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QSAR analysis for heterocyclic antifungals
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Abstract—We perform linear regression analyses on 1202 numerical descriptors that encode the various aspects of the topological,
geometrical and electronic molecular structure with the aim of achieving the best QSAR relationship between the antifungal poten-
cies against the Candida albicans strain and the structure of 96 heterocyclic ring derivatives. As a realistic application we employ the
model found to predict the biological activity for 60 non-yet measured compounds.
� 2007 Elsevier Ltd. All rights reserved.
1. Introduction

Last decades have witnessed increasing efforts for devel-
oping new antifungal drugs that are capable to inhib-
iting various diseases related to Candida albicans
species, considered to be responsible for the most
common types of human pathogenic fungi.1 The highly
resistant fungi organisms produce a broad range of
infections ranging from non-life-threatening mucocuta-
neous illnesses to invasive processes that may involve
virtually any organ,2 and represent an important cause
of morbidity and mortality in hospitalized patients.3

Obviously, the design of new pharmacological drugs
possessing novel modes of action is required in order
to reduce the dramatic increase in frequency of systemic
infections along with the newly appearing fungal species,
the development of resistance to the present azole ther-
apies and also for diminishing the high toxicity of poly-
enes.4–6 A wide number of known effective antimicrobial
remedies include heterocyclic systems in their structure,
like imidazoles, quinazolines, benzazoles and oxazolo
(4,5-b) pyridines,7–12 although none of these substances
exhibit simultaneously an optimally desired spectrum,
potency, pharmacological properties, etc.
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The experimental search for better activities in
drug discovery is commonly carried out in the
laboratory by optimizing the structure–activity rela-
tionship (SAR) of the functional groups present in a
leading structure in terms of their biological endpoint.
However, an interesting alternative to this trial-error
based procedure that constitutes an active field in
complex biochemical phenomena are the analyses
through Quantitative Structure–Activity Relationships
(QSAR).13 Nowadays, the QSAR theory is extensively
applied for studying the effects and antifungal poten-
cies of compounds.12,14–16

A recent study of M. Fernández et al.17 employs the
Genetics Algorithms (GA)18 and the Bayesian-Regu-
larized Neural Networks hybridised with GA
(BRANN-GA)19 variable selection approaches to
establish new models for the antifungal activity
(C. albicans strain), in a set composed of 96 hetero-
cyclic compounds. These models are achieved by
treating only 721 geometry-dependent descriptors
from the software Dragon,20 and pairs of variables
with a correlation coefficient (R) greater than
0.9500 are omitted from the analysis, therefore lead-
ing to a total pool containing D = 322 descriptors to
be investigated. An appropriate partition of the set
of compounds into a training set (N = 80) and an
external test set (N = 16) is performed by means of
the k-Means Clustering technique.21 The linear GA
model found shows to fit the training set with
R = 0.8733, meanwhile the non-linear BRANN-GA
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exhibits a higher value of R = 0.9680. The authors
of this work concluded that the distribution of
atomic mass, volume and polarizability are relevant
factors influencing the antifungal potency of the
compounds studied.

The purpose of the present research is to analyse the
same molecular set of 96 heterogeneous heterocyclic
compounds as studied previously17 in order to pro-
pose an alternative connection between the antifungal
activity and the structure of these organic substances.
To this end, we simultaneously explore a greater num-
ber of molecular descriptors (D = 1202) including
descriptor definitions of all classes and not limited
only to the conformation-dependent types, by means
of two alternative computational strategies: the
Forward Stepwise Regression (FSR)22 and the
Replacement Method (RM).23–26 Finally, we draw
conclusions by contrasting our results with the previ-
ously reported ones.
Figure 1. General structure of heterocyclic ring derivatives under

study.
2. Results and discussion

We use the same training set (N = 80)-test set (N = 16)
partition as reported in the study of M. Fernández
et al.17 The application of RM to the available pool con-
taining D = 1202 descriptors leads to an optimized rela-
tionship that, in terms of the best predictive power of the
equation (given by the l � 10% � o parameters) and the
least number of parameters involved, has six molecular
descriptors:

pMIC½M� ¼ 4:362ð�0:1Þ þ 0:0954ð�0:02ÞHATSp

þ 1:172ð�0:1ÞMor13vþ 1:245ð�0:2ÞH8u

þ 0:374ð�0:06ÞMATS6e

þ 2:409ð�0:2ÞMor29p þ 1:095ð�0:2ÞMor27v

ð1Þ
N ¼ 80;R ¼ 0:8859; S ¼ 0:106; F ¼ 44:386;

AIC ¼ 0:0134; FIT ¼ 2:295; p < 10�4;Rloo ¼ 0:8617;

Sloo ¼ 0:111;Rl�10%�o ¼ 0:8316; Sl�10%�o ¼ 0:123:

Here, the absolute errors of the regression coefficients
are given in parentheses and R is the correlation coeffi-
cient of the model, F is the Fisher ratio, p is the signifi-
cance of the model, AIC is the Akaike’s information
criterion and FIT is the Kubinyi function. The FSR pro-
cedure does not improve the quality of the previous
relationship:

pMIC½M� ¼ 5:386ð�0:2Þþ0:108ð�0:01ÞnDB

þ1:058ð�0:1ÞMor13v�0:153ð�0:04ÞL2s

þ0:0419ð�0:008ÞRDF 060m

þ0:295ð�0:06ÞMor03p�0:287ð�0:09ÞGATS4e

ð2Þ
N ¼ 80;R¼ 0:8472;S¼ 0:121;F ¼ 30:950;AIC¼ 0:0176;

FIT ¼ 1:601;p< 10�4;

Rloo¼ 0:8272;Sloo¼ 0:135;Rl�10%�o¼ 0:7800;Sl�10%�o¼ 0:138
and so we will not consider the FSR result from now on.
The details for the descriptors involved in all the pro-
posed models of present analysis are given in Table 2.
Table 3 summarizes the statistics found in Ref. 17 by
resorting to the GA and BRANN-GA approaches,
and includes the structural parameters that appeared
in these models. As can be easily observed, a comparison
between the linear GA results and those achieved with
RM in Eq. 1 leads to good agreements in both the cali-
bration and validation (leave-one-out cross validation)
parameters.

Table 4 shows the predicted values for all the 96 anti-
fungal potencies and their corresponding residuals be-
tween parentheses. The plot of predicted versus
experimental activities shown in Figure 2 suggests that
the 80 training compounds follow a straight line. Figure
3 plots the residuals in terms of the experimental data
and demonstrates that the best molecular descriptors
given by Eq. 1 lead to a model that follows a normal dis-
tribution and that does not obey any kind of undesired
pattern, that would probably suggest the presence of
non-modelled factors contributing to the biological
activity. This figure includes three outlier heterocyclics
with a residual exceeding the value 2 Æ S: compounds
37, 40 and 75. Also, the correlation matrix for the
descriptors of the model in Table 5 reveals that the vari-
ables are not seriously intercorrelated and so justifying
the presence of all the variables in the model. The appli-
cation of the linear QSAR model (4) on the external test
set of 16 heterocyclics leads to a root mean square resid-
ual (rms) of 0.015, comparable to the GA value of 0.013
(see Table 3). These results confirm once again the RM
technique as a simple and useful tool for variable subset
selection. On the contrary, the highly non-linear Bayes-
ian-Regularized Neural Network hybridised with
Genetics Algorithm (BRANN-GA) approach performs
much better than both the GA and RM linear approach-
es in the present data set.

The QSAR model obtained with RM confirms the
reported GA result17 that various geometry-dependent
descriptors are relevant to the antifungal potencies, as
the model includes five 3D and one 2D structural vari-
able. These structural parameters can be classified as fol-
lows: (i) three 3D-MoRSE: Mor13v, Mor29p, Mor27v;
(ii) two GETAWAY: Leverage-weighted total index/
weighted by atomic polarizabilities, HATSp and H auto-
correlation of lag 8/unweighted, H8u; and (iii) one 2D-
Autocorrelation: Moran autocorrelation lag-6/weighted
by atomic Sanderson electronegativities, MATS6e. This
subset of descriptors assumes that the distribution of
atomic Sanderson electronegativity, volume and polariz-



Table 1. Structures and in vitro antifungal activities against Candida Albicans

Compound X Y Z R R1 R2 pMIC[M]

1a CH O — H H H 3.892

2a CH O — C(CH3)3 H H 4.001

3a CH O — NH2 H H 3.924

4a CH O — NHCOCH3 Cl H 4.059

5a CH O — Cl Cl H 4.024

6a CH O — NO2 Cl H 4.040

7a CH O — H NO2 H 4.282

8a CH O — CH3 NO2 H 4.308

9a CH O — C(CH3)3 NO2 H 4.375

10a CH O — NH2 NO2 H 4.310

11a CH O — Cl NO2 H 4.342

12a CH O — Br NO2 H 4.406

13a CH O — C2H5 NH2 H 3.979

14a CH O — F NH2 H 3.960

15a CH O — N(CH3)2 NH2 H 4.005

16a CH O — CH3 CH3 H 3.950

17a CH O — C2H5 CH3 H 3.977

18a CH O — OCH3 CH3 H 3.980

19a CH O — F CH3 H 3.958

20a CH O — NHCOCH3 CH3 H 4.027

21a CH O — NHCH3 CH3 H 3.979

22a CH O — N(CH3)2 CH3 H 4.004

23a N O — CH3 H H 4.225

24a N O — C2H5 H H 4.253

25a N O — OCH3 H H 4.257

26a N O — OC2H5 H H 4.283

27a N O — NH2 H H 4.227

28a N O — NO2 H H 4.285

29a CH O — Br NH2 H 4.110

30a CH O CH2 OCH3 H H 4.282

31a CH O CH2 NO2 H H 4.308

32a CH O CH2 H Cl H 4.290

33a CH O CH2 OCH3 Cl H 4.340

34a CH O CH2 Br Cl H 4.410

35a CH O CH2 NO2 Cl H 4.363

36a CH O CH2 H NO2 H 4.609

37a CH O CH2 OCH3 NO2 H 4.657

38a CH O CH2 Br NO2 H 4.725

39a CH O CH2 Cl NO2 H 4.664

40a CH O CH2O H H NO2 3.732

41a CH O CH2O Cl Cl NO2 3.831

42a CH O CH2S H NO2 H 4.359

43a CH O CH2S H CH3 H 4.009

44a N O CH2O H H H 4.26

45a N O CH2O Cl H H 4.319

46a CH NH CH2O Cl CH3 H 4.037

47a CH NH CH2S H NO2 H 4.358

48a CH NH CH2S H CH3 H 4.009

49a CH O CH2O H COOCH3 H 4.054

50a CH O CH2O Cl COOCH3 H 4.104

51a CH NH CH2O Cl COOCH3 H 4.102

52a CH NH CH2S H COOCH3 H 4.076

53a CH O C2H4 H NO2 H 4.331

54a N O C2H4 H H H 4.253

55a CH NH CH2O H NO2 H 4.283

56a CH NH CH2O Cl H H 4.015

57a CH NH CH2S H Cl H 4.041

58a CH NH C2H4 H H H 4.078

59a CH O CH2O H H CH3 3.981

60a CH O CH2O Cl Cl H 4.071

61a CH O CH2O Cl CH3 H 3.738

62a CH O CH2O Cl H CH3 3.738

63a CH O CH2O H Cl H 4.344

64a CH O CH2S H CH3 4.009

65a CH O CH2O H H H 3.955
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Table 1 (continued)

Compound X Y Z R R1 R2 pMIC[M]

66a CH O CH2O H NO2 H 4.034

67a CH O CH2O H Cl H 4.017

68a CH O CH2O Cl NO2 H 4.086

69a CH O CH2S H H H 4.286

70a CH O CH2S H Cl NO2 4.409

71a CH O CH2S H COOCH3 H 4.379

72a CH S CH2O H H H 3.684

73a CH S CH2O Cl H H 3.742

74a CH S CH2S H H H 4.013

75a CH NH CH2O H Cl H 4.316

76a CH NH CH2O H COOCH3 H 4.053

77a CH NH CH2O Cl Cl H 4.370

78a CH NH CH2NH H H H 3.951

79a CH NH CH2NH H CH3 H 3.977

80a CH NH C2H4 H Cl H 4.012

81b CH O - NHCH3 H H 3.952

82b CH O — C2H5 Cl H 4.013

83b CH O — NHCH3 Cl H 4.025

84b CH O CH2 H H H 4.223

85b CH O CH2 Cl H H 4.290

86b CH O CH2 NO2 NO2 H 4.680

87b CH O CH2 Br H H 4.360

88b CH O CH2O H CH3 H 3.980

89b CH O CH2O H Cl NO2 3.785

90b CH O CH2O Cl H H 4.016

91b CH O CH2O Cl H NO2 3.785

92b CH O CH2S H H NO2 4.360

93b CH NH CH2O H H H 3.953

94b CH NH CH2O H CH3 H 3.979

95b CH NH CH2S H H H 4.284

96b CH NH C2H4 H CH3 H 4.277

a Member of the training set.
b Member of the external test set.
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ability influences the variation of the antifungal activity
in the training set.

The orthogonalization and standardization22 of the
regression coefficients in Eq. 1 allows assigning more
importance to those variables exhibiting larger absolute
standardized orthogonal coefficients (shown in paren-
theses), therefore leading to the following ranking of
contributions to pMIC:

H8u >Mor13v>MATS6e>Mor29p>Mor27v>HATSp

ð0:46Þ ð0:42Þ ð0:41Þ ð0:33Þ ð0:26Þ ð0:23Þ
ð3Þ

It has to be noticed that the observed activities are
positive quantities, although this is not the case for
the molecular descriptors appearing in Eq. 1 as these
are real numbers that can take positive or negative
values. In example, from the standardization result
of (6) it is expected that higher values of descriptors
such as H8u, Mor13v or MATS6e, which tend to con-
tribute most to the antifungal potency, would cause
an increment in the pMIC predictions while assuming
that the remaining variables of the equation are held
invariant.

The 3D-MoRSE type of descriptor is obtained consider-
ing a molecular transform derived from an equation
used in electron diffraction studies.38 The electron
diffraction does not directly yield atomic coordinates,
but provides diffraction patterns from which the atomic
coordinates are derived by mathematical transforma-
tions. These codes are defined in order to reflect the con-
tribution at a prescribed scattering angle of an atomic
property such as mass (m), polarizability (p), electroneg-
ativity (e) or volume (v) to the property under investiga-
tion, and so enabling to differentiate the nature of
atoms. For example, in the case of Mor13v, the scatter-
ing angle is of 13 Å�1 and the atomic volumes are em-
ployed as weighting scheme.

All GETAWAY descriptors39 match the 3D-molecular
geometry and are derived from the elements hij of
the molecular influence matrix (H), obtained through
the numerical values of atomic Cartesian coordinates.
The diagonal elements of H (hii) are called leverages
and are considered to represent the influence of each
molecule atom in determining the whole shape of the
molecule. In example, the mantle atoms always have
higher hii values than atoms near the molecule centre.
Each off-diagonal element hij represents the degree of
accessibility of the jth atom to interactions with the ith
atom. Both GETAWAY variables appearing in Eq. 6
contemplate in their calculation a sum of atomic contri-
butions: HATSp considers the atomic polarizabilities
and the diagonal elements hii, while H8u remains
unweighted and assigns equal importance to each atom
employing the off-diagonal elements hij.



Table 2. Symbols for molecular descriptors involved in the QSAR models

Molecular descriptor Type Description

HATSp GETAWAY Leverage-weighted total index/weighted by atomic polarizabilities

Mor13v 3D-MoRSE 3D-MoRSE—signal 13/weighted by atomic van der Waals volumes

H8u GETAWAY H autocorrelation of lag 8/unweighted

MATS6e 2D-Autocorrelations Moran autocorrelation lag-6/weighted by atomic Sanderson electronegativities

Mor29p 3D-MoRSE 3D-MoRSE—signal 29/weighted by atomic polarizabilities

Mor27v 3D-MoRSE 3D-MoRSE—signal 27/weighted by atomic van der Waals volumes

nDB Constitutional Number of double bonds

L2s WHIM Second component size directional WHIM index/weighted by atomic electrotopological states

RDF060m RDFa Radial distribution function—6.0 weighted by atomic masses

Mor03p 3D-MoRSE 3D-MoRSE—signal 03/weighted by atomic polarizabilities

GATS4e 2D-Autocorrelations Geary Autocorrelation-lag 4/weighted by atomic Sanderson electronegativities

Mor19v 3D-MoRSE 3D-MoRSE—signal 19/weighted by atomic van der Waals volumes

Mor29v 3D-MoRSE 3D-MoRSE—signal 29/weighted by atomic van der Waals volumes

H5m GETAWAY H Autocorrelation of lag 5/weighted by atomic masses

RDF055u RDF Radial distribution function—5.5 unweighted

RDF085m RDF Radial distribution function—8.5 weighted by atomic masses

Mor10u 3D-MoRSE 3D-MoRSE—signal 10/unweighted

Mor25p 3D-MoRSE 3D-MoRSE—signal 25/weighted by atomic polarizabilities

L2e WHIM Second component size directional WHIM index/weighted by atomic Sanderson

R5e GETAWAY R autocorrelation of lag 5/weighted by atomic Sanderson electronegativities

R7e GETAWAY R autocorrelation of lag 7/weighted by atomic Sanderson electronegativities

Mor18p 3D-MoRSE 3D-MoRSE—signal 18/weighted by atomic polarizabilities

G1e WHIM First component symmetry directional WHIM index/weighted by atomic Sanderson

electronegativities

BEHm6 BCUT Highest eigenvalue no. 6 of Burden matriz/weighted by atomic masses

Mor18e 3D-MoRSE 3D-MoRSE—signal 18/weighted by atomic Sanderson electronegativities

E2u WHIM Second component accessibility directional WHIM index/unweighted

nO Constitutional Number of oxygen atoms

R8u GETAWAY R autocorrelation of lag 8/unweighted

PW4 Topological Path/walk 4—Randic shape index

MWC08 MWCb Molecular walk count of order 08

Mor19e 3D-MoRSE 3D-MoRSE—signal 19/weighted by atomic Sanderson electronegativities

nBnz Constitutional Number of benzene-like rings

a Radial distribution function.
b Molecular walk count.

Table 3. Statistical parameters for linear and non-linear QSAR models of antifungal activities reported17 and obtained in the present study (N = 80)

Model Variables R Rloo rms test seta

MLR-GA Mor13v, Mor19v, Mor27v, Mor29v, H8u, H5m 0.8733 0.8450 0.0130

BRANN Mor13v, Mor19v, Mor27v, Mor29v, H8u, H5m 0.9429 0.7900 0.0120

BRANN-GA RDF055u, RDF085m, Mor10u, Mor25p, E1u, H8v 0.9680 0.8300 0.0083

RM HATSp, Mor13v, H8u, MATS6e, Mor29p, Mor27v 0.8859 0.8617 0.0150

RM-CP HATSp, Mor13v, H8u, MATS6e, Mor29p, Mor27v 0.9555 0.9466 0.0118

a rms, root mean square residual.
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The structural variables introduced by Moran40 corre-
spond to bi-dimensional autocorrelations between pairs
of atoms in the molecule and are also defined to quantify
the contribution of a considered atomic property to the
analysed property. These can be readily calculated, that
is, by summing products of terms including the atomic
weights for the terminal atoms in all the paths of a
prescribed length. For the case of MATS6e, the path
connecting a pair of atoms has length 6 and involves
the atomic Sanderson electronegativities as weighting
scheme.

The employment of cross-products among the descrip-
tors of Eq. 1 of the form Xi Æ Xj Æ Xk generates a linear
RM-CP model that satisfies the following equation:
pMIC½M� ¼ 4:430ð�0:06Þ�0:155ð�0:03ÞHATSp �R7e �Mor18p

þ2:857ð�0:2ÞMor13v �G1e �BEHm6

�2:209ð�0:1ÞH8u �Mor18e �E2u

þ0:495ð�0:04ÞMATS6e �nO �R8u

þ35:060ð�2ÞMor29p �PW 4 �MWC08

þ0:548ð�0:05ÞMor27v �Mor19e �nBnz ð4Þ
N ¼ 80;R¼ 0:9555;S¼ 0:0674;F ¼ 127:600;

AIC¼ 0:00542;FIT ¼ 6:604;p< 10�4;

Rloo¼ 0:9466;Sloo¼ 0:0704;Rl�10%�o¼ 0:9302;Sl�10%�o¼ 0:0770

and, as can be immediately noticed from Table 3, it
yields a statistics of similar quality to that provided by
the more computational demanding Bayesian-Regular-



Table 4. Predicted in vitro antifungal activities by QSAR models

Compound pMIC[M]

Exp. Pred. Eq. 4 Pred. Eq. 7

1a 3.892 3.867 (0.025) 3.936 (�0.044)

2a 4.001 4.133 (�0.132) 4.036 (�0.036)

3a 3.924 4.083 (�0.159) 3.997 (�0.073)

4a 4.059 4.046 (0.013) 4.084 (�0.026)

5a 4.024 4.131 (�0.107) 4.038 (�0.014)

6a 4.040 4.197 (�0.157) 4.107 (�0.067)

7a 4.282 4.186 (0.096) 4.255 (0.027)

8a 4.308 4.296 (0.012) 4.310 (�0.002)

9a 4.375 4.440 (�0.065) 4.390 (�0.015)

10a 4.310 4.189 (0.121) 4.266 (0.043)

11a 4.342 4.228 (0.114) 4.380 (�0.038)

12a 4.406 4.259 (0.147) 4.404 (0.001)

13a 3.979 3.949 (0.030) 4.028 (�0.050)

14a 3.960 4.050 (�0.090) 3.979 (�0.020)

15a 4.005 4.011 (�0.006) 4.028 (�0.024)

16a 3.950 3.880 (0.070) 3.933 (0.017)

17a 3.977 3.871 (0.106) 3.862 (0.115)

18a 3.980 3.999 (�0.019) 4.002 (�0.023)

19a 3.958 4.032 (�0.074) 3.905 (0.053)

20a 4.027 3.984 (0.043) 4.024 (0.003)

21a 3.979 4.014 (�0.035) 3.978 (0.001)

22a 4.004 3.969 (0.035) 3.929 (0.074)

23a 4.225 4.175 (0.050) 4.255 (�0.030)

24a 4.253 4.190 (0.063) 4.200 (0.052)

25a 4.257 4.230 (0.027) 4.270 (�0.014)

26a 4.283 4.271 (0.012) 4.324 (�0.042)

27a 4.227 4.219 (0.008) 4.148 (0.079)

28a 4.285 4.309 (�0.024) 4.338 (�0.054)

29a 4.110 4.129 (�0.019) 4.063 (0.047)

30a 4.282 4.134 (0.148) 4.229 (0.052)

31a 4.308 4.385 (�0.077) 4.296 (0.012)

32a 4.290 4.342 (�0.052) 4.364 (�0.074)

33a 4.340 4.209 (0.131) 4.314 (0.026)

34a 4.410 4.547 (�0.137) 4.461 (�0.051)

35a 4.363 4.435 (�0.072) 4.399 (�0.037)

36a 4.609 4.620 (�0.011) 4.623 (�0.015)

37a 4.657 4.435 (0.222) 4.637 (0.020)

38a 4.725 4.798 (�0.073) 4.788 (�0.064)

39a 4.664 4.515 (0.149) 4.525 (0.138)

40a 3.732 4.043 (�0.311) 3.853 (�0.122)

41a 3.831 3.881 (�0.050) 3.773 (0.058)

42a 4.359 4.431 (�0.072) 4.386 (�0.027)

43a 4.009 4.073 (�0.064) 4.102 (�0.093)

44a 4.260 4.151 (0.109) 4.283 (�0.024)

45a 4.319 4.144 (0.175) 4.221 (0.098)

46a 4.037 4.106 (�0.069) 4.067 (�0.031)

47a 4.358 4.445 (�0.087) 4.275 (0.083)

48a 4.009 3.927 (0.082) 3.989 (0.019)

49a 4.054 4.000 (0.054) 4.040 (0.013)

50a 4.104 4.019 (0.085) 4.017 (0.087)

51a 4.102 4.211 (�0.109) 4.223 (�0.122)

52a 4.076 4.125 (�0.049) 4.064 (0.012)

53a 4.331 4.370 (�0.039) 4.300 (0.031)

54a 4.253 4.248 (0.005) 4.319 (�0.066)

55a 4.283 4.326 (�0.043) 4.282 (0.000)

56a 4.015 4.176 (�0.161) 4.148 (�0.133)

57a 4.041 4.035 (0.006) 4.127 (�0.087)

58a 4.078 4.095 (�0.017) 4.032 (0.045)

59a 3.981 3.903 (0.078) 3.846 (0.134)

60a 4.071 3.933 (0.138) 3.952 (0.119)

61a 3.738 3.895 (�0.157) 3.827 (�0.090)

62a 3.738 3.921 (�0.183) 3.854 (�0.116)

63a 4.344 4.291 (0.053) 4.312 (0.032)

64a 4.009 4.107 (�0.098) 4.049 (�0.041)

65a 3.955 3.958 (�0.003) 3.935 (0.020)

Table 4 (continued)

Compound pMIC[M]

Exp. Pred. Eq. 4 Pred. Eq. 7

66a 4.034 4.097 (�0.063) 4.040 (�0.007)

67a 4.017 4.047 (�0.030) 4.036 (�0.019)

68a 4.086 4.102 (�0.016) 4.106 (�0.021)

69a 4.286 4.167 (0.119) 4.182 (0.103)

70a 4.409 4.279 (0.130) 4.320 (0.088)

71a 4.379 4.311 (0.068) 4.403 (�0.025)

72a 3.684 3.857 (�0.173) 3.839 (�0.155)

73a 3.742 3.769 (�0.027) 3.770 (�0.029)

74a 4.013 3.972 (0.041) 3.961 (0.052)

75a 4.316 4.095 (0.221) 4.202 (0.113)

76a 4.053 4.092 (�0.039) 4.079 (�0.026)

77a 4.370 4.213 (0.157) 4.261 (0.108)

78a 3.951 3.946 (0.005) 3.933 (0.017)

79a 3.977 3.867 (0.110) 3.920 (0.057)

80a 4.012 4.099 (�0.087) 4.012 (0.000)

81b 3.952 4.109 (�0.157) 3.974 (�0.022)

82b 4.013 4.114 (�0.101) 4.091 (�0.078)

83b 4.025 4.078 (�0.053) 3.942 (0.082)

84b 4.223 4.245 (�0.022) 4.316 (�0.093)

85b 4.290 4.208 (0.082) 4.270 (0.020)

86b 4.680 4.566 (0.114) 4.575 (0.104)

87b 4.360 4.378 (�0.018) 4.305 (0.055)

88b 3.980 3.898 (0.082) 3.861 (0.119)

89b 3.785 3.890 (�0.105) 3.879 (�0.095)

90b 4.016 3.908 (0.108) 3.948 (0.067)

91b 3.785 4.009 (�0.224) 3.931 (�0.147)

92b 4.360 4.459 (�0.099) 4.449 (�0.090)

93b 3.953 4.057 (�0.104) 4.088 (�0.135)

94b 3.979 4.019 (�0.040) 4.070 (�0.091)

95b 4.284 4.268 (0.016) 4.237 (0.046)

96b 4.277 3.988 (0.289) 4.019 (0.258)

a Member of the training set.
b Member of the external test set.

Figure 2. Predicted and experimental antifungal activities for Eq. 4

(N = 80).

Figure 3. Dispersion plot of the residuals for Eq. 4 (N = 80).
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Table 5. Correlation matrix for descriptors of Eq. 4 (N = 80)

Symbol HATSp Mor13v H8u MATS6e Mor29p Mor27v

HATSp 1 0.4618 0.3606 0.3793 0.2471 0.5000

Mor13v 1 0.2557 0.3829 0.0821 0.4361

H8u 1 0.2422 0.5089 0.4834

MATS6e 1 0.0542 0.3969

Mor29p 1 0.4127

Mor27v 1

Figure 4. Predicted and experimental antifungal activities for Eq. 7

(N = 80).

Figure 5. Dispersion plot of the residuals for Eq. 7 (N = 80).
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ized Neural Networks hybridised with GA approach.
From the non-linear point of view, Eq. 4 can be seen
as a non-linear model for the optimal descriptors H8u,
Mor13v, MATS6e, Mor29p, Mor27v and HATSp found
by RM, with non-linear coefficients calculated as prod-
ucts of the remaining two descriptors in each term of
the equation. The correlation matrix for this model is
presented in Table 6 displaying low intercorrelations.
The predictions shown in Table 4 lead to the straight
line plotted in Figure 4 and reveal the presence of only
one outlier heterocyclic in Figure 5 exceeding the value
2 Æ S (compounds 39).

As a final practical application of the non-linear rela-
tionship derived we predict the antifungal activity for
some non-yet measured structures. To our knowledge,
the 60 molecular structures listed in Table 7 have no
measured values of pMIC. These structures were pro-
posed by modifying the functional groups of some of
the heterocyclics exhibiting the highest potency in the
set, such as compounds 34, 36, 69, 70 and 75.
3. Conclusions

We derived an alternative structure–antifungal activity
relationship employing linear and nonlinear regression
models possessing a predictive performance comparable
to those of Genetics Algorithms and Bayesian-Regular-
ized Neural Networks hybridised with GA approaches.
The best molecular descriptors appearing in the QSAR
equation are able to reflect the distribution of the atomic
Sanderson electronegativities, volumes and polarizabili-
ties influencing the variation of the antifungal activity in
the 96 heterocyclics under investigation.
4. Method

4.1. Data set

The 96 heterocyclic ring derivatives collected11 from the
literature consist of 2,5,6-trisubstituted benzoxazoles,
2,5-disubstituted benzimidazoles, 2-substituted benzo-
Table 6. Correlation matrix for descriptors of the RM-CP QSAR model of

symbol HATSp Mor13v H8u

HATSp 1 0.3419 0.3636

Mor13v 1 0.2634

H8u 1

MATS6e

Mor29p

Mor27v
thiazoles and 2-substituted oxazolo(4,5-b)pyridines.
The general structure for these compounds is displayed
in Figure 1. All in vitro inhibitory activities against
Candida albicans species are expressed as pMIC[M] =
�log(MIC[M]), with the quantity MIC(M) representing
the minimum inhibitory concentration in molar units. A
twofold serial dilution technique was employed to carry
out the activity essays. Table 1 includes the experimental
potencies for both the training and test sets of heterocyc-
lics as obtained from the application of the k-Means
Clustering technique.

4.2. Descriptors calculation

The structures of the compounds are first pre-optimized
with the Molecular Mechanics Force Field (MM+) pro-
cedure included in Hyperchem 6.03,27 and the resulting
geometries are further refined by means of the semiem-
pirical method PM3 (Parametric Method-3). We chose
a gradient norm limit of 0.01 kcal/Å for the geometry
optimization. We derived a pool of D = 1202 theoretical
descriptors from the software Dragon 5.020 including
several types of variables: constitutional, topological,
geometrical, charge, GETAWAY (Geometry, Topology
Eq. 7 (N = 80)

MATS6e Mor29p Mor27v

0.2656 0.2755 0.4637

0.2437 0.004898 0.3061

0.004254 0.5048 0.2906

1 0.1745 0.1597

1 0.3496

1



Table 7. Predicted in vitro antifungal activities for unknown compounds

Compound X Y Z R R1 R2 pMIC[M]

1 CH O CH2 F NO2 H 4.491

2 CH O CH2 NH2 NO2 H 4.618

3 CH O CH2 C(CH3)3 NO2 H 4.266

4 CH O CH2 NHCOCH3 NO2 H 4.586

5 CH O CH2 CH3 NO2 H 4.688

6 CH O CH2 C2H5 NO2 H 4.626

7 CH O CH2 N(CH3)2 NO2 H 4.465

8 CH O CH2 NHCH3 NO2 H 4.525

9 CH O CH2 OC2H5 NO2 H 4.500

10 CH O CH2 COOCH3 NO2 H 4.559

11 CH O CH2S H F NO2 4.173

12 CH O CH2S H NH2 NO2 4.243

13 CH O CH2S H C(CH3)3 NO2 3.839

14 CH O CH2S H NHCOCH3 NO2 3.939

15 CH O CH2S H CH3 NO2 4.238

16 CH O CH2S H C2H5 NO2 4.079

17 CH O CH2S H N(CH3)2 NO2 4.100

18 CH O CH2S H NHCH3 NO2 3.993

19 CH O CH2S H OC2H5 NO2 4.233

20 CH O CH2S H H NO2 4.231

21 CH O CH2S H OCH3 NO2 4.286

22 CH O CH2S H Br NO2 4.088

23 CH O CH2S H NO2 NO2 4.596

24 CH O CH2S H COOCH3 NO2 4.551

25 CH O CH2S H F H 4.151

26 CH O CH2S H NH2 H 4.126

27 CH O CH2S H C(CH3)3 H 4.111

28 CH O CH2S H NHCOCH3 H 4.231

29 CH O CH2S H Cl H 4.166

30 CH O CH2S H C2H5 H 4.114

31 CH O CH2S H N(CH3)2 H 3.850

32 CH O CH2S H NHCH3 H 3.996

33 CH O CH2S H OC2H5 H 4.022

34 CH O CH2S H OCH3 H 4.062

35 CH O CH2S H Br H 4.344

36 CH O CH2S H COOCH3 H 4.269

37 CH NH CH2O F Cl H 3.847

38 CH NH CH2O NH2 Cl H 4.185

39 CH NH CH2O C(CH3)3 Cl H 4.366

40 CH NH CH2O NHCOCH3 Cl H 3.673

41 CH NH CH2O CH3 Cl H 3.947

42 CH NH CH2O C2H5 Cl H 4.216

43 CH NH CH2O N(CH3)2 Cl H 4.103

44 CH NH CH2O NHCH3 Cl H 3.815

45 CH NH CH2O OC2H5 Cl H 3.821

46 CH NH CH2O OCH3 Cl H 3.858

47 CH NH CH2O Br Cl H 3.895

48 CH NH CH2O NO2 Cl H 4.108

49 CH NH CH2O COOCH3 Cl H 4.034

50 CH O CH2 F Cl H 3.898

51 CH O CH2 NH2 Cl H 4.010

52 CH O CH2 C(CH3)3 Cl H 4.335

53 CH O CH2 NHCOCH3 Cl H 4.223

54 CH O CH2 CH3 Cl H 3.997

55 CH O CH2 Cl Cl H 3.900

56 CH O CH2 C2H5 Cl H 3.934

57 CH O CH2 N(CH3)2 Cl H 4.123

58 CH O CH2 NHCH3 Cl H 4.236

59 CH O CH2 OC2H5 Cl H 4.040

60 CH O CH2 COOCH3 Cl H 4.017
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and Atoms-Weighted AssemblY), WHIM (Weighted
Holistic Invariant Molecular descriptors), 3D-MoRSE
(3D-Molecular Representation of Structure based on
Electron diffraction), molecular walk counts, BCUT
descriptors, 2D-Autocorrelations, aromaticity indices,
Randic molecular profiles, radial distribution functions,
functional groups and atom-centred fragments. We
excluded from our calculations the empirical and
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property-based descriptors provided by the software,
and also added more quantum-chemical type of descrip-
tors to the pool such as homo and lumo energies, and
homo–lumo gap.
4.3. Model search

In our calculations we employ the computer algebra sys-
tems Derive28 and Maple.29 It is our purpose to search a
large set D containing D descriptors for an optimal sub-
set of d ones that minimize the standard deviation S.
More precisely, we want to obtain the global minimum
of S(d) where d is a point in a space of D!/[d!(D � d)!]
ones. A full search (FS) of optimal variables requires
D!/[d!(D � d)!] linear regressions. The Forward Stepwise
Regression22 (FSR) consists of a step by step addition of
descriptors to the model, initially without any indepen-
dent variable present in the regression, until there is
no variable left outside the equation that minimizes its
S. Here we define the standard deviation as follows:

S ¼ 1

ðN � d � 1Þ
XN

i¼1

res2
i ; ð5Þ

where N is the number of molecules in the training set
and resi is the residual for molecule i (difference between
the experimental and predicted property). The FSR
sacrifices accuracy for a much smaller number of linear
regressions than a FS.

Some time ago we proposed the Replacement Method
(RM)23–26 that produces linear QSPR models that are
quite close to the FS ones with much less computational
work. The RM gives models with better statistical
parameters than the FSR and similar ones to the more
elaborated Genetics Algorithms.18 This technique
approaches the minimum of S by judiciously taking
into account the relative errors of the coefficients of
the least-squares model given by a set of d descriptors
d = {X1,X2, . . .,Xd}. The RM consists of the following
simple steps: we first choose a set d at random and per-
form a linear regression. Then we choose one of the
descriptors of this set, say Xi, and replace it with each
of the D descriptors of the pool D = {X1,X2, . . .,XD},
D� d (except itself) keeping the best resulting set (i.e.,
that with smallest S). Since one can start replacing any
of the d descriptors in the initial model, then there will
be d possible paths. Choose the variable in the resulting
model with the greatest relative error in its coefficient
(omitting the one replaced in the previous step) and re-
place it with all the D descriptors (except itself) keeping
again the best set. Replace all the remaining variables in
the same way by omitting those replaced in previous
steps. When finishing, start again with the variable hav-
ing the greatest relative error in the coefficient and
repeat the whole process. Repeat this process as many
times as necessary until the set of descriptors remains
unchanged. At the end, we have the best model for the
path i. Proceed in exactly the same way for all possible
paths i = 1,2, . . .,d, compare the resulting models and
keep the best one. Our numerical experiments show that
in this way one obtains a model almost as good as the
best FS one with much less than D!/[d!(D � d)!] linear
regressions when this combinatorial number is large.
We may carry out this calculation for d = 1,2, . . . in
order to obtain the overall best model.

The theoretical validation practiced in all our models is
based on the leave-more-out cross validation procedure
(l � n% � o),30 with n% representing the percentage of
molecules removed from the training set. This percent-
age depends simultaneously upon the number of com-
pounds N (one cannot remove many molecules from
the training set if a small sample is analysed as the nor-
mality condition of the fitted data has to be obeyed) and
their structural diversity (if the molecules are structural-
ly very different, more compounds would have to be re-
moved from the set for checking the predictive
performance of the model). In this study, we consider
n% = 10% for analysing N = 80 derivatives that include
a common pattern (see Fig. 1). The number of cases
for random removal in l � n% � o is 90,000.

The quality of the final optimized equations obtained
via the two approaches FSR and RM is compared by
means of two different criteria: the Akaike criterion
and the Kubinyi function. These represent alternative
criteria that are able to compare the quality of two dif-
ferent models and take into account in a single number
the number of variables of the equation, providing fur-
ther statistical details. Akaike’s information criterion
(AIC)31,32 considers the statistical goodness of fit and
the number of parameters that have to be estimated to
achieve that degree of fit:

AIC ¼
XN

i¼1

res2
i

 !
� ðN þ d þ 1Þ
ðN � d � 1Þ2

: ð6Þ

Therefore, the model that produces the minimum AIC
value should be considered potentially the most useful.
The Kubinyi function (FIT)33,34 closely relates to the
Fisher ratio (F), although the main disadvantage of F is
its sensitivity to changes in d, if d is small, and its lower
sensitivity if d is large. The FIT criterion has a low sensi-
tivity towards changes in d values, as long as they are small
numbers, and a substantially increasing sensitivity for
large d values. The following equation is employed:

FIT ¼ R2 � ðN � d � 1Þ
ðN þ d2Þ � ð1� R2Þ

; ð7Þ

where R is the correlation coefficient. The best model
will present the highest value of the FIT function.

In order to improve the predictive performance of the
linear regression model found that includes the best sub-
set d, we derive new QSAR relationships as follows: we
add to the pool D with D = 1202 new variables (of the
form Xi Æ Xj) calculated by performing cross-products
between each of the d optimal descriptors of the model
and descriptors from the set D. This leads to a pool
DD composed of DD = D Æ d + D descriptors (in the
present study, DD = 8414). After that, we apply the
RM on DD and find a new model with an optimal
new subset dDD. As a further step, we also consider a
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pool DDD obtained by adding to the pool D the subset
dDD found previously and new variables (now of the
form Xi Æ Xj Æ Xk) calculated by performing cross-prod-
ucts between descriptors from dDD and descriptors from
D, thus leading to DDD = D Æ d + D + d descriptors
(DDD = 8420 here). Therefore, we apply RM on DDD
and find a new model with the optimal subset dDDD.
This type of model is denoted as RM-CP throughout
the article, meaning that optimal cross-products among
descriptors are selected with the Replacement Method
optimization technique. In this way we expect that the
RM-CP algorithm allows establishing non-linear rela-
tionships between the optimal (linear) descriptors d
searched with the RM algorithm and the property under
investigation.

We employ the stepwise orthogonalization procedure
introduced several years ago by Randic35–37 as a way
of improving the statistical interpretation of the model
built by interrelated indices. From our point of view,
the co-linearity of the molecular descriptors should be
as low as possible, because the interrelatedness among
the different descriptors can lead to highly unstable
regression coefficients, which makes it impossible to
know the relative importance of an index and underesti-
mates the utility of the regression coefficients of the
model. The crucial step of the orthogonalization process
is the choice of an appropriate order of orthogonaliza-
tion, which in the present analysis is the order that
maximises the correlation between each orthogonal
descriptor and the observed antifungal activity.
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