in Table 1, and their
structures are shown in Figure 1. This Table 1 also
contains binding constant to human CA-II (logK) and
lipophilicity (logP) taken from the literature.*® The
assumed indicator parameters (IP;,1P,,IP;) are also
recorded in Table 1. Based on the log K values the fol-
lowing order of binding constant to human CA-II can
be proposed:

1=12>10>19>18>6>9>17>8>16
>5>15>7>4>3=14>2>13>23>24
>1>22>21>29>20>28 >27>26>25

(1)

This Eq. 1 shows that substitution effect due to 4-COO-
nAm and 4-COOnHe is similar and both these constitu-
ents exhibit highest value of log K. On the other hand
substitution of 2-COOMe yields lowest logK value.
Also, that 4-COOEt and 4-CONHEt have similar effects
in the exhibition of logK. Eq. 1, however, does not
establish any structure-activity relationship. Conse-
quent to this we have used distance-based topological
indices (Table 2) for this purpose. Out of the nine topo-
logical indices, three are first-generation topological
indices, while the remaining six are second-generation
topological indices.*’*® Compared to first-generation
topological indices, the degeneracy observed in the sec-
ond-generation topological indices are comparatively
small. Balaban*’ has shown that such topological indi-
ces in spite of their observed degeneracy can be success-
fully used in developing QSAR models. This is so in the
present case also.

Because of the dual objective of the present study fur-
ther discussion will be made under two headings: (i)
modeling without hydrophobic parameter that is log P
and (ii) modeling with the inclusion of hydrophobic
parameter that is logP. From the comparison of
such results we will arrive at the need or otherwise of
hydrophobic parameter (logP) for modeling binding
constant (logK) of benzene sulfonamides (Table 1) to
human CA-II. In both the cases we have used maxi-
mum-R? method* for obtaining statistically significant
models.

SO,NH,

R

Figure 1. Structure of sulfonamides 1-29 (Me = methyl; Et = ethyl;
Pr = propyl; Bu = butyl; Am = pentyl; He = Hexyl; Hp = heptyl).
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Table 2. Distance-based topological indices for the benzene sulfonamides used in the present study (refer Table 1)

Compd no w Sz PI Oy ly 2y Oy Ty 2y

1 114 177 84 7.6129 4.6052 4.701 5.1888 2.6838 1.8581
2 152 236 104 8.4831 4.999 5.3228 6.1115 3.0945 2.3581
3 201 306 126 9.1902 5.537 5.4919 6.8186 3.6552 2.5425
4 262 388 150 9.8973 6.037 5.8723 7.5257 4.1552 2.939
5 336 483 176 10.6044 6.537 6.2259 8.2328 4.6552 3.2925
6 424 592 204 11.3116 7.037 6.5795 8.9399 5.1552 3.6461
7 316 463 176 10.7676 6.4477 6.3633 7.428 3.661 2.561
8 393 562 204 11.4747 8.9471 6.7437 8.1351 4.2486 2.7899
9 487 676 234 12.1818 7.4477 7.0972 8.8422 4.7486 3.2053
10 596 806 266 12.8889 7.9477 7.4508 9.5493 5.2486 3.5589
11 722 953 300 13.596 8.4477 7.8043 10.2564 5.7486 3.9124
12 866 1118 336 14.3031 8.9477 8.1579 10.9635 6.2486 4.266
13 316 463 176 10.7676 6.4477 6.3633 7.5197 3.7987 2.6485
14 393 562 204 11.4747 6.9477 6.7437 8.2269 4.3593 2.9288
15 487 676 234 12.1818 7.4477 7.0972 8.934 4.8593 3.3253
16 596 806 266 12.8809 7.9477 7.4508 9.6411 5.3593 3.6788
17 722 953 300 13.596 8.4477 7.8043 10.3482 5.8593 4.0324
18 866 1118 336 14.3031 8.9477 8.1579 11.0553 6.3593 4.3859
19 1029 1302 374 15.0102 9.4477 8.5115 11.7624 6.8593 4.7395
20 300 431 176 10.7676 6.4477 6.3752 7.428 3.661 2.5644
21 374 522 204 11.4747 6.9477 6.7556 8.1351 4.2486 2.7933
22 463 628 234 12.1818 7.4477 7.1091 8.8422 4.7486 3.2088
23 568 750 266 12.8889 7.9477 7.4627 9.5493 5.2486 3.5623
24 690 889 300 13.596 8.4477 7.8163 10.2564 5.7486 3.9159
25 284 399 176 10.7676 6.4645 6.3064 7.428 3.667 2.5328
26 354 482 204 11.4747 6.9645 6.6868 8.1351 4.2545 2.7616
27 439 580 234 12.1818 7.4645 7.0403 8.8422 4.7545 3.1771
28 540 694 266 12.8889 7.9645 7.3939 9.5493 5.2545 3.5306
29 658 825 300 13.596 8.4645 7.7474 10.2564 5.7545 3.8842

2.1. Modeling of log K without log P

During the process of regression analysis using maxi-
mum-R> method, first we have obtained several mono-
parametric models (Table 3) none of which gave any sta-
tistically significant model. The results, however, show
the relative power of each of the topological indices
for modeling log K. We observed the following sequence

of such relative potential of the topological indices for
modeling log K:

>Sz>W SIS SPI> > > % (2)
This Eq. 2 shows that second order branching and

presence of heteroatom are favorable for the exhibition
of logK.

Table 3. Regression parameters and quality of correlation for the models without hydrophobic parameter for modeling log K

Model Parameters Se "(R) Rf\ F Q
Mono-parametric regression

1 w 1.2634 0.4734 — 7.9316 0.3747
2 Sz 1.2351 0.5106 — 8.9784 0.4134
3 PI 1.3330 0.3698 — 5.5686 0.2774
4 Oy 1.3523 0.3340 — 4.8868 0.2470
5 Iy 1.3417 0.3542 — 5.2648 0.2640
6 2y 1.3485 0.3413 — 5.0213 0.2530
7 Oye 1.3020 0.4200 — 6.6294 0.3226
8 Ly 1.2659 0.4707 — 7.8601 0.3718
9 20 1.2336 0.5106 — 8.5263 0.4139
Bi-parametric models

10 0y, TP, 0.5010 0.9394 — 97.666 1.8751
11 Ly, 1P, 0.5033 0.9389 0.8724 96.685 1.8655
Tri-parametric models

12 W, Sz, 1P, 0.4745 0.9480 0.8866 73.942 1.9979
13 PI, %, IP, 0.5020 0.9416 0.8730 65.175 1.8757
Tetra-parametric models

14 W, Sz, 'y", IP, 0.4564 0.9540 0.8951 60.701 2.0903
15 W, Sz, %4° 1P, 0.4525 0.9548 0.8968 61.855 2.1100
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Step-wise regression analysis yielded two bi-parametric
models with excellent statistics. The one contains ’y’
and IP; as the correlating parameters, while the other
has 'y’ and IP, as the correlating parameters. The
former is slightly better than the latter and is found
as below:

logK = 2.1443 + 0.4220(40.0623) "
+2.4495(40.1959)1P

n=29, Se=0.5010, R = 0.9394, R’ = 0.8735,

F =97.666, O = 18751

3)

Here and thereafter, n—number of compounds, Se—
standard error of estimation, R—multiple correlation
coefficient, Ri—adjustable—Rz, F—Fishers statistics,
and Q—quality factor. This quality factor Q is
defined*-*" as the ratio of correlation coefficient to the
standard error of estimation that is Q = R/Se and is used
to account for the predictive power of the model. Obvi-
ously, the larger the R, the smaller the Se, the higher will
be Q, and the better will be the predictive power of the
model.

In the above bi-parametric model (Eq. 3) both the
correlating parameters have positive coefficients indi-
cating their favorable contribution in the exhibition
of logK. The positive coefficient of % indicates
that increase in number of atoms and heteroatom
increases log K. Likewise, positive coefficient of indicator
parameter 1P, indicates that substitution at 4-position
increases log K. The results also indicate that a single
parameter ("y") is capable of giving excellent statistics.

The successive regression analysis yielded two tri-para-
metric models (Table 3), both having better statistics
than the bi-parametric model discussed above. Out of
the two tri-parametric models, the one containing W,
Sz, IP; gave better results. Next to this model is the
one containing PI, % and IP;. The former model is
found as

logK = 3.5111 — 0.0215(=£0.0084) 7

+0.0200(£0.0069)Sz + 1.9486(-£0.2289)IP,
n =29, Se=04545 R = 9488, R% = 0.8866,
F=73.942, 0 = 19979

4)

The negative coefficient of ¥ in the above model (Eq. 4)
may be attributed to high colinearity between W and Sz.
Both these indices basically account for size, shape, and
branching and thus steric contribution to the exhibition
of log K. However, W takes account for tree-like (acyc-
lic) side chain and Sz takes care of cyclic nature. Thus,
the presence of cycle and acyclic side chain are favorable
for the exhibition of log K. The physical significance of
IP; is the same as discussed for the model expressed
by Eq. 3.

The step-wise regression once again yielded two tetra-
parametric models (Table 3) and the one containing
W, Sz, 24" and IP, gave better results:

logK = 1.9828 — 0.0238(0.00813) W
+0.0199(40.0066)Sz + 0.8407(+0.4450)% "
+ 1.9132(40.2190)IP,

n =29, Se=04525 R=09548, R =0.8968,

F =61.855, 0 =2.1100

(5)
The improved statistics of this model (Eq. 5) is due to
the addition of 2" term to the model expressed by Eq.
4. This means that the number atoms, second order
branching and heteroatom further increases the magni-
tude of log K. The physical significance of all other terms
involved in Eq. 5 is the same as before.

All the above models and the discussion made there in
indicates that one can obtain excellent models without
using hydrophobic parameter, that is, log P. However,
the results discussed below indicate that the quality of
such models is increased by the introduction of hydro-
phobic term (log P).

2.2. Modeling of log K using log P as one of the correlating
parameter

We now discuss the cases wherein log P is also used as
one of the correlating parameters. Investigating mono-
parametric regression using logP will do this more
successfully. This modeling gave statistically poor
results (Table 4). Consequently, we have undergone bi-
parametric regression analysis. All the two-variable
models containing log P and one of the topological indi-
ces gave extremely poor statistics, even worse than the
single-variable model containing log P. In view of this
we have carried out bi-parametric regression using log P
and one of the indicator parameters. The results
obtained are shown in Table 4, which indicates that
combination of logP with IP; gave excellent results.
Use of other two indicator parameters is not that useful.
Comparison of this model with those without log P indi-
cates that use of logP improved the statistics. The
bi-parametric model containing log P and IP; is found
as below:

logK = 4.8219 + 0.6748(-0.0979) log P
+2.4335(£0.1937)IP,

n=29, Se=04955 R=0.9408, R = 0.8763,

F =100.197, O = 1.8987

(6)

The positive coefficients of both log P and IP; indicate
that logK increases with increase in the magnitude of
log P as well as of IP;. In other words log K is directly
correlated with log P and IP;.

The step-wise regression required the use of topological
indices in addition to log P and IP;. This yielded five tri-
parametric models having better statistics than the
above model (Table 4). The statistics is also better than
the tri-parametric models without log P term (Table 3).
Out of the five tri-parametric models, the model contain-
ing log P, %y, and IP; is found the best. This model is as
below:
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Table 4. Regression parameters and quality of correlation for the models with hydrophobic parameter for modeling log K

927

Model Parameters Se r(R) R F o
Mono-parametric regression

16 logP 1.2931 0.4332 — 14.9305 0.3350
Bi-parametric models

17 log P, 1P, 0.4955 0.9408 0.8763 100.197 1.8987
18 log P, IP, 1.2103 0.5609 0.2621 5.971 0.4634
19 log P, 1P; 0.8382 0.8119 0.6460 26.547 0.9686
Tri-parametric models

20 PI, log P, IP, 0.4211 0.9593 0.9107 96.157 2.2781
21 Sz, log P, 1P, 0.4210 0.4594 0.9107 96.164 2.2789
22 ', log P, IP, 0.4113 0.9612 0.9148 101.183 2.3370
23 %, logP, 1P, 0.4043 0.9625 0.9177 105.022 2.3507
24 2y, log P, 1P, 0.3952 0.9642 0.9213 110.276 2.4400
Tetra-parametric models

25 Sz, log P, 1Py, 1P, 0.2768 0.9845 0.9614 175.388 3.5567
26 %", logP, 1Py, 1P, 0.2529 0.9861 0.9678 211.316 3.8200
27 PI, log P, 1Py, 1P, 0.2506 0.9868 0.9684 215.305 3.9378
28 ', log P, IP,, 1P, 0.2288 0.9886 0.9736 259.505 4.3208
29 O, logP, 1P, 1P, 0.2199 0.9895 0.9756 281.325 4.4500
30 2y, logP, 1P, 1P, 0.2180 0.9897 0.9761 286.499 4.5400

log K = 2.2096 + 0.4347(+0.0987) log P
+0.4226(+0.1060)%y + 2.5167(+0.1559)1P,

n=29, Se=0.3952, R=09642, R\ =0.9213,

F =110.276, O = 2.4400

(7)

Thus, the improved statistics is due to the addition of %y
term to the model expressed by Eq. 6. The positive
coefficient of ?y indicates that second order branching
increases log K value.

It is interesting to mention that when we used indicator
parameter IP, in place of IP;, the resulting tri-paramet-
ric models were of very poor quality. On the other hand
use of IP; in place of IP; though yielded statistically sig-
nificant models all of them were of very inferior quality.
This means that in the present case the use of indicator
parameter [P is most useful. This means, substitution at
4-position enhances log K, while this is not the case with
substitution at 2- and 3-positions.

Finally, successive regressions yielded six tetra-paramet-
ric models all having excellent statistics (Table 4). The
statistics of these tetra-parametric models is also of high
quality compared to the tetra-parametric models with-
out log P term. This once again shows that though we
obtained excellent models without log P, the use of log P
further enhances the quality of the models. Out of the
six tetra-parametric models containing log P as one of
the correlating parameter, the model containing log P,
2y 1P, and IP, was found the best:

log K = 1.6434 + 0.4033(40.0546) log P
+0.4350(£0.0585)% + 3.0451(<0.1104)IP,
+1.0549(+0.1383)IP,

n=29, Se=02180, R =09897, R% =0.9761,

F = 286.500, O = 4.5400

Thus, the improved statistics is due to the addition IP,
term to Eq. 7. That is, substitution at 3-position further
increases the exhibition of log K.

It is worthy to mention that when we used combinations
of IP; and IP; as well as of IP, and IP5 in place of the
combination of IP; and IP, the resulting statistics
remain the same.

3. Comments on the occurrence of highly linearly corre-
lated topological indices in the proposed models

It is interesting to mention that all other bi-parametric
models containing topological indices were of poor
qualities than the models discussed above. Also, that
tri- and tetra-parametric models without log P contained
highly linearly correlated topological indices. Such mod-
els need further explanation. In our earlier reports>8->1-32
we have stated that the problems caused by multicol-
linearity, and how to deal with them continue to be of
prime concern to theoretical statistician. From a deci-
sion maker’s point of view point, one should be aware
of the fact that multicollinearity can, and usually does,
exists and recognize the basic problems it can cause.
We have then mentioned four causes of multicollinearity
and Randic recommendation®® in favor of the occur-
rence of highly linearly correlated parameters in the pro-
posed models. The same are applicable here. According
to Randic®® all the tri- and tetra-parametric models
(Table 3) though serious for theoretical statistician are
quite useful to medicinal chemistry.

4. Goodness of fit: probable error of the correlation (PE)

For supporting our results we have calculated an inter-
esting statistical parameter called probable error of cor-
relation (PE). This parameter, PE, is calculated by the
following expression:
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Table 5. Cross-validated and other supporting parameters

Model Topological index Rg PRESS SSY PRESS/SSY 2, SPRESS PSE PE
10 O, 1P, 0.8735 6.5285 49.0470 0.1331 0.8669 0.5010 0.4745 0.0596
12 w, Sz, 1P, 0.8866 5.6290 49.9465 0.1127 0.8873 0.4745 0.4406 0.0436
15 W, Sz, %', 1P, 0.8968 4.9142 50.6613 0.0970 0.9030 0.4525 0.4116 0.0344
17 log P, 1P, 0.8763 6.3825 49.1930 0.1297 0.8703 0.4955 0.4691 0.0583
23 log P, %y, 1P, 0.9213 3.9047 51.6709 0.0756 0.9244 0.4043 0.3669 0.0302
30 log P, l){, 1Py, 1P, 0.9761 1.1400 54.4355 0.0209 0.9790 0.2180 0.1982 0.0079
PE — 21—r? 9 highest value of which indicates best predictive power.
3 v ©) In all the models discussed above Q goes on increasing

where r is either simple correlation coefficient or multi-
ple correlation coefficient and # is the number of com-
pounds used. It is recommended that,

If, r < PE, r is not significant.

r > PE, several times, at least three times greater, the
correlation is indicated, and
r > 6PE, correlation is definitely good.

For all the proposed models we have calculated PE val-
ues, which are found significantly greater than 6PE.
Thus, all the correlations attempted are definitely good.

5. Adjustable R* (Ri): a parameter in favor
of step-wise regression

It is interesting to comment on the statistical parameter
called adjustable-R* (R%). This parameter tells us regard-
ing the statistical significance of step-wise regression.
This parameter takes into account of adjustment of
R?. Therefore, if a variable is added that does not con-
tribute its fair share, the Ry will actually decline. It
(R}) is a measure of the % explained variation in the
dependent variable that takes into account the relation-
ship between the number of cases and the number of
independent variable in the regression model. Whereas
R? will always increase when an independent variable
is added, R} will decrease if the added variable does
reduce the unexplained variation enough to offset the
loss of degrees of freedom.

If Ri values (Table 5), in both the cases, that is, models
with and without log P, goes on increasing as we pass
from bi- to higher parametric regressions. Hence, the
added parameters (even though they are highly corre-
lated) during the process of successive regression analy-
sis have favorable contribution in the exhibition of
logK.

6. Predictive power of the models

It is necessary that the proposed model should have
both the statistical quality as well as better predictive
power. The aforementioned discussion and the regres-
sion parameters are good enough to establish the quality
of model. However, the simplest parameter to decide the
predictive power of the model is the quality factor Q, the

as we pass from mono- to higher parametric regressions.
It means that the quality of the model and its predictive
power are parallel to each other’s. That is, all the models
discussed above are quality models having quality
predictive power also. However, Todeschini** recently
criticizes the use of quality factor Q. Consequently, we
have undertaken cross-validation and obtained cross-
validated parameters for the models discussed above
and are recorded in Table 5.

7. Cross-validation

QSAR should be evaluated according to its ability to
predict the activity of molecules, which were not used
in the original QSAR table, which contains the data,
the dependent activity and the independent variables.
Such an evaluation can be done by cross-validation
method, which is based on ‘leave-n-out’ concept. In each
step ‘#” molecules are randomly or on turn excluded
from the QSAR table. The QSAR equation is then cal-
culated and used to predict the activity of these n mole-
cules. The methodology yields cross-validated
parameters, PRESS (predictive residual sum of squares),
SSY (sum of the square of the response value), 7%, (over-
all predictive ability), Spress (uncertainty of predictive),
and PSE (predictive square error). These parameters
obtained for the model discussed above is calculated
as given in Table 5.

A perusal of Table 5 shows that in each case PRESS
< SSY and also that PRESS/SSY < 0.4. This indicates
that the proposed models are better than chance and
indicate them to be excellent models. The PRESS/SSY
value for the model-30, that is, 0.0209 indicates to the
best model. The 2, values also supports this findings.
The cross-validated parameter Sprgss is not useful as
it is similar to the standard error of estimation (Se).
The other cross-validated parameter viz., PSE is, there-
fore, used to estimate uncertainty of prediction, the low-
est value of PSE for the model-30 establishes it to be the
model with best statistics and the best predictive power.

8. Conclusions

The results and discussion made above indicate that
topological modeling of binding constant (log K) of benz-
ene sulfonamides to human CA-II can be modeled excel-
lently without the hydrophobic parameter. Under the
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present situation there is no need of Hansch as well as
Hammett parameters for modeling the binding constant
(log K). Perhaps the information contents of Hansch and
Hammett parameters are equally contained in the topo-
logical indices used. However, the quality of models
based on topological indices is increased significantly
using the hydrophobic parameter (log P).

(i)

(iif)

(iv)
™)

9. Experimental

Binding constant of sulfonamides. The binding con-
stants (logK) of benzene sulfonamides to human
CA-II were taken from the literature.*®
Hydrophobic parameter. The hydrophobic parame-
ter (log P) as reported by Hansch>? was also used in
the present study.

Topological indices. All the topological indices were
calculated from the molecular graphs of benz- ene
sulfonamides used in the present study. Such
molecular graphs are obtained by deleting all the
carbon-hydrogen as well as heteroatom-hydrogen
bonds present in the molecule. Since all the topo-
logical indices used in the present study are well
documented3© 34 in the literature, their calculations
ate not described.

Statistical analysis. All the regression analyses were
performed using maximum R? methods.*
Computation. The topological indices as well as
regression analysis were made using the software’s
provided by Istvan Lukovits, Hungarian Academy
of Sciences, Budapest, Hungary.
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