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The most important limitation of antifungal QSAR models is that they predict the biological activity of
drugs against only one fungal species. This is determined due the fact that most of the up-to-date
reported molecular descriptors encode only information about the molecular structure. Consequently,
predicting the probability with which a drug is active against different fungal species with a single
unifying model is a goal of major importance. Herein, we use the Markov Chain theory to calculate new
multi-target spectral moments to fit a QSAR model that predicts the antifungal activity of more than 280
drugs against 90 fungi species. Linear discriminant analysis (LDA) was used to classify drugs into two
classes as active or non-active against the different tested fungal species whose data we processed. The
model correctly classifies 12 434 out of 12 566 non-active compounds (98.95%) and 421 out of 468 active
compounds (89.96%). Overall training predictability was 98.63%. Validation of the model was carried out
by means of external predicting series, the model classifying, thus, 6216 out of 6277 non-active
compounds and 215 out of 239 active compounds. Overall training predictability was 98.7%. The present
is the first attempt to calculate, within a unifying framework, the probabilities of antifungal action of
drugs against many different species based on spectral moment’s analysis.

© 2009 Elsevier Masson SAS. All rights reserved.

1. Introduction

Infections caused by fungi have increased dramatically during
the past decades. Systemic mycoses mainly appear concomitant
with other diseases or are caused by treatment with chemothera-
peutics, for instance with cytostatics. In any case, the most
dangerous fungal diseases are those related to opportunistic
infections of immunocompromised patients because they have an
immune system disorder, such as HIV infection. Endocarditis
caused by fungi has been observed in patients with drug depen-
dence. So far, many of the new compounds could not be introduced
into therapy, mainly for two reasons: (i) poor selectivity and (ii)
difficulties in getting into the cytoplasm of fungal cells and/or in
gastrointestinal absorption [1-4].
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In this sense, a very important role may be played by computer-
aided drug design techniques based on multi-target quantitative
structure-activity relationships (mt-QSAR) studies. It means that
they are models connecting the structure of drugs with the biological
activity against different targets (microbial species in the case of
antimicrobial drugs) [5,6]. This kind of study may also help in a multi
objective optimization (MOOP) of desired properties or activity of
drugs against different targets; see for instance the recent works
carried out by Cruz-Monteagudo in the topic [7,8]. In principle, up to
date there are over 1500 molecular descriptors that may be gener-
alized and used to solve the former problem [9-12]. Many of these
indices are known as topological indices (TIs) or simply invariants of
a molecular graph, whose vertices are atoms weighed with physi-
cochemical properties (mass, polarity, electro negativity, or charge)
[13]. Unfortunately, almost antifungal QSAR studies reported up-to-
date are based on molecular descriptors and databases of structurally
parent compounds applicable to only one single fungi species. As
a result, the researcher interested on predicting, for instance, the
antifungal activity for a given series of compounds needs to use/
develop as many QSAR equations as combinations of families of
compounds vs. fungi species are necessary to be predicted.
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Therefore, it is of major interest the development of one single
unified equation explaining the antifungal activity of structurally
heterogeneous series of compounds against as many fungus species
as possible [14,15]. In fact, other mt-QSAR approaches, with
demonstrated usefulness, have been introduced recently in medic-
inal chemistry [16-18]. We introduced a Markov Model encoding
molecular backbones information. The method was named the
MARCH-INSIDE, MARkovian CHemicals IN Sllico Design [19]. It
allowed us introducing matrix invariants such as stochastic entro-
pies, potentials, and spectral moments for the study of molecular
properties [20,21]. Specifically, the stochastic spectral moments
introduced by our group have been largely used for small molecule
mt-QSAR problems including the design of fluckicidal, anticancer
and antihypertensive drugs [22]. Applications to macromolecules
have been restricted to the field of RNA without applications to
proteins [23-26]. The QSAR models based on different MARCH-
INSIDE indices may be very useful to optimize important aspects
such as activity, toxicity or pharmacokinetics using one single model
in many bioorganic and medicinal chemistry problems such as:
estimation of anticoccidial activity, modelling the interaction
between drugs and HIV-packaging-region RNA, and predicting
proteins and virus activity [27-29]. In recent studies, the MARCH-
INSIDE method has been extended to encompass molecular envi-
ronment, interesting information in addition to molecular structure
[30,31]. In three recent reviews, we discussed the multiple applica-
tions of MARCH-INISDE to classic QSAR, macromolecular QSAR, and
specially mt-QSAR [32-34]. However, we have never used before
stochastic spectral moments to develop a mt-QSAR for antifungal
drugs. In this work, we develop, for the first time, a single linear
equation based on these previous ideas to predict the antifungal
activity of drugs against different species.

2. Methods

2.1. Markov thermodynamics for drug-target step-by-step
interaction

Let us consider a hypothetical situation in which a drug molecule
is free in the space at an arbitrary initial time (tp). It is then inter-
esting to develop a simple stochastic model for a step-by-step
interaction between the atoms of a drug molecule and a molecular
receptor at the time of triggering the pharmacological effect. For the
sake of simplicity, from now on, we are going to consider a general
structure-less molecular receptor or drug-target, understanding by
structure-less receptor a receptor whose chemical structure is not
taken into consideration. In our model, we approach this problem
considering the free energy "g,-j(s) of interaction between an atom in
the drug and the drug receptor after k-steps or previous interactions.
We state that "gij(s) is also a state function and the symbol g points
precisely to Gibbs energy. s indicates that this energy depends on the
specific drug target in different microbial species. Afterwards, the
interaction has to define the free energy of interaction kg,j(s)
between the j-th atom and the receptor for a specific microbial
species (s) given that i-th atom has been interacted at a previous time
tx. So, one can suppose that, atoms begin binding to this receptor in
discrete intervals of time t;. However, there are several alternative
ways in which such step-by-step binding process may occur. In this
picture, the free energy lg,-j(s) can be defined by analogy as depen-
dent on a constant for the atom-target interaction I'y(s) [14, 22]:

lg;(s) = —RTlog'T';(s). (1)

The present approach to antimicrobial-receptor interaction has
two main drawbacks. The first is the difficulty of defining the
constants. In this work, we solve the first question by estimating

the use of the ratio of occurrence nj(s) of the j-th atom on active
molecules against a given species (frequency of effective interac-
tions) with respect to the number of atoms of the j-th class in the
molecules tested against the same species n(s). Consequently, one
of the most important steps is the change on the value of the atomic
weights used kgij(s) for different pathogen species. Regarding 1Fij(s),
we must take into account that once the j-th atoms have interacted,
the preferred candidates for the next interaction are those i-th
atoms bound to j by a chemical bond [22]:

'Ty(s) = (%WH) _ o8y (S)/RT )

where o;; are the elements of the atom adjacency matrix, nj(s), ni(s),
and 1g,~j(s) have been defined in the paragraph above, R is the
universal gases constant, and T the absolute temperature. The
number 1 is added to avoid forbidden negative values as inputs for
the logarithmic function. The second problem relates to the
description of the interaction process at higher times ti > ti.
Therefore, Markov Chain theory enables a simple calculation of the
probabilities with which the drug-receptor interaction takes place
in the time until the antimicrobial effect is achieved. As depicted in
Fig. 1, this model deals with the calculation of the probabilities ("pij)
with which any arbitrary molecular atom j-th binds to the struc-
ture-less molecular receptor given that other atom i-th has been
bound before; along discrete time periods ty (k=1,2,3,...); (k=11in
grey), (k=2 in blue) and (k=3 in red) throughout the chemical
bonding system. The procedure described here considers the atoms
of the molecule as states of the Markov Chain. The method arranges
all the 1gij(s) free energies of interaction as a squared table of n x n
dimension. After normalization of the matrix we can built up the
corresponding stochastic matrix 'II(s), which has the elements
1mj(s). The matrix is called the 1-step drug-target interaction
stochastic matrix. 1TI(s) is too built as a squared table of order n,
where n represents the number of atoms in the molecule. The
elements 17T[]'(S) of the 1-step drug-target interaction stochastic
matrix are the binding probabilities with which a j-th atom binds to
a structure-less molecular receptor given that other i-th atoms have
been interacted before at a time t; =1[22]:

) 'g;i(s) (- RT)log(% i 1)
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- e .
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Such a model is stochastic per se (probabilistic step-by-step
atom-receptor interaction in time) but also considers molecular
connectivity (the step-by-step atom union in space throughout the
chemical bonding system). One can calculate the atomic spectral
moments ug(j) = ¥mj(s), values on the main diagonal (i =j) of the
matrix, in order to numerically characterize the propensity with
which a specific atom interacts several times with a drug receptor.
In addition, the ",us(i) can be summed for specific atom sets (AS) to
create local molecular descriptors ¥ug(AS) for the drug-target
interaction. Herein the AS used were as follows: halogens (X),
unsaturated carbons (Cjys), saturated carbons (Csat), heteroatom
(Het), and hydrogen bound to heteroatom (H-Het). The corre-
sponding symbols of the local spectral moments for these AS are:
wi(X,8), i Cins,S), ti(Csat,S), uk(Het,s), ur(H-Het,s). Finally, the sum of
all atoms (it means that AS = Total contains all atoms) is useful as
a total molecular descriptor.
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Fig. 1.
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2.2. Statistical analysis

As a continuation of the previous sections, we can attempt to
develop a simple linear QSAR with the general formula:

Actv = ao®ug(AS) + a; ' ug(AS) + ax?ug(AS) + a3 (AS)- -
+a*ug(AS) + by, (5)

Here, Kug(AS) are the spectral moments described above that act
as molecule-target interaction descriptors specific for each drug-
microbial specie pair. We selected Linear Discriminant Analysis
(LDA) to fit the classification functions. The model deals with the
classification of a set of compounds as active or not-active against
different microbial species [35]. A dummy variable (Actv) was used
to codify the antimicrobial activity. This variable indicates either

the presence (Actv=1) or absence (Actv=—1) of antimicrobial
activity of the drug against specific species. In Eq. (5), ax represents
the coefficients of the classification function, determined by the
least square method as implemented in the LDA module of the
STATISTICA 6.0 software package [36]. Forward stepwise strategy
was set as the one used for variable selection [35]. The quality of
LDA models was determined by examining Wilk’s U statistic, Fisher
ratio (F), and the p-level (p). We also inspected the accuracy,
sensitivity, and specificity of the method. The validation of the
model was corroborated by external validation series [35].

2.3. Data set

The data set was formed by a set of marketed and/or very
recently reported antifungal drugs which low reported low
MICsp <10 uM against different fungus. The data set was
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conformed to more than 280 different drugs experimentally tested
against some species of a list of 90. Not all drugs were tested in the
literature against all listed species so we were able to collect 19550
cases (drug/species pairs) instead of 280 x 90 cases. The names or
codes and activity for all compounds as well as the references used
to collect them are depicted in Table 1SM of the supplementary
material file.

3. Results and discussion

One of the main advantages of the present stochastic approach
is the possibility of deriving average thermodynamic parameters
depending on the probability of the states of the MM. The gener-
alized parameters fit on a more clearly physicochemical sense with
respect to our previous ones [20,37,38]. More specifically, this work
introduces for the first time a single linear QSAR equation model to
predict the antifungal activity of drugs against different fungal
species. The best model found was:

actv = —3.44-5u (Het) — 3.18-2u (H-Het)
— 3.85-2 4 (Csar)4.76 - 4 (Csar) — 4.61 > (Csar)
+28.26-%u (T) — 29.26
A = 033; x> = 14367.94; p < 0.001. (6)

In the model, the coefficient A is the Wilk’s statistic; statistic for
the overall discrimination, y? is the Chi-square, and p the error
level. In this equation, ",us were calculated for the total (T) of atoms
in the molecule or for specific collections of atoms. These collec-
tions are atoms with a common characteristic for instance:
heteroatom (Het) and hydrogen bound to heteroatom (H-Het) and
saturated Carbon atoms (Cs,¢). The model correctly classifies 12 434
out of 12566 non-active compounds (98.95%) and 421 out of 468
active compounds (89.96%). Overall training predictability was
98.63%. The validation of the model was carried out by means of
external predicting series, the model classifying, thus, 6216 out of
6277 non-active compounds and 215 out of 239 active compounds,
see Table 1. These results were received very well by the authors
who developed LDA and also non-linear QSAR classification models
[39-72].

The most interesting characteristic of the present model is that
the Ku used as molecular descriptors depend both on the molecular
structure of the drug and the fungus species against which the drug
must act. The codification of the molecular structure is basically
due to the use of the adjacent factor «; to encode atom-atom
bonding, molecular connectivity. The other aspect that allows
encoding molecular structural changes is that the spectral moment
kps are atom-class specific. This property is related to the definition
of *us. The values of these species, specific atomic standard free
energies reported herein for the first time, are given in Table 2 for
some atoms and more than 90 species. For example, one change in

Table 1

Results of the model, analysis, validation.

Parameter % Classes Non-active Antifungal
Analysis

Sensitivity 98.95 Non-active 12434 132
Specificity 89.96 Antifungal 47 421
Accuracy 98.63

Validation

Sensitivity 99.03 Non-active 6216 61
Specificty 89.96 Antifungal 24 215
Accuracy 98.70

The positive cases are in bold.
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Table 2

Standard atomic free energy values for atom-receptor interactions.

Fungi C H N (0] S Cl F
Absidia coryambifera 026 027 021 028 000 030 011
Achaetomium strumarium 0.55 055 057 044 000 085 054
Acremonium spp. 094 095 09 094 030 110 0.87
Apophysomyces elegans 022 023 018 026 000 030 015
Aspergillus candidus 066 065 069 063 0.00 060 0.73
Aspergillus flavipes 072 069 0.77 065 0.00 060 0.82
Aspergillus flavus 021 019 019 020 000 029 023
Aspergillus fumigatus 0.00 0.00 0.00 0.00 000 0.00 0.00
Aspergillus glaucus 060 060 060 060 0.00 060 0.60
Aspergillus nidulans 0.02 001 0.02 000 018 0.00 0.05
Aspergillus niger 0.03 0.03 003 0.3 000 0.03 0.04
Aspergillus ochraceus 042 040 044 048 0.00 018 0.52
Aspergillus spp. 0.11 0.11 010 012 0.00 012 0.09
Aspergillus sydowii 175 173 181 164 0.00 194 174
Aspergillus terreus 064 061 066 058 000 075 0.78
Aspergillus ustus 024 021 033 013 0.00 030 0.22
Aspergillus versicolor 093 095 099 095 095 088 0.89
Bipolaris spp. 099 103 094 105 090 100 093
Bjerkandera adusta 060 059 057 059 0.00 060 0.69
Blastomyces dermatitidis 134 134 138 133 0.00 123 140
Candida albicans 0.03 0.03 002 005 001 0.04 001
Candida dubliniensis 0.01 0.1 001 0.01 000 0.01 0.00
Candida famata 033 031 027 033 000 030 044
Candida glabrata 025 025 020 027 025 026 019
Candida guilliermondii 032 031 033 034 027 037 030
Candida kefyr 0.08 0.07 006 0.01 040 012 0.03
Candida krusei 002 0.02 002 0.02 000 001 0.03
Candida lusitaniae 0.03 0.02 003 0.2 000 0.02 0.07
Candida neoformans 029 027 028 026 0.00 018 0.65
Candida parapsilosis 0.01 000 0.01 000 0.05 0.00 0.02
Candida tropicalis 002 0.02 002 0.02 000 003 0.02
Candida utilis 022 022 024 041 000 030 030
Chaetomium atrobrunneum 026 027 027 020 000 048 023
Chaetomium globosum 022 024 019 019 000 030 0.09
Chaetomium nigrocolor 027 026 029 020 000 0.0 030
Chrysosporium spp. 123 124 137 112 090 123 133
Coccidioides immitis 024 023 019 022 000 030 015
Cokeromyces recurvatus 049 047 042 036 0.00 081 036
Coprinus species 012 015 015 025 0.00 0.00 0.00
Cryptococcus laurentii 0.06 005 0.03 008 0.00 012 0.09
Cryptococcus neoformans 0.02 002 0.01 002 0.05 003 0.01
Cunninghamella spp. 132 137 111 146 0.00 157 0.15
Epidermophyton floccosum 021 020 025 013 030 021 0.26
Fusarium oxysporum 052 042 044 017 0.60 090 0.00
Fusarium solani 013 010 018 0.06 0.00 022 040
Fusarium spp. 023 020 031 016 0.00 054 030
Madurella mycetomatis 0.05 003 010 002 0.00 0.08 0.90
Malassezia furfur 026 025 022 033 000 039 023
Malassezia pachydermatis 050 051 045 060 030 041 061
Malassezia slooffiae 029 029 028 028 0.00 030 0.27
Malassezia sympodialis 022 023 014 027 000 022 o011
Microsporum audouinii 025 026 022 025 0.00 030 0.19
Microsporum canis 016 016 012 020 0.00 0.28 0.06
Microsporum cookei 035 036 032 029 000 032 030
Microsporum ferrugineur 030 030 029 028 000 030 030
Microsporum fulvum 016 018 015 022 0.00 0.08 0.15
Microsporum gallinae 028 029 026 027 000 030 023
Microsporum gypseum 018 019 022 026 0.00 016 0.25
Microsporum nanum 023 025 025 026 000 0.08 030
Microsporum praecox 037 036 041 029 0.00 015 0.63
Microsporum racemosum 012 014 0.07 019 0.00 0.00 0.11
Mucor spp. 073 074 061 077 0.00 093 054
Paecilomyces lilacinus 0.07 008 0.07 009 0.00 0.08 0.04
Paecilomyces spp. 030 030 030 030 030 030 030
Paecilomyces variotii 0.06 006 0.06 0.6 000 0.03 0.08
Rhizopus oryzae 072 073 058 073 0.00 08 0.78
Rhizopus spp. 096 099 090 102 048 110 0.78
Rhodotorula glutinis 016 015 016 015 0.00 0.22 019
Saccharomyces cerevisiae 013 012 017 012 0.00 030 0.25
Saksenaea vasiformis 035 029 042 021 0.00 040 0.57
Scedosporium apiospermum 010 010 015 010 0.00 0.06 0.15
Scedosporium prolificans 009 0.08 010 0.07 000 0.06 012
Schizophyllum commune 055 051 047 039 0.00 090 0.38
Sporobolomyces salmonicolor 029 028 0.27 021 0.00 064 0.25
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Table 2 (continued )

Fungi C H N 0 S cl F

Trichophyton ajelloi 020 020 019 025 000 023 021
Trichophyton balcaneum 028 029 026 027 000 030 023
Trichophyton concentricum 028 029 026 027 000 030 023
Trichophyton erinacei 164 173 157 183 000 113 165
Trichophyton interdigitale 047 047 051 037 000 032 073

Trichophyton mentagrophytes 0.16 016 012 020 0.00 0.28 0.06
Trichophyton phaseoliforme 047 047 051 037 000 032 0.73

Trichophyton rubrum 016 017 013 022 000 0.28 0.06
Trichophyton schoenleinii 028 029 026 027 000 030 023
Trichophyton simii 033 033 034 031 000 030 036
Trichophyton tonsurans 030 030 030 030 000 030 030
Trichophyton verrucosum 034 035 032 029 000 032 030
Trichophyton violaceum 021 023 021 028 012 010 0.28
Trichosporon asahii 0.08 007 012 005 0.00 022 015
Trichosporon spp. 021 023 018 026 000 030 0.15
Unidentified basidiomycetes 028 028 023 029 000 030 021
Wangiella dermatitidis 025 023 027 030 030 0.00 0.00

the molecular structure, e.g. F by O, necessarily implies a change in
the moments of interaction. Moreover, the most interesting fact is
that Xus are the molecular descriptors reported for antimicrobial
mt-QSAR studies able to distinguish among a large number of
fungal species.

As an end result of the above mentioned flexible definition of
the present approach, it was possible to model for the first time
some very heterogeneous and diverse data with more than 19 000
cases. The posterior validation probabilities predicted for every
drug-species pair are depicted in Table 1SM of the supplementary
material file. The present work is the first reported unifying model,
using moments ¥us as a molecular descriptor that allows a pre-
dicting antifungal activity of any organic compound against a very
large diversity of fungal pathogens.

4. Conclusion

The present mt-QSAR methodology with a very large data set
improves significantly the previous QSAR models and may help to
perform MOOP of drug activity against different species. It deter-
mines that the mt-QSAR methodology may be able to predict the
biological activity of drugs in more general situations than the
traditional QSAR models, whose greatest limitation is predicting
the biological activity of drugs against only one fungi species. This
mt-QSAR methodology improves models using spectral moments
as a molecular descriptor that allow predicting antifungal activity of
any organic compound against a very large diversity of fungal
pathogens.
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