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There are many of pathogen bacteria species which very different susceptibility profile to different
antibacterial drugs. There are many drugs described with very different affinity to a large number of
receptors. In this work, we selected Drug-Bacteria Pairs (DBPs) of affinity/non-affinity drugs with
similar/dissimilar bacteria and represented it as a large network, which may be used to identify drugs
that can act on bacteria. Computational chemistry prediction of the biological activity based on one-
target Quantitative Structure-Activity Relationship (ot-QSAR) studies substantially increases the
potentialities of this kind of networks avoiding time and resource consuming experiments. Unfortunately
almost all ot-QSAR models predict the biological activity of drugs against only one bacterial species.
Consequently, multi-tasking learning to predict drug’s activity against different species with a single
Markov model model (mt-QSAR) is a goal of major importance. These mt-QSARs offer a good opportunity to construct
Complex Networks drug-drug similarity Complex Networks. Unfortunately, almost QSAR models are unspecific or predict
QSAR activity against only one receptor. To solve this problem, we developed here a multi-bacteria QSAR
classification model. The model correctly classifies 202 out of 241 active compounds (83.8%) and 169 out
of 200 non-active cases (84.5%). Overall training predictability was 84.13% (371 out of 441 cases). The
validation of the model was carried out by means of external predicting series, classifying the model 197
out of 221 (89.4%) cases. In order to show how the model functions in practice a virtual screening was
carried out recognizing the model as active 86.7%, 520 out of 600 cases not used in training or predicting
series. Outputs of this QSAR model were used as inputs to construct a network. The observed network
has 1242 nodes (DBPs), 772,736 edges or DBPs with similar activity (sDBPs). The network predicted has
1031 nodes, 641,377 sDBPs. After edge-to-edge comparison, we have demonstrated that the predicted
network is significantly similar to the observed one and both have distribution closer to exponential than
to normal.
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1. Introduction

Infections caused by bacteria have increased dramatically
during the past years. The bacteria have been the cause of some of
the most deadly diseases and widespread epidemics of human
civilization. Bacterial diseases such as tuberculosis, typhus, plague,
diphtheria, typhoid fever, cholera, dysentery, and pneumonia have
taken a mighty toll on humanity [1,2]. Water purification, immu-
nization (vaccination) and modern antibiotic treatment continue to
reduce the morbidity and the mortality of bacterial disease in the
twenty-first century, at least in the developed world where these
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are acceptable cultural practices. However, many new bacterial
pathogens have been recognized in the past 25 years and many
bacterial pathogens, such as Staphylococcus aureus and Strepto-
coccus pneumoniae, have emerged with new forms of virulence and
new patterns of resistance to antimicrobial agents [3]. At risk are
patients after organ transplantation treated with immunosup-
pressive or those suffering with a weakened immune system, for
example patients with AIDS.

Quantitative Structure-Activity Relationship (QSAR) studies
may play an important role. See for instance the works of Roy et al.
[4-9] using QSAR like predictive tools in this sense. Especially,
QSAR models have been successfully applied to predict antibacte-
rial drugs [10-13]. Unfortunately almost all QSAR models predict
the biological activity of drugs against only one bacteria species;
which means that they are one-target QSAR models (ot-QSAR).
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Consequently, predicting the probability with which a drug is
active against different bacterial species with a single unify model
is a goal of major importance (mt-QSAR) [14]. Till today there are
nearly 1600 molecular descriptors that may be in principle gener-
alized and used to solve the former problem [15]. Many of these
indices are known as Topological Indices (TIs) or Connectivity
Indices (CIs) or simply invariants of a molecular graph. In recent
reviews our group has discussed advances and trends in the field
including applications to study antimicrobial drugs and targets
[16-18]. However, in spite of its great potential, in general, Cls and
other indices have not been extended to allow Multi-tasking (mt)
prediction of biological properties [19]. Multi-tasking QSAR (mt-
QSAR) [19] can be defined as the prediction of multiple outputs
with a single model and it is closely related to the more general
term multi-tasking learning (used in cognitive sciences) [20,21]. It
means that we can predict, for instance, several mechanisms of
actions, partition coefficient in different biphasic systems, inhibi-
tion of different cancer lines, or activity against different microbial
species to any drug using a single model. We decided to introduce
information relative to the type of property to be predicted inside
the molecular descriptors like spectral moments. In our mt-QSAR
approach we have different value of the TIs, or structural param-
eter, for the same molecule depending on, for example, the specific
biphasic system in which we want to estimate the partition coef-
ficient of the drug [22] or the specific drug side effect we want to
predict. This very high number of possible Drug-Bacteria Pairs
(DBPs) may be investigated using Complex Networks (CNs) to
regroup or cluster drugs with similar multi-bacterial affinity
profile. In previous works, we constructed for the first time pairs of
antiparasite [14], antifungal [23,24] and antiviral drugs [25] with
multi-species predicted-activity profile and represented it as CNs.
We can construct a CN of DBPs (DBP-CN) accounting for drug
affinity by multiple targets. In DBP-CN the DBPs are nodes, the
DBPs in the DBP-CN are interconnected by and edge if they have
similar drug-bacteria, and consequently affinity, in the DBP-CNs
two bacteria are interconnected if they have similar susceptibility
and consequently function. In DRP-CN we need to measure the
affinity of the drug on different bacterial (DBPs stability) if we
cannot predict it.

We propose to construct, for the first time, a DBP-CN taking into
consideration only the number of bacteria in the model and the
susceptibility of the drug. The present method is also interesting
because it may fail if there is no similar susceptibility-sensibility in
the database. Consequently, if we propose to use the QSAR method to
construct the DBP-CN we have to develop a QSAR able to predict
DBPs. First, we developed the DBPs-QSAR classification model and
later used the outputs of the model to construct a DBP-CN. The QSAR
model proposed here is the first able to discriminate pairs of DBPs
(PDBPs) with similar activity (sPDBPs) from non-similar ones
(nsPDBPs). Finally, we compare both the DBP-CN predicted with
a DBP-CN constructed here based on measured values of DBP affinity.

2. Methods
2.1. Computational methods

The free energy of a drug atom-receptor interaction kg,-j(s) is
considered as a state function. In this symbol g points to Gibbs
energy, k indicates that we refer to the atoms interaction and s
indicate that this energy depends on the specific microbial species.
Afterwards, we have to define the free energy of interaction "g,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 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.

The free energy 1gij(s) can be defined by analogy as I'y(s) [23,26]:
'g;i(s) = —RTlog 'T(s) (1)
The present approach to antimicrobial-receptor interaction has two
main drawbacks. The first is the difficulty on the definition of the
constants. In this work, we solve the first question estimating °T i(s)as
the rate of occurrence nj(s) of the j-th atom on active molecules
against a given species with respect to the number of atoms of the j-th
class in the molecules tested against the same species ni(s). Conse-
quently, one of the more important steps is the change in the value of
the atomic weights used "gij(s) for different pathogen species.

With respect to 'T ij(s) we must take into consideration that once
the j-th atom have interacted the preferred candidates for the next
interaction are such i-th atoms bound to j by a chemical bond. Both
constants can be then written down as [26]:

114(s) = ( ,,:f((s))ﬂ) _ oW 2)

where o;; are the elements of the atom adjacency matrix, nj(s), ni(s),
and 1gij(s) have been defined in the paragraph above, R is the
universal gas 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, MM theory enables a simple calculation of the proba-
bilities with which the drug-receptor interaction takes place in the
time until the antimicrobial effect is achleved This model deals
with the calculation of the probabilities (¥ ‘pij) with which any
arbitrary molecular atom j-th bind to the structure-less molecular
receptor given that other atom i-th has been bound before; along
discrete time periods t; (k=1, 2, 3, ...); (k=1 in grey), (k=2 in
blue) and (k =3 in red) throughout the chemical bonding system.
The procedure described here considers as states of the MM the
atoms of the molecule. The method arranges all the 1gij(s) free
energies of interaction as a squared table of n x n dimension. After
normalization of both the vector and matrix we can build up the
corresponding absolute initial probability vector m(s) and the
stochastic matrix 'TI(s), which has the elements 17r,j(s) respectively;
where m represents all the atoms in the molecule including the j-th,
n, is the rate of occurrence of any atom and including the j-th with
value n;. On the other hand, the matrix is called the 1-step drug-
target interaction stochastic matrix. 'II(s) is built too as a squared
table of order n, where n represents the number of atoms in the
molecule. The elements 17r,~j(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 time t; =1: [26]

a;;(—RT)log (L + l)

r(s) = n]g,»j(s) _ n(s)
a;]g,-a(s) Za,a RT)log( E§+1)
a,]log( (s ) )
= 5 (3)
azl ,alog(n (5)4—1)

By using %rc(s), 'TI(s) and Chapman-Kolgomorov equations one can
calculate the probabilities in many steps for interaction of different
atoms with the receptors as the elements of the vectors Kre(s)
[23,26].
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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). The spectral moments m(j,s) for the
drug-target interaction in different species are normalized so its
sum for a drug molecule is equal to 1 and has no variance in a data
set [27]. However, the mi(j,s) can be summed for specific atom sets
(AS) to create local molecular descriptors my(AS) for the drug-target
interaction. Herein the AS used were: halogens (X), unsaturated
carbons (Cjps), saturated carbons (Cs,¢), heteroatom (Het), and
hydrogen’s bound to heteroatom’s (H-Het). The corresponding
symbols of the local spectral moments for these AS are: my(X,s),
Tk Cins,S), Ti{ Csat,S), Tr(Het,s), x(H-Het,s).

2.2. Statistical analysis

As a continuation of the previous sections, we can attempt to
develop a simple linear QSAR using the MARCH-INSIDE method-
ology, as defined previously, with the general formula:

Actv = bo(AS)-7o(AS) + by (AS)-71 (AS) + by (AS) -5 (AS)
+ b3(AS)-m3(AS)... + by(AS)-m(AS) + b (5)

Here, m(AS) act as the microbial species specific molecule-target
interaction descriptors. We selected Linear Discriminant Analysis
(LDA) [28] 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 activity. This variable indicates either the
presence (Actv = 1) or absence (Actv = —1) of antimicrobial activity
of the drug against the specific species. In Eq. (5), b(AS) 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. Forward stepwise was fixed as
the strategy for variable selection [28-30]. 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 and the ratios between the cases and variables in the
equation and variables to be explored in order to avoid over-fitting
or chance correlation. Validation of the model was corroborated by
re-substitution of cases in four predicting series [30]. We also
inspected the specificity, sensitivity, and total accuracy to deter-
mine the quality of fit to data in training.

2.3. Data set

The data set includes a set of marketed and/or reported drug-
bacteria pairs where affinity/non-affinity of drugs with the bacteria
was established taking into consideration the ICsg values. The
names or codes for all compounds as well as the references con-
sulted to compile the data, which appear in this table, are depicted
in as Tables of Supplementary material (Table 1SM and Table 2SM),
available upon author’s request due to space reasons.

2.4. Drug-Bacteria Pair (DBP) Complex Network (CN) construction

In order to achieve the drug-bacteria affinity with a network
approach where one node represents a DBP and the edges show
similarity between two nodes related to the activity (sDBPs or
nDBPs), we carried out the following steps:

1. First, we calculated two types of activity Z-scores (drug score
and bacteria score) for both experimental and QSAR-predicted

values:

_ log MIG;
Zops(d) = 108 MICrmax (6a)
Zpred(d) =p(— )i (6b)

where d is the score affinity, either observed score (sqps) or
predicted score (Spred)- Sobs Were calculated on the experimental
data (ICsp). We calculated the spreq of each one of the 1031 drugs
with all the bacteria studied here by substituting the molecular
descriptors into the QSAR equation using the Microsoft Excel
application [31]. Mean is the average either of sops OT Spred for the
DBP. We calculate the distance matrix between all DBP using
a Euclidean distance:

1
obs . . .
dj = fog MICome [log MIC; — log MIG;| (7a)

predg,; — ’P( = )i—p(— )j‘ (7b)

2. Using Microsoft excel [31] again we transformed the DBPs
distance matrices derived into Boolean matrices. The elements
of this type of matrix are equal to 1 if two DBPs have
a Euclidean distance djj<a cut-off value. We explore the
threshold values in a range from log MICsgps until MICSpreq
trying to obtain average DBP node degree equal to 1 and
minimizing the number of disconnected DBPs. The line
command used in Excel to transform the distance matrix into
a Boolean matrix was f=SI($N11=P$9,0,SI(ABS($011-
P$10)<$0%$9,cut-off,1,0)). It allows transforming distance into
Boolean values and equals the main diagonal elements to
0 avoiding loops in the future network [24].

3. We compare the observed and predicted DBP-DBP networks
pair-to-pair using a ROC curve test. Therefore, we used a contin-
gency table where a, b, cand d are the observed frequencies in our
networks. These frequencies were calculated as follows: f=if
(and (obs B2! =1, pred B2!=1), 1, if (and (obs B2! =1, pred
B2! =0), 2, if (and (obs B2! =0, pred B2 =1), 3, 4)). Then:

m “nn” is the number of DBP-DBP pairs unconnected in did not
observe nor in predicted networks (the elements in the
observed and predicted matrices are equal to 0).

m “en” is the number of DBP-DBP pairs not connected in observed
but connected in predicted networks (observed is 0 and pre-
dicted is 1).
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Table 1

Results of the model, analysis, validation and virtual screening.

Parameter % Group Antibacterials Non-active
Training series

Sensitivity 83.82 Antibacterials 202 39
Specificity 84.50 Non-active 31 169
Accuracy 84.13 Total

External validation series

Sensitivity 86.78 Antibacterials 105 16
Specificity 92.0 Non-active 8 92
Accuracy 89.39 Total

Virtual screening

Sensitivity 86.67 Antibacterials 520 80

m “ne” is the number of DBP-DBP pairs connected in observed
but not connected in predicted networks (observed is 1 and
predicted is 0).

m “ee” is the number of DBP-DBP pairs connected in observed
and in predicted networks (observed and predicted is 1).

4. The Boolean matrix was saved as a text format file. After,
renamed the .txt file as a .mat file we read it with the software
CentiBin [32,33] and renamed the .mat file as a .net file and
read it with Pajek software. Using Pajek we can not only
represent the network but also highlight all DBP (nodes) con-
nected to a specific DBP and calculating connectivity parame-
ters [34].

. Pajek software was used to generate the observed network
using a MIC data and generate the predicted network using the
antibacterial model.

3. Results and discussion

Among the QSAR techniques applied in this field, molecular
descriptors based on spectral moments are important because of
their broad range of applicability. In general, moment analysis has
been widely used in many other different contexts of solid, theo-
retical, and bioorganic chemistry. Estrada and Molina [35] carried
out local structure-property studies and used a Markov approach,
with total indices, to highlight interesting applications for
moments in chemistry. Gutman used this type of technique to
study the structure of benzenoids [36]. Molina et al. employed
moments in the design of antibiotics [37]. Lastly, Vilar et al.
reported interesting QSAR approaches to elucidate the action
mechanism of anti-HIV drugs using spectral moments [38].

Table 2

Comparison of observed (MIC50) vs. predicted (QSAR) network of antibacterial drugs.

4519
3.1. Training and validation of the QSAR model

This work introduces for the first time a single linear mt-QSAR
equation model to predict the activity of more than 90 antibacterial
drugs against 90 bacteria species. The best model found was:

Actv = —3.57 (Csat) + 3mg(Csat) + 1.7675(Cuns) — 1.7773(Het)
+ 2.5475(H—Het) + 2.4m3 (Het—Het)
— 5.42m,(H—Het) + 0.74
A =049 Rc = 0.718 p < 0.001

where 1 is the Wilk’s statistics, statistic for the overall discrimina-
tion, R. is canonical index, and p the error level. In this equation,
m(AS) were calculated for the totality (T) of the atoms in the
molecule or for specific AS. The model correctly classifies 202 out of
241 DBPs of active compounds (83.82%) and 169 out of 200 DBPs of
non-active cases (84.5%). Overall training predictability was 84.13%
(371 out of 441 DBPs). The validation of the model was carried out
by means of external predicting series and the model classified 197
out 221, 89.4% of cases (DBPs). In order to show how the model
works in practice, a virtual screening was carried out, recognizing
the model as active (86.7%, 520 out of 600 cases); (DBPs) were not
used in training or predicting series, see Table 1. The present work is
an attempt to calculate within a unified framework probabilities of
antibacterial action of drugs against many different bacterial
species.

Two possible applications for the present model are the
biomolecular screening of affinity of drugs with different receptors
and the construction of multi-receptor affinity profile networks for
drugs. In both cases, receptor susceptibility identification is
imperative. This mt-QSAR offer a good opportunity to construct
drug-drug similarity Complex Networks [39].

3.2. Comparison of the observed vs. predicted DBP
Complex Networks

Molecular CNs are being used to study large databases and/or
complex systems [40-42]. Proteins, nucleic acids, and small
molecules form a dense network of molecular interactions in a cell
[43]. A DBP-CN may help us to detect the most similar cases
(sDBPs) in the observed database and to study the complexity of
drug-bacteria interaction [44]. We propose herein a different

Observed network Value TIs? Value Predicted network
1244 n 1244
772,736 m 641,377
2 Ad 2
1242 z 1031
154,7112 w 1,809,830
1.0005 D 1.1704

2 The TIs used are: number of nodes (n), number of edges (m

), topological distance (D), average node degree (z), average distance (Ad), Wiener Index group (W).
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Table 3
Comparing sensitivity and specificity values of predicted vs. observed networks with
different cut-off.

Cut-off MIC Accuracy Sensitivity Specificity
Cut-off prob=0.4

0.0 45.4 79.1 42.5
0.1 61.0 78.5 514
0.2 69.4 76.4 61.1
0.3 73.5 73.8 72.8
0.4 71.2 69.3 78.0
0.5 65.4 63.9 78.0
0.6 62.2 61.2 80.8
0.7 59.9 59.7 85.0
0.8 59.5 594 88.3
0.9 59.2 59.2 86.9
Cut-off prob = 0.5

0.0 33.9 90.6 29.0
0.1 55.5 89.7 36.9
0.2 68.3 87.9 45.4
0.3 75.9 85.3 554
04 76.6 81.2 59.5
0.5 74.4 76.4 58.4
0.6 74.0 744 64.6
0.7 73.0 73.0 73.5
0.8 72.8 72.8 80.8
0.9 72.6 72.6 77.5
Cut-off prob = 0.6

0.0 247 98.6 184
0.1 50.9 97.9 25.2
0.2 67.0 96.3 32.6
0.3 77.8 943 41.7
0.4 81.1 90.7 45.7
0.5 81.3 86.2 42.8
0.6 82.8 84.6 48.5
0.7 83.2 834 60.1
0.8 83.1 83.2 72.0
0.9 83.0 83.0 73.9

representation for the DBP-CN; it is not bipartite but considers
only one type of node. As referred above, each node represents
here both a drug and a bacteria (DBPs) [45]. The importance of the
present study is that we cannot only construct the CN from
experimental outcomes but also predict the CN for new DBPs not
determined experimentally using the mt-QSAR. It allows us to add
computationally new DBPs describing new potential drugs or
targets that have not been described before [46]. In order to recall
the capacity of the mt-QSAR to predict new CNs, we selected the

1.0 ;

0.9 4

same data employed for the mt-QSAR equation. We first
constructed a new observed DBP-CN considering the experimental
MIC in the data and used a log of the MIC over log of MIC.x; these
values were used to obtain in the data some values in a range from
0 to 1, whose results are statistically more correct. Finally, we
tested different cut-offs for the observed activity; cut-off =0.94
was selected to obtain average sDBPs node degree equal to 1242
and 772,736 edges or sDBPs. Next, we used the mt-QSAR equation
to predict the scores of biological activity for 1243 sDBPs including
all the 96 bacteria species studied. As before, we explored the
threshold values in a range from O to 1, obtaining average degree
from O to 1243 respectively. We selected a different cut-off = 0.6;
which leads to an average degree of 1031, and 641,377 edges or
sDBPs see Table 2. In addition, with this threshold, the number of
nodes was 1244 for the observed network and 1244 for the
predicted network.

In order to compare the observed and predicted networks, we
used an ROC curve analysis; the ROC curve can also be represented
equivalently by plotting the fraction of true positives (sensitivity)
vs. the fraction of false positives (1-specificity). As a result, we
obtained three ROC curve analysis values using the observed
network with the cut-off =(0.4; 0.5; 0.6) and predicted network
with cut-off values in a range from 0 to 1, obtaining different LDA;
in which “ee” was sensitivity and “nn” was specificity, see Table 3.
The best match of the different analysis was obtained with the
observed network cut-off=0.6 and the predicted network cut-
off = 0.94 is statistically more stable. Using these results, we con-
structed an ROC curve.

The results of ROC curve values (AUC) were as follows: for cut-
off =0.4 was 0.76; for cut-off =0.5 was 0.82; finally cut-off =0.6
was 0.84. It indicates that the present model gives statistically
significant results and clearly different from those obtained with
a random classifier (area = 0.5), see Fig. 1.

We can conclude that there is a statistically significant similarity
between the observed and predicted networks as we saw in the
ROC curve analysis where the AUC was considerably above average.
In Table 2 we illustrate the contingency network with sDBPs for
both CN (observed and predicted). It indicates that the predicted
DBP-CN reproduces correctly the high specificity of the drugs
studied against bacteria species. Finally, the DBP-CNs predicted
with this procedure could become a useful tool to identify potential
antibacterial drugs and/or susceptible bacteria species incorpo-
rating them to previous DT-CNs [47].

0.8 1

0.7 1

0.6 1

0.5 1

—4— Cut-off=0.4 —&— Cut-off=0.5

0.4 ——Cut-off=06 < Random Classifier

0.3 1

0.2 1

0.1 1

0.0 & T T T T T T T T . |
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Fig. 1.
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4. Conclusions

Using the MARCH-INSIDE approach, it is possible to seek for an
mt-QSAR classifier to predict the probability of drugs with antibac-
terial activity of more than 90 different bacteria species. The model
can be used as a tool for preliminary screening of drugs without
relaying upon geometrical optimization of drug, receptor, and drug-
receptor complex structure and avoiding receptor alignment as well.
This mt-QSAR was also demonstrated to be an efficient tool for
computational assembly of Drug-Bacterial Complex Networks that
accurately reproduce the network based on experimental findings.
This kind of Complex Networks could become a valuable approach to
explore large drug-bacteria data of high complexity.
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