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Abstract. There are many pathogen microbial species with very different antimicrobial drugs susceptibility.
In this work, we selected pairs of antifungal drugs with similar/dissimilar species predicted-activity profile
and represented it as a large network, which may be used to identify drugs with similar mechanism of action.
Computational chemistry prediction of the biological activity based on quantitative structure-activity
relationships (QSAR) susbtantialy increases the potentialities of this kind of networks avoiding time and
resources consming experiments. Unfortunately, almost QSAR models are unspecific or predict activity
against only one species. To solve this problem we developed here a multi-species QSAR classification
model, which outputs were the inputs of the above-mentioned network. Overall model classification accuracy
was 87.0% (161/185 compounds) in training, 83.4% (50/61) in validation, and 83.7% for 288 additional
antifungal compounds used to extent model validation for network construction. The network predicted has 59
nodes (compounds), 648 edges (pairs of compounds with similar activity), low coverage density d = 37.8%,
and distribution more close to normal than to exponential. These results are more characteristic of a not-over-
estimated random network, clustering different drug mechanisms of actions, than of a less useful power-law
network with few mechanisms (network hubs).
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Introduction

There is a high interest on the search of rational approaches for antimicrobial drugs discovery. In particular,
fungi-caused infections have increased dramatically during the past decades. Systemic mycoses mainly appear
concomitant with other diseases or are caused by treatment with chemotherapeutics, for instance with
cytostatics. At risk are patients after organ transplantation treated with immunosuppressives or those suffering
with a weakened immune system, for example patients with AIDS. In this sense, quantitative structure-
activity relationships (QSAR) studies may play an important role. Disappointingly, QSAR studies are
generally based on databases considering only structurally parent compounds acting against one single
microbial species.’?

There are more than 1 600 molecular descriptors that may be in principle generalized and used to solve the
former problem.* In any case, no one of these indices have been extended yet to encode information
additional to chemical structure.>” Our group has introduced elsewhere a Markov model (MM) method named
MARCH-INSIDE, MARKkovian CHemicals IN Sllico Design. AMRCH-INSIDE use matrix invariants such as
stochastic entropies and spectral moments for the study of molecular properties.2’® Stochastic spectral
moments have been used for QSAR problems including the design of antimicrobial and anticancer drugs as
well as for RNA and proteins QSAR problems.***® Otherwise, entropy like parameters has demonstrated
flexibility to treat many problems.’*® In recent studies the MARCH-INSIDE method has been extended to
encompass molecular environment information in addition to molecular structure calculating thermodynamic
free energy for many physicochemical and biological processes.?* This approach take into consideration the
molecular structure and the effect of the anitimicrobial over different species.?***
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In fact, there are many pathogen microbial species whith very different antimicrobial drugs susceptibility.
This very high number of drug-species combinations may be investigated using networks to group or cluster
drugs with similar multi-species activity profile and possibliy mechanism of action. We can use different
classes of networks such as: artifical neural networks (ANN) #>*® to mining datasets, depicting relationships
between within the genetic code,*”* or representing relationships between proteins, genes, RNAs, organisms,
or even non-living objects.***® Specifically, co-expression networks can be constructed by measuring the
expression of pairs or genes in different tissues.”*®® Similarly, protein networks can be constructed from pair-
wise experimentally or theoretically stablished protein-protein interactions.***®® In co-expression networks
two RNAs are connected (supposed to be involved in common mechanism of regulation) if the levels of both
RNAs for different tissues strongly correlate.®” We propose to use the same network approach to study mulit-
species antimicrobials drug action. In this case, the antimicrobial drug plays the role of the RNA molecule and
the drug activity against different species activity play the role of RNA level of expression in different tissues.
In the co-expression network we need to measure each RNA tissue profile if we do not have a computational
approach to predict it.>*®® For antimicrobials networks; we need to measure the activity of the drug against
different species. Consequently, the QSAR method used for antimicrobials multi-species network construction
must be able to make multi-species prediction of the antimicrobial activity.

In this work, we selected by the first time pairs of antifungal drugs with similar/dissimilar multi-species
predicted-activity profile and represented it as a large network, which may be used to identify drugs with
similar mechanism of action. First, we developed a multi-species QSAR classification model, which ouputs
were the inputs of the above-mentioned network. Next, we used the outputs of this QSAR model to construct
a network with low coverage density and normal-like distribution for antifungal compounds having similar
multi-species activity. These results are more characteristic of a not-over-estimated random network,
clustering different drug mechanisms of actions, than of a less useful power-law network with few
mechanisms (network hubs).®® We illustrate the use of the network for azole drugs such as voriconazole,
miconazole, fluconazole and others. The present work reports by the first time the use of QSAR
computational techniques to construct multi-species activity networks for antimicrobial drugs.

Materials and methods

Absolute probabilities for drug-target step-by-step interaction

By using, Chapman-Kolgomorov equations we can calculate the absolute probabilities “m(j,s) for the

interaction in many step of different j-th atoms with the receptors in different microbial species (s). The

Am(j,s) can be determined as the elements of the vectors “a(s). These vectors are elemnts of a Markov chain

based on the stochastic matrix “TI, which describes conditional probabilities of interaction of the j-th atom

given that previously other i-th atom has interacted with the receptor. The theoretic foundations of the
methocigg?ve been given in previous works, so we do not detail it here but refer the reader to these
works:“*
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The “m(j,s) can be summed for specific sets of atoms (AS) to create local molecular descriptors for the
drug-target interaction. Herein the AS used were: halogens (X), insaturated carbons (Cins), saturated carbons
(Csar), heteroatoms (Het), and hydrogens bound to heteroatoms (H-Het). The corresponding symbols of the
local absolute probabilities for these AS are: “m(X,s), “m(Cins,S), “m(Csar,S), “mc(Het,s), “m(H-Het,s). In this
study, we calculated the first six classes of probabilities (k = 0 to 5) for the 5 AS in total 6-5 = 30 molecular
descriptors.?

Statistical analysis

As a continuation of the previous sections, we can attempt to develop a simple linear QSAR using the
MARCH-INSIDE methodology, as defined previously, with the general formula:*
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Here, the absolute probabilities “m(C,s) play the role of molecule-target interaction descriptors for specific
microbial species. 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 against different microbial species.
A dummy variable (Actv) was used to codify the antimicrobial acitivity. This variable indicates either the
presence (Actv = 1) or absence (Actv = —1) of antimicrobial activity of the drug against the microbe species in
question. In equation (8), by represents the coefficients of the classification function, determined by the LDA
module of the STATISTICA 6.0 software package’* using forward stepwise strategy for variable
selection.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 percentage of good classification. Validation of the model was
corroborated with external prediction series.*?

Data set

The data set was conformed by a set of marketed and/or very recently reported antifungal drugs which low
reported MICso < 10 uM against different fungus. The three data sets used were as follows training series: 107
active compounds plus 78 non-active compounds (185 in total); predicting series: 36 + 74 = 110 in total,
virtuals screening 288 active compounds. The literature reports experimental test of each drug against some
but not all species of a list of 87. In consequence we were able to collect 583 cases (drug/species pairs). The
names or codes for all compounds are depicted in Table 1SM (upon request to authors) of the supplementary
material by reasons of space as well as the references consulted to compile the data, which appear bellow this
table.

Network construction

In order to perform the antimicrobials multi-specie activity with a network approach we carried out the
following steps:

1. First, we calculated the molecular descriptors include in the QSAR equation for 59 selected drugs using
the MARCH-INSIDE software. "

2. We calculated the scores of biological activity of each one of the 59 drugs against all the fungus species
studied here by substiting the molecular descriptors into the QSAR equation using the Microsoft Excel
application.”

3. All the activity scores predicted were organized into a Table of drugs (rows) vs. species (columns),
which was used as input for the software STATISTICA employed to calculate drug-drug multispecies
correlations in the form of Pearson r coefficients. These correlations were represented actually as distances (1-
Pearson r) between drugs pairs. The Pearson distance matrix was derived using the software package
STATISTICA.™

4. Using Microsoft excel”® again we transformed the drug pair distances matrix derived with Statistic into
into a Boolean matrix. The elements of this matrix are equal to 1 if two drugs have a high correlation or the
same are very close (short distance (1-Pearson r)). The threshold value used was a distance of 0.005. The line
command used in Excel to transform the distance matrix into a Boolean matrix was f = if (A$1=$B2,0, if
(B2>0.0051, 0, 1)). It allows transforming distance into Boolean values and equals the main diagonal
elements to 0 avoiding loops in the future network. The Boolean matrix was saved as a txt format file.

5. After, renamed the .txt file as a .mat file we read it with the software CentiBin.”*" Using CentiBin we
can not only represent the network but also highlight all drugs (nodes) connected to a specific drug and
calculating many parameters including node degree.

6. The ChemOffice software’® was used to draw and calculate topological indices (TIs): network radius
(Ri), network diameter (D;j), sum of vertex degrees network radius (&;), and Wiener index (W) for small
networks used in the example of related to Table 1. The loops (LP;) or hub presence (HP;) were easily
calculated by visual inspection. Details on the definition of TIs and their uses for small molecules,
macromolecules and complext networks can be found in the literature.>"""

7. CentiBin software was used to generate random networks by five different algorithms including:
Barabasi-Albert random network, Kleinberg small wolrd network (SWN), 2D Lattice network, Erdos-Renyi
network and Epsstein power law network (PLN).”



8. Last, all node degrees were used as input in STATISTICA in order to study the distribution of the
network and compare it to other ideal network distributions including normal, exponential, gamma, and chi-
square.”

Results and discussion

Training and validation of the model

This work introduces by the first time a single linear QSAR equation model to predict the antifungal activity
of drugs against more than different 70 species based only on. The best model found was:
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Rc =0.75 A =0.44 p <0.001

Where, Rc it is the canonical regression coefficient, A it is the Wilk’s statistics; and p the error level. In this
equation, the absolute probabilities “r calculated refers to:

1. Arts(s, Csp & sp2) all unsaturated Carbon atoms (Sp and Sp, atoms) and all atoms placed at five or
least atoms from them.

2. Aro(s,X) all halogens atoms.

3. Aro(s, H-Het) all Hydrogen atoms bound to a Heteroatom (N, O, or S).

The model, with only three variables, correctly classifies 90 out of 107 active compounds (84.1%) and
71 out of 78 non-active compounds (91.02%). Overall training accuracy was 87.02% (161 out of 185
compounds). Validation of the model was carried out by means of external predicting series. The model
correctly classifies 30 out of 36 active compounds (83.3%) and 20 out of 25 non-active compounds (80.0%) in
prediction series. Overall predictability was 83.38% (50 out of 61 compounds). Values in the range of 80 to
100 % are accepted as high accuracy for many authors that reported QSAR models based on LDA, including
unique-specie antimicrobial QSAR models.®®>®® The present is the first model to predict the antifungal
activity of any organic compound against a very large diversity of species based on molecular MM absolute
probabilities, hence considering that the present is a multi-species QSAR the result is very good. The Figure 1
illustrates this idea depicting overall prediction of the biological activity of broad spectrum antifungal drugs.
Two possible applications for the present model are the biomolecular screening of antifungals active against
different species and the construction of multi-species activity profile networks for antifungals. In both cases,
species susceptibility identification is imperative. For instance, the model recognizes 100% of the species
studies that can be treated with ketoconazole. Detailed information on the names, predicted classification, and
probability of action against different species of the drugs used to seek the model appear in Table 1SM of the
supplementary material. The details of the forward-stepwise process for variable selection appear in the Table
2SM of the same supplementary material (upon request to authors).



+(O)=£

Step 0

Step 0 Step 1 Step 2 Step 3

Step 0 Step 1 Step 2 Step3

Figure 1. Overall prediction of the biological activity of broad spectrum antifungal drugs.

Computational chemistry based virtual screening experiment

A model for multi-species screening of antifungals and construction of multi-species activity profile
networks necessarily have to be based on as diverse as possible series of chemical structural patterns. The
compounds used to seek the model are structurally heterogeneous. However, in order to offer additional
evidence on the validity of the model and also show how to use it in practice we carried out a virtual screening
experiment. In this study, we try to predict the result of 288 positive activity tests for different compounds
with diverse species. These results where never used in training or predicting series above. The model was
able to correctly predict 241 out of 288 tests (83.68%). All these results were depicted in detail on Table 2SM
of supplementary material (upon request to authors). Finally, the high potential of the present model to select
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broad spectrum antifungal drugs can be illustrated also from the point of view of prediction of species
multidrug susceptibility. The Figure 2 depicts some selected values of the overall prediction of the antifungal
drug susceptibitliy of selected species. For instance the model identifies 80.0% of the drugs that can be used
to control Candida spp.

Voriconazole 87.5
Terbinafine 62.5
Ketoconazole 100
Itraconazole 77.8
Amphotericin B 85.7

Figure 2. Overall prediction of the antifungal drug susceptibitliy of selected species.

Network approach to multi-species activity profile of antifungal drugs

First, used the multi-species QSAR predict the biological activity of 59 antifungal drugs against all the
species studied. After correlation of activity score predicted with the QSAR equation of all possible pairs of
drugs we decided which pairs of drugs have similar or dissimilar activity profile. The network has 59 nodes
(compounds). We can determine a correlation threshold at which two genes are assessed to be co-expressed
using a clustering coefficient.®® We applied the same reckoning to pairs of antifungal drugs and decided the
pairs of compounds connect to each other within the network after tree joining cluster analysis based on the 1-
Pearson r. The Figure 3 illustrates the tree joining formation of different clusters of compounds at different
distances. The use of Tree joining clustering have been well documented in QSAR for clustering of
antimicrobial compounds and in phylogenetics implications over organisms networks.**%
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Figure 3. Clustering of antifungals drugs based on predicted species susceptibilities

We decided to use as threshold value for dissimilarity between the multi-species activities of two drugs the
value distance-treshold = 0.0051. This threshold distance value was selected after inspection of the sinlge-
linkage clustering of compounds in order to avoid network overcrowding. The Figure 4 illustrates the
distribution of drug-drug activity dissimilarity across linking steps for pairs of drugs. Using the combinatorial
formula® we can calculate n!/[(n -2)!-2!] = 591/(57! -2!) = 59-58.571/(57! -2!) = (59-58)/2 = 1711 possible
pairs of drugs by analogy to gene co-expression networks.”
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Figure 4. Plot of linkage distances across steps

Our multi-species QSAR predict 648 pairs of drugs with similar activity (dissimilarity lower than 0.0051)
out of the 17711 possible pairs. So, we can predict low network edges coverage density d = 648/1711 =
37.9%.°%% Having a relatively low d is very important to avoid a netwrok that over-stimates thenumber of
mechanism of actions for a drug or simply give so many possible mechanism to be investigated that becomes
missuseful the prediction. The Figure 5 depicts an overall representation of the present network in the
CentiBin software interface.®* We also give an example on the use of the network for the identification of
similar mechanism of action for azole class of durgs such as: voriconazole, miconazole, fluconazole and
others. Azole class is one of the more classic classes of anifungal drugs but the the synthesis, testing and
QSAR study of novel azole derivatives constitutes a very promising field nowadays.”
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Figure 5. Antifungal drugs similar-mechanism-of-action network.

The accuracy of the model in terms of the percentages of good classification of active/non-active drugs is
very important for network construction but is not the only aspect to be considered. However, the final
topology of the network we pretend to construct is at less as important as model accuracy for inference of
drugs multi-species activity similariy. For instance, we can find two models with the same overall accuracy
but predicting networks with topological properties essentially different. In general, different methods for
network reconstruction based on co-expresion not give as result the same network.® In Table 1 we illustrate
this fact with a hypothetic example. In this example we have a real network and four models derived to
reconstruct it. The four models predict correctly the same number of drug similarities so they have the same
accuracy. Nevertheless, the topologies predicted are in some cases very different each other and with respect
to the real network too. For instance, the real network presents a central node (network hub),®® which
represent a drug with a possible mechanism of action similar to all other drugs.



Table 1. Comparing real network and four models

TIs? Value® Difference® Value® Difference® TIs?
R, 1 0 5 4 Rj3
1)
D, 2 0 5 3 Ds
8 20 20 20 20 3
W, 100 10 125 35 W3,
LP, No Yes Yes No LP;
HP, Yes No No Yes HP5
2 S Z
TIs? Value® Difference®
R, 5 4 @ 4 3 D,
D, 10 8 2 0 R,
o, 20 20 20 20 04
W, 220 130 140 50 W,
LP, No Yes No Yes LP,
HP, No Yes Yes No HP,

® Topological indices (T1Is) used to characterize the topology of the example-real network (center of the table) and networks predicted
with hypothetic QSAR models: (1)-regular star with arms of length 1, (2)-linear, (3)-loop, (4)-regular star with arms of length 2; the
Tls used were: network radius (R;), network diameter (D;), sum of vertex degrees network radius (3;), Wiener index (W) and loop
(LP;) or hub presence (HP;). The values of the Tls for the example-real network are R=1, D =2, 6 =40, W =90, LP = Yes and HP =
Yes. ” Value: is the value of the given Tls for the corresponding network. © Difference: is the difference between the value of the Tls

for the predcted network and the value of the Tls for the example-real network.

Consequently, any other drug wihin the network present possibly the same mechanisn of action. The only
one predicted network that reproduces this topology is the network (1) with a regular star topology having
arms of length 1. By the contrary, the network (3) is a loop and predict that any drug in the network have the
same mechanism as hub, which becomes in this case and isolated drug.”” Consequently, in addition to QSAR
model accuracy we should measure the topology of the network predicted and compare it with other known
networks. It makes possible to derive general conclusions on the line of thinking above expressed. In the
example of the Table 1 we used different continuos and dummy measures of network topology such as the
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Diameter (D, longest path), Radius (R, shortest path), the sum of node degrees (8), the Wiener index (W), and
presence of loops (PL) or hubs (HP).**%% \We carried out a similar anlysis comparing the network predicted
in this work with other recognized models of ideal networks. In the Table 2 we illustrate the results of this

analysis.

Table 2 Comparison with some ideal random network models

Antifungal drugs .
multi-species-activity QSAR network Value Tls Value Barabasi Albert Random Network

59 n 59
648 m 631
6808 W 5582

6 D 2
513 R 1.42
22 5 21

1.99 Dist 1.63
0.009 C 0.011
0.26 E 0.5
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o ‘:‘g‘{‘ 0125 A 0122
Erdos Renyi Random Network Value Tls Value
g 59 n 59

640 m 648
5554 w 5548

2 D 2

1.43 R 1.43

22 ) 22

1.63 Dist 1.62
0.01 C 0.01
0.50 E 0.50

0.128 A 0.128

8 The TIs used are: number of nodes (n), number of edges (m), Wiener index (W), diameter (D), and the network average values for
radiality (R), node degree (8), topological distance (Dist), node closeness (C), eccentricity (E) and node eigenvector value (L).
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We generated 5 ideal networks, one of each of the follwing classes: Barabasi-Albert random network,
Kleinberg small wolrd network (SWN), 2D Lattice network, Erdos-Renyi network and Epsstein power law
network (PLN).”>%*1% The general topologic properties of these classes of networks have been studied in detail
before. Consequently, if we pretend to study the features of our actual network, which characterize multi-
species antifugal activity of drugs, could interesting to select between these networks the more similar to our
actual network an study the deviations of the actual with respect to ideal behaviour. The networks were
generated as similar a possible to actual. We measure 10 network features including: number of nodes (n),
number of edges (m), Wiener index (W), diameter (D), and the network average values for radiality (R), node
degree (9), topological distance (Dist), node closeness (C), eccentricity (E) and node eigenvector value (A). The
description of these kind of parameters have been reported previously®® and the applications for small
molecules, macromolecules, and networks reviewed.” The deviation of the actual network with respect to ideal
behaviour was measured in terms of Relative Difference Percentage (RD%) as follows RD% = (Tl actual —
TI;)-100/ T1 5cruar (Se€ Table 2 and Table 3).

Table 3. Summary of the comparative study of the actual vs. ideal networks

TIs? Actual network Barabasi-Albert 2D Lattice Klgi/r:/b’\elzrg Erdos-Renyi Erl)DsEtNein
Tls values
N 59 59 64 64 59 59
M 648 631 128 192 640 648
W 6808 5582 16384 10438 5554 5548
D 6 2 8 4 2 2
R 5.13 142 5.07 249 143 1.43
A 22 21 4 6 22 22
Dist 1.99 1.63 4.06 2.58 1.63 1.62
C 0.009 0.011 0.004 0.006 0.01 0.01
E 0.26 0.5 0.12 0.25 05 0.5
A 0.144 0.123 0.125 0.122 0.128 0.128
Relative Difference % = (T1 acar — T1:)-100/ T1 aetal
N - 0 -85 -8.5 0 0
m 2.6 80.2 70.4 1.2 0
W 18.0 -140.7 -53.3 18.4 18.5
D 66.7 -333 333 66.7 66.7
R 72.3 1.2 515 72.1 72.1
) 45 81.8 72.7 0 0
Dist - 18.1 -104.0 -29.6 18.1 18.6
C - =222 55.6 333 -111 -111
E - -92.3 53.8 3.8 -92.3 -92.3
A - 14.6 13.2 15.3 111 111
Summary statistics
Mean 8.23 -0.07 18.89 8.42 8.36
Standard Deviation 45.83 75.34 41.61 45.18 45.22
Closer to 0 0 1.2 3.8 0 0
Max 723 81.8 704 66.7 721
Min -92.3 -140.7 3.8 -92.3 -92.3
Absolute Values Mean 31.13 57.23 37.17 29.10 29.04
SD for AVM 33.15 45.12 24.34 34.34 34.43

12



8 The Tls used are: number of nodes (n), number of edges (m), Wiener index (W), diameter (D), and the network average values for
radiality (R), node degree (3), topological distance (Dist), node closeness (C), eccentricity (E) and node eigenvector value (1).

All networks present no more than 5 nodes than the actual with RD% lower than 10% in all cases. With
respect to the number of edges all present the same or lower covering than the actual being any prediction in
this sense non-over-estimated. The lower differences (more similar networks) for different features were:
Epsstein PLN for m (RD% = 0%), Barabasi-Albert for W (18.0%), Erdos-Renyi and Epsstein PLN for & (0%),
2D Lattice for R (1.2), Barabasi-Albert and Erdos-Renyi for Dist (18.1), Erdos-Renyi and Epsstein PLN for C
(-11.1%), Kleinberg SWN for E (3.8%), and Erdos-Renyi and Epsstein PLN for (A). Any network resembles
significantly, in terms of D, to the actual (D = 6). However, we find a sort of upper and lower limits for actual
network in the Kleinberg SWN and 2D Lattices which present D values of 4 and 8 having an RD% of 33.3
and -33.3% respectively. In closing, the actual network does not exactly match with any of ideal behaviours
studied but, as usuall in the real world, have different properties of these ideal networks. This fact can be
corroborated studinying the node degree distribution of the actual network. The Figure 6 illustrates that the
present network, even more close to normal distribution, does not significantly fit to normal, exponential, chi-
square or gamma distributions. These results points to a not-over-covered normal random network, clustering
different drug mechanisms of actions. The network is more far from a less useful (in this case) exponential
network with few mechanisms (network hubs).**
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Figure 6. Distribution fitting study for antifungals similar-mechanism-of-action network, Kolmogorov-Smirnov
difference d values are: d(Normal) = 0.097, d(Chis-Sqgr) = 0.181 d(Gamma) = 0.201, d(Exponential) = 0.241 in
all cases differences are significant with p < 0.05; however the lower d value is for normal distribution.
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Conclusions

Using the MARCH-INSIDE approach is possible to seek a useful QSAR classifier for active/non-active
drugs, which scores multi-species antifungal activity of chemicals. In analogy with gene, and transcripts co-
expresion network we used the QSAR model outputs to derived a large network clustering antifungal drugs in
terms of similar multi-species activity profile. Comparative studies reveal that the present network apparently
has not an ideal behaviour but resemble some known network models in different aspects. In this sense, the
network do not fit to some tested known distributions but is more close to normal than to exponential. These
results are more characteristic of a not-over-estimated random network, clustering different drug mechanisms
of actions. The present work reports by the first time the use of QSAR computational techniques in the
construction of multi-species activity networks for antimicrobial drugs.
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