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Abstract

The Botrytis cinerea is one of the most interesting fungal pathogens. It can infect almost every plant and plant part and cause early latent
infections which damage the fruit before ripening. The QSAR is an alternative method for the research of new and better fungicides against B.
cinerea. This paper describes the results of applying a topological sub-structural molecular design (TOPS-MODE) approach for predicting the
antifungal activity of 28 N-arylbenzenesulfonamides. The model described 86.1% of the experimental variance, with a standard deviation of 0.223.
Leave-one-out and leave-group-out cross validation was carried out with the aim of evaluating the predictive power of the model. The values of
their respective squared correlations coefficients were 0.754 and 0.741. The TOPS-MODE approach was compared with three other predictive
models, but none of these could explain more than 72.8% of the variance with the same number of variables.

In addition, this approach enabled the assessment of the contribution of different bonds to antifungal activity, thereby making the relationships
between structure and biological activity more transparent. It was found that the fungicidal activity of the chemicals analyzed was increased by the
presence of a sulfonamide group bonded to two aromatics rings, making this group the most important of the molecule. The majority of the
substituents present in the aromatic rings have an electron withdrawing effect and they contribute to a smaller degree than the sulfonamide group to
the property under study. The aromatic moiety plays an important role in this activity; its contribution changes with different substituents.
Generally, the nitro group has a positive and great contribution to the biological property but when this group is involved in some compounds in
ortho effect with the SO, moiety of the sulfonamide group a lower value of contribution is observed for both groups.
© 2006 Elsevier Inc. All rights reserved.
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1. Introduction Since the mid-1990s, new compounds with excellent activity

against B. cinerea have been commercialized. However,

The Botrytis cinerea is certainly one of most interesting
fungal pathogens because of its very unique characteristics: it
can live pathogenically but also saprophytically, it can be
devastating to some crops but also beneficial under certain
conditions. It is found throughout the world and can infect
almost every plant and plant part. Additionally, it causes early
latent infections which damage fruit before ripening [1].
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strategies to control the fungus with classic fungicides may
produce side-effects, notably environmental contamination and
the development of multi-resistant fungal strains. Some of these
fungicides, such as dicarboximide procymidone, are persistent
enough to be detected in vegetables [2], soil [3] and even after
vinification [4]. For all these reasons, the development of
alternative fungicides has been attracting considerable attention
in recent times.

Quantitative structure—activity relationships (QSAR) have
been broadly used for some years mainly in medical research
[5-9]. This methodology makes use of the molecular
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descriptors offering valuable and simple information about the
structure of the molecules which is used later in the elaboration
of the predictive models. Employing it methodology allows
cost savings by reducing the laboratory resources needed, and
the time required to create and investigate new drugs with
certain desired biological activity.

There have been limited studies aimed at exploring the
utilization of the QSAR techniques in the rational search for
new fungicides against B. cinerea. For example, Akagi et al.
[10] investigated the antifungal activity of fluazim and the
related fungicidal N-phenylpyridinamines against this fungus.
Fluazinam was selected after lead optimization of the N-
phenylpyridinamine skeleton which was obtained by lead
development from acaricidal compound. The preventive
activity against B. cinerea of N-phenylpyridinamines was
analyzed by the technique of QSAR (ALS method) to elucidate
the role of substituents on both the pyridine and benzene rings,
and also to obtain insight into the mode of action of this series
of compounds. Structure—activity relationships on the sub-
stituents of the pyridine ring were explained by a combination
of electric, steric and hydrophobic parameters, while those on
the substituents of the benzene ring were more complicated.
Also this research group [11] investigated the structure—activity
relationships of pyridylcarbamates active against both benzi-
midazole-sensitive and -resistant isolates of B. cinerea. QSAR
analyses and molecular modeling studies were carried out to
investigate the structural requirements for highly active
compounds and the structural feature of the binding site of
each strain. Significantly different QSAR equations were
obtained only for substituents at the 6-position of the pyridine
ring.

Humeres et al. [12] measured the octanol-water partition
coefficients of a series of alkyldithiocarbamates and ethyl-
dithiocarbamates heavy metal salts (Zn, Cu, Fe). The
hydrophobicity constant of the dithiocarbamic fragment
>NC(S)SH was calculated to be —1.80, following the
assumption of additivity of log P. The authors postulated that
assuming that the fungitoxic activity of dithiocarbamates is due
to a neutral free acid species. The partition coefficients of a
series of alkyldithiocarbamic acids were calculated by the
fragmental method and quantitative measurements of fungi-
toxicity were made on Phytium aphanidermatum, B. cinerea
and Rhizoctonia solani. The diameter of the colonies decreased
exponentially with increasing concentrations of the congeners,
but for a shorter range of concentrations straight lines were
obtained. Iterative optimization and regression analysis showed
that the QSAR of fungicidal activity, measured as pC50,
depends only on log P and that substituent electronic and steric
parameters are not statistically significant. The QSAR
describes as much as 91% of the variation of the biological
response. Another interesting report is the review about a
QSAR of 1-N-substituted azoles active against B. cinerea by
Kataoka [13].

On the other hand, the 2D and 3D molecular descriptors have
been broadly used in much QSAR research. These descriptors
have not been used before in the development of models to
predict the fungicidal activity against B. cinerea.

In addition, the sulfonamides are an important group of
drugs and have been characterized as bactericidal due to their
ability to inhibit the synthesis of dihydrofolic acid from p-
aminobenzoic acid, pteridine, and glutamic acid by means of
dihydropteroate synthase, and their competitive antagonism
against p-aminobenzoic acid [14-16]. This interesting group
also plays a role as a fungicide against Pythium ultimum,
Phytophthora capsici, R. solani and B. cinerea [17-19].

For these reasons, our aim is to develop a predictive model of
the antifungal activity for a set of N-arylbenzenesulfonamides
with various substituents at the arylamine and benzenesulfonyl
rings and to make a comparison with other methodologies
based on the quality of their statistical parameters of the
regression as well as predictive capability of the models
generated. In addition, we aim to establish the contribution of
several fragments to the properties of these compounds with the
intention of later synthesizing new and better fungicidal
compounds belonging to the family.

2. Materials and methods
2.1. The spectral moments

The spectral moments are based on the calculation of the
bond matrix, whose theoretical basis has been widely described
in previous reports [20,21]. Essentially, the bond matrix is the
square and symmetric matrix whose entries are ones or zeros
according to whether the corresponding bonds are adjacent or
not. The order of this matrix (m) is the number of bonds in the
molecular graph, two bonds being adjacent if they are incident
to a common atom. The spectral moments of the edge
adjacency matrix are defined as the traces, i.e., the sum of the
main diagonal of the different powers of such a matrix.

In order to apply the above approach to the development of a
model for predicting the antifungal activity, the following steps
were followed:

(a) an adequate training set of chemicals was selected;

(b) the molecular graphs for each of the training set were
drawn;

(c) the molecular bonds with appropriate weights were
differentiated;

(d) the spectral moments of the bond matrix for each molecule
in the data set was computed;

(e) a quantitative structure—activity relationship (QSAR) was
arrived at by using multiple regression analysis (MRA);

(f) the predictive performance of the model was assessed
employing the leave one out (LOO) and leave group out
(LGO) cross-validation methodologies;

(g) the contribution of the different fragments was ascertained
in order to determine their quantitative contribution to the
antifungal activity of the molecules studied.

For the development of MRA we used the following
expression:

P =aoppy+aipy +axpy + - +agiy +b (1)
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where P is the activity under study. It is the negative logarithm
of the concentration required to cause 50% inhibition of fungal
(EDs) represented in the following way —log (EDs), iy is the
kth spectral moment, and the a';s are the coefficients obtained
by the regression equation.

2.2. Selection of bond weights and calculation of
molecular descriptors

The bond distance (Std) and the standard bond dipole
moments (Dip) were used as bond weights. On the other hand,
Gasteiger—Marsilli charge was used as bond weight too. This
charge is an atomic contribution and it was transformed into
bond contributions, according to Eq. (2). This transformation
has been previously described [22]:

2

Wi

.. wi
Wi, j) =5+
J

8i
where, w; and §; are the atomic weight and vertex degree of the
atom i, respectively. The calculation of the spectral moment
descriptors was carried out with Modeslab 1.0 software [23].
The input of the chemical structures into the Modeslab software
was carried out using the familiar SMILES notation. We
calculated the first 15 spectral moments (u—us) for each
bond weight and the number of bonds in the molecules (u).
Due to the non-linearity of the biological process under study
(fungicidal activity) the interactions between (i, and p; and
with all variables (descriptors) were evaluated. Spectral
moments were calculated considering the molecules without
hydrogen atoms.

2.3. Data set

We employed 28 N-arylbenzenesulfonamides with various
substituents at the arylamine and benzenesulfonyl position to
develop a predictive model taking into account the concentra-
tion required to cause 50% inhibition of fungal growth (EDs)
[24].

In Table 1 is shown the compounds structures with their
biological activity.

Each compound was dissolved in methanol or dimethyl
sulphoxide (DMSO) and was tested for its in vitro antifungal
activity against the plant pathogenic fungi B. cinerea. Each
serially diluted compound was incorporated in 1/5 strength
potato dextrose agar (PDA) plates at 0-200 pwg/ml, and a 5-
mm agar of the B. cinerea was placed at the center of the
plate. Three replicate plates of each concentration for the
fungus was incubated at 25 °C. After incubating for 2-6 days,
the radial growth was measured, and the EDsq value for
the mycelial growth inhibition was calculated by a probit
analysis [24].

2.4. Computational strategies
The mathematical model was obtained by means of the

MRA as implemented in the STATISTICA software version 6.0
[25]. The genetic algorithm was used as the variable selection

Table 1
The compounds structures with their biological activity used in the current
research
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Compounds R, R, —log (EDsg)
1 H H —2.379
2 H p-NO, —1.818
3 H p-CF; —1.170
4 H 0-Cl, p-CF; —1.447
5 H 0-CF;, p-NO, —1.520
6 H m-CF3, p-F —1.029
7 p-CH; H —1.839
8 p-CH; p-NO, —1.550
9 p-CH; p-CF; —0.978

10 p-CH; 0-Cl, p-CF; —1.083

11 p-CH; 0-CF3, p-NO, —0.996

12 p-CH; m-CF;, p-F —0.898

13 0-NO, H —2.547

14 0-NO, p-NO, —1.856

15 0-NO, p-CF; —1.265

16 0-NO, 0-Cl, p-CF; —1.540

17 0-NO, 0-CF3, p-NO, —2.612

18 0-NO, m-CF3, p-F —1.083

19 m-NO, H —1.860

22 m-NO, 0-Cl, p-CF; —2.184

23 m-NO, 0-CF3, p-NO, —2.157

24 m-NO, m-CF3, p-F —0.987

25 p-NO, H —1.833

26 p-NO, p-NO, —1.931

27 p-NO, p-CF; —0.792

28 p-NO, 0-Cl, p-CF; —1.803

30 p-NO, m-CF;, p-F —0.544

strategy for the variable included in the equation. The most
significant parameters were identified from the data set using
genetic algorithm (GA) analysis of the descriptors obtained by
TOPS MODE computer software. The GA is a class of methods
based on biological evolution rules [26-28]. The first step is to
create a population of linear regression models. These
regression models mate with each other, mutate, cross-over,
reproduce, and then evolve through successive generations
toward an optimal solution. The GA simulation conditions were
10,000 generations and 300 populations.

Analysis of residuals and deleted residuals from the
regression equations was used to identify outliers. The
statistical significance of the models was determined by
examining the squared regression coefficient (R?), the standard
deviation (S), the number of variables, the Fisher ratio (F) and
the Akaike information criterion (AIC).

2.5. Validation of the models
The models obtained were validated calculating the cross-

validated squared regression coefficient (¢*) values. The ¢*
values are calculated from ‘“‘leave-one-out” (LOO) test and
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from “leave-group-out” (LGO) test, also known as cross-
validation.

For LOO a data point is removed from the set, and the
regression recalculated; the predicted value for that point is
then compared to its actual value. This is repeated until each
datum has been omitted once; the sum of squares of these
deletion residuals can then be used to calculate ¢, an equivalent
statistic to R% In the LGO method, 25% of the data were
eliminating every time in 100 different forms. In this way we
guaranteed not to use the same group of compounds for every
validation. The ¢ values can be considered a measure of the
predictive power of a regression equation: whereas R® can
always be increased artificially by adding more parameters
(descriptors), ¢” decreases if a model is overparameterized [29],
and is therefore a more meaningful summary statistic for QSAR
models.

2.6. Orthogonalization of descriptors

The orthogonalization process of molecular descriptors was
introduced by Randi¢ several years ago as a way of improving
the statistical interpretation of the model built by using
interrelated indices [30-34]. The main philosophy of this
approach is to avoid the exclusion of descriptors on the basis of
their collinearity with other variables previously included in the
model. The acceptable level of collinearity to avoid is a more
subjective issue. In our view, the collinearity of the variables
should be as low as possible because the interrelatedness among
the different descriptors can result in a highly unstable
regression coefficient, which makes it impossible to know
the relative importance of an index and underestimates the
utility of the regression coefficient model.

The Randi¢ method of orthogonalization has been described
in detail in several publications [30-34]. Thus, we will only
give a general overview here. The first step in orthogonalizing
the molecular descriptors in a model is to select the appropriate
order of orthogonalization, which, in this case, is the order in
which the variables were selected in the genetic algorithm
search procedure of the linear regression analysis. The first
variable ,ul,ugM is taken as the first orthogonal descriptor
2'u, /LS’M, and the second one is orthogonalized with respect to
it by taking the residual of its correlation with ', p$M. The
process is repeated until all the variables are completely
orthogonalized, and the orthogonal variables are then used to
obtain the new model.

2.7. Comparison with other approaches

The use of spectral moments for the prediction of antifungal
activity, explained in the previous section, was compared with
other methodologies by using DRAGON [35] computer
software, version 2.1. Before calculating the DRAGON
descriptors; each molecule was optimized geometrically by
using the quantum chemical semi-empirical method Austin
Model 1 (AM1) included with MOPAC 6.0 software [36]. The
DRAGON descriptors used were Constitutional descriptors,
Randi¢ molecular profile and geometrical descriptors. The

development of these three models involved the use of the same
data set that we reported in the previous section. That it is to say,
the same data that we used to model the spectral moments. The
comparison was based on the quality of the statistical
parameters of the regression as well as the predictive capability
of the models generated.

In this sense, additional criteria exist to compare the
quality of different models. One of these criteria was
formulated by Akaike in 1973 [37,38]. Akaike’s information
criterion (AIC) take into account the statistical goodness of fit
and the number of parameters that have to be estimated to
achieve that degree of fit. This criterion is calculated using the
following equation:

n+p

AIC = RSS S
(n—1p')

3)

where RSS is the sum of the squared differences between the
observed (y) and estimated response (y’), n the number of
compounds in the training set, and p’ is the number of adjus-
table parameters in the model. When comparing models, the
model that produces the minimum value of this statistical
parameter should be considered potentially the most useful.
We calculated the Akaike values for the four approaches and
included these in the comparison.

2.8. Computation of bond contributions

The computation of the fragment contribution has been
described in numerous recent reports [39,40]. Next, we will
provide an overview of the methodology used. Bond
contributions to antifungal activity are calculated on the basis
of the local spectral moments, which are defined as the diagonal
entries of the different powers of the weighted bond matrix

i (i) = by(T)* 4)

where m! (i) is the kth local moment of the bond i and b;(T) are
the diagonal entries of the weighted bond matrix, and T is the
type of the bond weight: Std, Dip and GM.

It is straightforward to realize that the total moments are the
sum of the local moments. Consequently we can substitute
Eq. (4) into the QSAR (Eq. (5)) in such a way that the total
contribution of the different bonds in a specific molecule is
obtained as follows:

P=by+> auf (5)
k

These contributions represent the additive features of the
property modeled and they can be expressed as fragment
contributions, summing the contributions of different bonds
that are inside the substructure whose contribution is under
determination.

3. Results and discussion

The preliminary model that we found taking into account
the descriptors derived by the TOPS-MODE approach was
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Table 2
The statistical parameters of the linear regression models obtained for the four kinds of descriptors involved in the comparison
Descriptors Variables R? S F P

i —5
Spectral moments M1V-§M7 MlﬂzD P Ml“?zttdv H]M?()M 0.861 0.223 35.71 <10
Constitutional MW, AMW, Mv, Ms 0.719 0.311 14.75 <1073
Randi¢ molecular profile DP04, SP09, SP10, SP11 0.696 0.331 13.13 <1073
Geometrical W3D, G1, SPH, FDI 0.728 0.313 15.334 <1073
Table 3
The validation parameters of the linear regression models obtained for the four kinds of descriptors involved in the comparison
Descriptors Variables 2y _100 Scv-Loo 42y _160 ScvoLGo AIC
Spectral moments S, M1M2Dip7 Sy uSM 0.754 0.298 0.741 0.322 0.072
Constitutional MW, AMW, Mv, Ms 0.569 0.394 0.467 0.483 0.145
Randi¢ molecular profile DPO04, SP09, SP10, SP11 0.603 0.378 0471 0.474 0.157
Geometrical W3D, G1, SPH, FDI 0.630 0.365 0.582 0.432 0.141

the following:

—10g(EDsg) = —18.865, uS™ + 1.750; 115

— 1.38u, 13 + 17.900, 0" — 1.53 (6)
N=28, R*=0861, $=0223, F=357l,
p<1073,  AIC =0.072

where N is the number of compounds included in the model, R
the square of the correlation coefficient, S the standard devia-
tion of the regression, F the Fisher ratio and AIC is the Akaike’s
information criterion.

For the validation we calculate ¢* and the standard deviation
S.v of the LOO and LGO procedures and arrive at the following
values:
dev_1.6o = 0.741,

Gey_1oo = 0754, Scv-Loo = 0.298,

Scv_16o = 0.322

In spite of achieving adequate values of statistical
parameters, we thought that it was not enough to say that

Table 4

Descriptors of the QSARs regression reported in this study
Symbol Definition

MW Molecular weight

AMW Average molecular weight

Mv Mean atomic van der Waals volume (scaled on carbon atom)
Ms Mean electrotopological state

DP04 Molecular profile no. 04

SP09 Shape profile no. 09

SP10 Shape profile no. 10

SP11 Shape profile no. 11

W3D 3D-Wiener index

Gl Gravitational index G1

SPH Spherosity

FDI Folding degree index

our model was appropriate. Therefore, we carried out a
comparison with other methodologies to demonstrate the
superiority of our model.

The results obtained from this comparison are given in
Tables 2 and 3. In this connection, the meaning of the variables
derived using DRAGON is given in Table 4. The meanings of
the variables calculated from the TOPS MODE are explained
above.

As we can see in a general way, the model proposed using
the spectral moments methodology, shows a better statistical
significance. That is to say, the spectral moments explain more
of the variance of the data than the other ones using the same
number of descriptors in the equation (four variables). The
value of the squared regression coefficient for the TOPS-
MODE approach is 0.861 while the other methodologies have
values never higher than 0.730.

The spectral moments also present the best validation
parameters, regarding the better predictive power. The parameter
¢*, equivalent statistically to R?, shows its greater value in this
methodology for the two types of cross validation LOO and LGO
(0.754 and 0.741, respectively). The rest of the methodologies
have lower values of ¢> than the spectral moments for both cross
validation techniques, being the second better methodology the
one that uses the geometric descriptors with values of ¢* equal to
0.63 and 0.582 for these cross validation techniques.

When comparing the values of the Akike’s information
criterion (AIC) for each of the models we demonstrate once
again the superiority of the spectral moments methodology
(lowest value (AIC =0.072)).

Collinearity among variables was avoided by making an
orthogonalization of molecular descriptors because interrelat-
edness among different descriptors can result in highly unstable
models.

The QSAR model obtained with the spectral moments
(Eq. (6)) after orthogonalization and standardization is given
below, together with the statistical parameters of regression
analysis. The chart relative to the relationship between the
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Predicted vs. Observed Values

Observed Values
D
\
A

26 24 22 -2 -18 -16 -14 -12 -1 -08 -06 -04
Predicted Values

Chart 1. Relationship between the observed and predicted values according to
Eq. (7).

observed and predicted values is provided too (Chart 1).

—log(EDso) =
—0.292" 11y u$™ + 0.3252% 41, pu®
— L1y w3+ 17.9002% 1 S — 1,53 (7)
N=28, R>=0.861, §=0223, F=3571,
p<107, @&y 100 =0.754, Scv-roo = 0.298,

q%va(}o =0.741, Scv-rco = 0.322

The presence of outliers in QSAR models can to become in a
serious problem due to that the model is unable to predict its
“real” biological activity. In this connection, we looked for the
presence of outliers in Eq. (7), where any outlier was found
because of all the compounds included in the training set had a

685
Table 5

Predicted, residual and deleted residual according to Eq. (7)
Compounds —log (EDsg) —log (EDs) Residual Deleted
obs. pred. residual
1 —-2.379 —2.442 0.063 0.097
2 —1.818 —1.750 —0.067 -0.077
3 —1.170 —1.181 0.010 0.012
4 —1.447 —1.402 —0.045 —0.052
5 —1.520 —1.538 0.018 0.020
6 —1.029 —1.054 0.025 0.032
7 —1.839 —2.088 0.249 0.313
8 —1.550 —1.422 —0.128 —0.151
9 —0.978 —0.750 —0.228 —-0.271
10 —1.083 —1.047 —0.035 —0.045
11 —0.996 —1.167 0.172 0.188
12 —0.898 -0.614 —0.284 —-0.372
13 —2.547 —2.250 —0.297 —0.353
14 —1.856 —2.109 0.253 0.290
15 —1.265 —1.552 0.287 0.318
16 —1.540 —1.912 0.371 0.420
17 —2.612 —2.191 —0.421 —0.782
18 —1.083 —1.316 0.233 0.262
19 —1.860 —1.801 —0.059 —0.066
20 —1.134 —1.066 —0.067 -0.074
21 —2.184 —1.835 —0.349 —0.505
22 —2.157 —2.062 —0.095 —0.131
23 —0.987 —0.855 -0.132 —0.152
24 —1.833 —1.757 —0.075 —0.086
25 —1.931 —2.008 0.077 0.093
26 —0.792 —1.020 0.227 0.251
27 —1.803 —1.833 0.029 0.045
28 —0.544 —-0.811 0.267 0.312

standard residual value lower than 25 where § is equivalent to
the standard deviation and a relative small deleted residual, as
have been see in Table 5.

The analysis of this equation reflects the influence of the
variables in the fungal activity in question. In a general way we
can say that the electronic factors (variables weighted with

P
N

Groups Ry
I H

11 p-CHy

I 0-NO,

v m-NO,

\Y - p-NO,

R;
H

p-NO,
p-CF5

0-Cl. p-NO,
0-CF3. p-NO,
m-CFs. p-F

Fig. 1. Basic structure of the family of compounds analyzed.
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Fragment 3

Fragment 1

Fragment 2

Fragment 4

Fig. 2. The fragments employed in the analysis (shown in green).

bond dipole moment (.QZ/LI/LZDip ) and Gasteiger—Marsili charge
(21 u§™, 2%, 1§M)), have a positive influence and, when
weighted with bond distance (£2°u,15), the opposite effect.

More specifically the Gasteiger—Marsili charge explains
39.8% of the variance, bond dipole moment 29.4% and the
bond distance 16.9% for a total of 86.1%.

Among the data we can observe quite generally how the
presence of substituents is a key function to focus on in the
search for compounds with antifungal activity.

3.1. Analysis of fragment contributions

As a way to gain a better understanding of the influence of
variables and the contribution of the different substituents, we
carried out an analysis of molecules fragments involved in the
development of the predictive model.

The basic structure employed in our analysis is shown in
Fig. 1.

The compounds for every group have the same substituent
R, and different substituents R, which have been shown
previously in Fig. 1. The calculations of the fragments were
focused towards the following principal fragments (see
Fig. 2):

1. The fragment containing the aromatic ring linked to S.
2. The fragment related to the aromatic ring linked to N.
3. The sulfonamide group.

4. The different substituents of both aromatic rings.

In the analysis of the first group of compounds we found that
the contribution of the aromatic ring linked to N it is not
significant when the para position in this ring is substituted.
The contribution is slightly lower when there is another
substituent in the same ring.

For the other ring linked to S, the contribution takes a value
less negative than the ring previously analyzed and when the
ring is linked to N it has a second substituent and the
contribution of the ring is modularly lower.

The substituents in the ring are electron withdrawing and
contribute in a positive way. The NO, group, in particular,
increases the contribution when there are other electron
withdrawing substituents in the ring. Further, it is important to
note that when the second substituent is more electron
withdrawing, the contribution of NO, increases to an even
greater degree (see Fig. 3).

Fig. 3. The structures of group number I. The blue fragments have a negative contribution, those in red a positive one.
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-0.704

Fig. 4. Contribution of fragments of compounds belonging to the second group (the fragments in blue have a negative contribution and the fragments in red have a

positive contribution).

These tendencies remain in the second group. The
contribution is even less negative in the aromatic ring linked
to S, when the electron donor substituent CHj; is linked to this
ring in the compounds in the second group, as compared to the
compounds analyzed in the previous group (see Fig. 4).

If we compare compounds 2, 19 and 24 that belong to the
groups I, IVand V, respectively, we can see an interesting effect
of the substituents in the aromatic rings.

Wherever NO, is present in either of the aromatic rings, the
other one increase its contribution, that is to say, the
contribution becomes less negative than if the substituent
were not present (see Fig. 5).

Compounds 20 and 21 have a similar contribution. Worthy
of note is the small difference in the contribution between these
compounds in the aromatic rings and the presence of electron
withdrawing substituents in both rings of these compounds.
There is no significant difference between them (see Fig. 6).

We can make tentative conclusions about the contribution of
the group NO;:

It is possible that the NO, group undergoes reduction to
oxime and later to amine and participates in this way in the
process of inhibition of the growth fungal. This reduction might
be easier in presence of the other electron withdrawing
substituents (0-Cl and/or 0-CF3) in the same aromatic ring,
because they leave lacking electrons to the ring and in this way
the NO, will have fewer electrons at its disposal therefore this
group will accept the electrons easier and to be reduced.

There are four interesting observations regarding the
contribution of the aromatic rings to the biological property:

o When the aromatics rings are unsubstituted the contribution is
similar in both rings, for example in the compound number 1.

o When only one aromatic ring has electron withdrawing
substituents the other ring makes a significantly less negative
contribution. For example, the rest of the compounds of
group number I and the compounds 13, 19 and 24.

e When one aromatic ring has electron withdrawing sub-
stituents and the other has an electrodonor substituent such

Fig. 5. Comparison between compounds 2, 19 and 24 belonging to the groups I, IV and V, respectively.
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Compound 21

Fig. 6. Effect of the substituents in both aromatics rings.

as CHj; the increase in the contribution of the ring with the
electrodonor substituent is enhanced. For example, the
compounds of the group number II.

e When both rings contain electron withdrawing substituents
there is not significant difference between the aromatic rings
regarding their contribution. For example, in the compounds
of groups IV and V.

From these four observations we can derive an important
conclusion about the contribution of the individual rings. As the
deactivation increases in a ring, the contribution in the other one
increases. This may be due to the fact that the second ring
receives a higher share of the electronic density and this
contributes in some way to an interaction with the receptor.

On the other hand, we found interesting facts in the
comparison between compounds of the groups III, IVand V. As
specific examples we take the compounds 13, 19 and 24
because the tendencies explained above are also to be seen in
them.

In these specific compounds the contribution of the
aromatic ring linked to N is according with our previous
explanation, less negative. In addiction, it is interesting the
changes in the contribution of this ring when in the other
aromatic ring the nitro group is in meta or para position
respect to the SO, moiety. For these ones (19 and 24, see
Fig. 7) the contribution of the aromatic ring linked to N atom
is less negative than in the compound with nitro NO, in the
ortho position (compound 13, see Fig. 7). For the remainder
of the compounds in the three groups (III, IV and V) this
tendency remains.

However, in compounds in which the NO, is in ortho
position with respect to the S atom (group III), we can say that
the contribution of the ring linked to S is always the less
negative. This is accentuated for the rest of compounds of the
group III compared to other groups, when the ring linked to N
has electron withdrawing substituents.

The contribution of especially the NO, group is similar
among all compounds of the groups III, IV and V although we
can see a slight decrease when this substituent is in an ortho
position with respect to the S atom. All these observations are
reflected in Fig. 7.

This behavior is seen for the ortho effect observed in the
structures of the group III while in the compounds of the other
groups involved in the comparison this effect is not present.

This effect might involve the NO, group in an interaction
with the SO,NH making its reduction more difficult, and
resulting in it having the smallest contribution.

About the contribution of aromatic rings linked to S atom we
observe that when the NO, is in the ortho position, it will be out
of the plane of the ring. Therefore, this substituent cannot exert
such a strong attraction on the electrons as when it is in meta
and para position and the electronic density of this ring will be

Compound 24

Fig. 7. Comparison among compounds 13, 19 and 24 belonging to the groups III, IV and V, respectively.
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Fig. 8. Compound 13 (0-NO,).

not be so strongly affected. As a result, the contribution of the
ring linked to S atom, for the compounds with NO, in the ortho
position will be the less negative one coinciding with the
explanation given above. In the following figures we can observe
the ortho effect in the compound 13. In the other compounds, 19
and 24 the NO, group is co-planar with the aromatic ring.
Another very important question is the contribution of the
SO,NH group. The sulfonamides have a very well-known
chemotherapeutic bactericidal activity. They compete with

Fig. 10. Compound 24 (p-NO,).

p-aminobenzoic acid to be linked to the enzyme dihydroptero-
ate synthase, inhibiting the synthesis of folic acid and the
synthesis of nitrogen bases [14—16]. However, the sulfonamides
present antifungal activity, too [17-19].

The contribution of sulfonamides fragment is the most
important in these molecules. It is more positive when there are
electron withdrawing substituents in the aromatic rings.
However in the case of compounds of group III, with NO,
in the ortho position respect to the S atom we can observe how
the ortho effect affects the contribution of the sulfonamide
fragment taking its lowest value. In this sense it highlights how
the sulfonamide group is out of the plane with respect to the
aromatic ring when the ortho effect is present (see Fig. 8 and
compare with Figs. 9 and 10).

4. Conclusions

In this work, we have achieved some conclusions enabling a
better understanding of the interpretation of the predictive
model developed. However, as general conclusions of the work
we can say that a model of multiple regression analysis (MRA)
was developed by using the TOPS-MODE approach. The
model presented appropriate statistical quality as endorsed by
their adjustment parameters and validation. The methodology
proposed by us was superior to other descriptors such as
constitutional descriptors, Randi¢ molecular profile and
geometrical descriptors taking into account the statistical
parameters of the model and of the cross validation developed.

As for the analysis of the bond contributions, we conclude that
the sulfonamide group makes the largest contribution to the
antifungal effect. Most of the substituents present in the aromatic
rings are electron withdrawing and they make a smaller
contribution than the sulfonamide group to the property under
study. In addition, the nitro group could be an active center
because it may undergo reduction. Generally, the nitro group has
a positive and great contribution to the inhibition of growth
fungal. Nevertheless, when this group is in some compounds in
ortho position regarding the SO, moiety of the sulfonamide
group a lower value of contribution is observed for both groups.
This can be given by the presence of the ortho effect.

The fragments comprising aromatic rings make negative
contributions.

In spite of the presence of a distortion of planarity at the
sulfonamide group, a change can be discerned in the contribution
of one of these rings. This probably results from the presence of
electron withdrawing substituents in the neighboring ring.
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