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Abstract. Graph theory and have applications at molecular level to
describe drug-virus action pairs in antiviral medicinal chemistry
research. With graph parameters called Topological Indices (TIs),
we can search of Quantitative Structure-Activity Relationship
(QSAR) models for prediction and discovery of antimicrobial
drugs. In this work, we decided to test the potentialities of one of
the classes of TIs. For this test we selected the class of TIs called
the node absolute probabilities m,(1) that can be calculated with the
method MARCH-INSIDE based on Markov models. We report a
new QSAR model: that can be used to predict drug activity against
different viral strains. The model correctly classifies 428 out of 533
cases (80.30%) and 481 out of 596 non-active compounds/virus
cases (80.7%). Using this QSAR model we were able to
reconstruct a large complex network of observed effective drug-
virus pairs with a total Accuracy = 89.8 %. The work opens new
directions in the generalization of TIs to develop QSAR/QSPR
models for predicting relevant information of systems at different
structural levels.
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1. Introduction

Graph theory and Complex Network analysis tools with many applications
on the search of rational approaches for antimicrobial drugs discovery.
Actually, there are many pathogen microbial species with very different
antimicrobial drugs susceptibility. In particular, viral pathogens species are
responsible of many human diseases. Examples of diseases caused by viruses
include the common cold, which is caused by any one of a variety of related
viruses; smallpox; AIDS, which is caused by HIV; and cold sores, which are
caused by herpes simplex. Other connections are being studied such as the
connection of Human Herpes Virus (HHV) in organic neurological diseases
such as multiple sclerosis and chronic fatigue syndrome. Recently, it has been
shown that cervical cancer is caused at least partly by papillomavirus (which
causes papillomas, or warts), representing the first significant evidence in
humans for a link between cancer and an infective agent. There is current
controversy over whether borna virus, previously thought of primarily as the
causative agent of neurological disease in horses, could be responsible for
psychiatric illness in humans. The relative ability of viruses to cause disease
is described in terms of virulence. 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 possibly mechanism of action
[1].

In fact, the applications information-mining techniques based on graphs
or networks do not limit only to drug discovery. We can use different classes
of graph and networks such as: Molecular graphs to describe the structure of
the antimicrobial drugs, Artificial Neural Networks (ANN) [2-13] for dataset
mining. We can use also Hasse graphs to depict relationships within genetic
code [14-20], or Interaction and/or Co-expression networks to represent
relationships between proteins, genes, or RNAs [21-35]. Specifically, co-
expression networks can be constructed by measuring the expression of pairs
or genes in different tissues [36-40]. Similarly, protein networks study
experimentally or theoretically established protein-protein interactions [21,
41]. 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 [42]. We proposed to use the same
network approach to study multi-species antimicrobials drug action. 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
[36, 43].
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Disappointingly, QSPR studies are generally focused on the study of
limited properties of small molecules. For example, in the case of
antimicrobial many QSPR models predict only structurally parent
compounds acting against one single microbial species [44-46]. Actually,
there are more than 1 600 molecular descriptors that may be in principle
generalized and used to solve the QSPR problem in small molecules [47].
In any case, any of these indices have been extended yet to encode
information additional to chemical structure [48-50]. In addition, have been
reported QSPR-like models based on graph and networks TIs for proteins,
DNA, or RNA structures and some authors have extended the applications
of TIs to whole blood proteomes, protein-protein interaction networks or
even tissues [41, 51, 52]. Anyhow, the applications of TIs in QSPR
research are far to cover all the potentialities of TIs and new gateways in
molecular, biological, or even social QSPR models are still waiting to be
opened. On this line of thinking, our group has introduced a Markov model
(MM) method named MARCH-INSIDE: Markovian Chemicals In Silico
Design. MARCH-INSIDE generate Tls in the form of matrix invariants
such as stochastic entropies, spectral moments, or absolute probabilities for
the study of molecular properties [53-57]. Recently the method has been
renamed as MARCH-INSIDE 2.0: Markov Chain Invariants for Network
Simultaion & Design, in order to give a more clear idea of the unexplored
potentialities [58].

In this work, we decided to test the potentialities at different structural
levels of one of the classes of TIs calculated by MARCH-INSIDE. For this
test we selected the class of TIs called the node absolute probabilities m(1).
The m (i) values represent the absolute probability of reaching node i after a
walk of length k moving from any node in the network. We calculate the m,(1)
based on a Markov matrix associated to a graph or network. These TIs differ
from other MARCH-INSIDE TIs because they are useful only to describe a
node or, if we sum several m,(1) values, we can describe a collection of nodes
(atoms, aminoacids, a group of electric plants, a social subgroup...); which
form part of larger network systems (molecule, protein, US Electric power
system, Society...). It happens because the sum of all m(j) values for the
whole system is always equal to one for any system a do not give structural
information. Consequently, the m (i) values may be consider as local node
TIs. We commonly have known this class of TIs as networks nodes
Centralities. Several node centralities have been defined before and the
software CentiBin calculate some of the more used [59]. However, the
definition of new Centralities is an active field of research and new
centralities have been recently introduced such as sub-graph centrality
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introduced by Estrada [60]. Certainly, the m,(j) values were used in the past
by our group [61, 62] but ever at the molecular level only and never for no-
molecular problems. In order to both confirm the potentials applications of
m(j) values at the molecular level and extend these applications beyond
traditional frontiers, we are going to develop here a new QSPR models. This
QSPR model based on m(j) values can be used to predict antiviral drugs
activity against multiple virus species.

2. Materials and methods

Multi-target probability centrality for atoms in molecules

By using, Chapman-Kolgomorov equations we can calculate multi-target
kC,[,S(j) values referred to atoms (nodes) in molecular graphs. As was
mentioned above multi-target here means that we obtain different kC,E,S(j)
values for the same atom in the same molecule when the molecular target
(bacteria, virus, parasite, receptor, enzyme, etc.) change. First, we have to
calculate the absolute probabilities °py(j) for the interaction in many step of
different j-th atoms with the specific target. Here targets are only different
microbial species (s). In this sense, we insert the superscript s in the symbol
of the centrality. These values can be determined as the elements of the
vectors *m(s). These vectors are elements of a Markov chain based on the
stochastic matrix 'TI, which describes probabilities of interaction *p;(i,j) of
the j-th atom given that previously other i-th atom has interacted with the
target.

The specificity for one target is given using target specific weights in the
definition of the elements of the matrix 'TI. The theoretic foundations of the
method have been given in previous works, so we do not detail it here but
refer the reader to these works [63, 64]. After that, the entropy centrality is
very ease to calculate applying the Shannon’s formula to each element *p,(j)
of the vectors “r(s) and obtain the entropy centrality measures kCTE,S(]'). As in
the example 1 we can sum the kC,[,S(j) values for specific atom sets (AS), or
the same groups of nodes, to create local molecular descriptors for the drug-
target interaction. Herein the AS used were: halogens (X), insaturated
carbons (C), saturated carbons (Cg,), heteroatom (Het), and hydrogen atoms
bound to heteroatom (H-Het). The corresponding symbols of the local
entropy centrality for these AS are: kCM(X), kCn,S(CinS), kCn,S(Csat), kC,t,S(Het),
kas(H—Het) and kC,IDS(T). In this study, we calculated the first six classes of
entropy centrality (k = 0 to 5) for the 5 AS in total 6-5 = 30 molecular local
centralities for each drug [64]. The theoretic foundations of the method have
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been given in previous works, so we do not detail it here but refer the reader
to these works [64, 65]:

k

I71'11(5) :”12(5) . . I”m(s)
“r.="n(s) .[‘l'l(s)]k =[z,(,s), 7,(2,5), 7,(3,5) ) z,(n,s)]: . - -

s

FATE : e (s)
(1)

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 the following: halogens (X), insaturated carbons (C;,), saturated
carbons (Cgy), heteroatoms (Het), and hydrogens bound to heteroatoms
(H-Het). The corresponding symbols of the local absolute probabilities for
these AS are: “m(X,s), “Td(Cins8), “T(CearrS), “me(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 [64].

Statistical analysis

As a continuation of the previous sections, we can attempt to develop a
simple linear QSPR using the MARCH-INSIDE methodology, as defined
previously, with the general formulae [62]:

Actv=°b,-*7,(C,s +b,-* 7,(C,s),+%,-* 7,(C,s }+°b,-* 7,(C,5)....+ D, - 7,(C,s) + b
(2)

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) [66] 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 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 [67] 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.
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2. Results and discussion

QSAR model for antiviral molecules

One of the main advantages of the present approach is that the
generalized parameters kCn,s(j) fit on more large and complex databases than
the previous ones. This work introduces by the first time a single linear mt-
QSAR equation model in order to predict the antibacterial activity of drugs
against different species. The data set used here was established by a set of
marketed and/or very recently reported antiviral drugs with low reported
MICsy < 10 uM against different virus strains. The data set have different
drugs experimentally tested against some species of a list of more than 40
viruses. We do not found in the literature the experimental values for all
compounds against all listed virus species so we were able to collect 950
cases (drug/virus pairs). The names or codes and activity for all compounds
as well as the references used to collect it have been saved into in a
supplementary material file, available upon author request.

S(DVP )= —16.47-'C, (Ceyp wsp2 )+ 1734 2C, (Cyp wsp2) — 7-05-°C, (Cyp )
~3.06-°C, (H — Het ) = 9.69-°C (C¢,y wp2 )~ 0.91°C, (H — Het ) +0.18
U =0.48 F =94.767 p < 0.001

3)

S(DVP), the output of the model, is a real value variable (not probability)
that scores Drug-Virus activity specificity. In this equation, kCn,S(j) where
summed for the totality (T) of the atoms in the molecule or for specific atom
sets (AS) as we referred above. These collections are atoms with a common
characteristic as for instance are: saturated Carbon atoms (Cgy), hydrogen
atoms linked to the hetero-atoms (H-Het). The model correctly classifies 428
out of 533 cases (80.30%) and 481 out of 596 non-active compounds/virus
cases (80.7%). Overall training Accuracy was 80.5%.

Construction of a drug-virus network

Next, we used the outputs of the mt-QSAR as inputs to constructs the
first CN for antiviral drugs and species based on “C,(j) values. In previous
works, we constructed by the first time mt-QSAR models accounting for
pairs of anti-parasite [68, 69] antifungal [61, 64] or antiviral drugs [70] with
similar/dissimilar multi-species activity profile and represented it as large
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networks. In this work, we have to manage with a very high number of
possible Drug-Virus Pairs (DVPs). These DVPs may be investigated using
CNs to regroup or cluster drugs with similar multi-bacterial affinity profile.
In DVP-CN, the DVPs are nodes interconnected by the edges if they have
similar drug-bacteria activity. We need to measure the activity of the drug on
different bacterial if we cannot predict it. We propose to construct here, by
the first time, a DVP-CN taking into consideration only the number of DVPs
predicted by the mt-QSAR model based on “C.(j) values. In order to
construct this CN we have given 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:

2y (d) = OEMIC: 4)
log MIC

Zpred (d): p(_)i (5)

where d is the score affinity, either observed score (Sops) or predicted score
(Spred)- Sobs Were calculated on the experimental data (ICsp). We calculated the
Spred Of €ach one of the 950 compounds with all the studied viral strains here
by substituting the molecular descriptors into the QSAR equation using the
Microsoft Excel application [71]. Mean is the average either of Syps Or Spreq for
the DBP. We calculate the distance matrix between all DBP using a
Euclidean distance:

obs 1
d.=——————— logMIC, —log MIC . 6
" logMIC__ log MIC, ~log MIC | ©)

Pedy =|p(=) - p(-);) (7)

2. Using Microsoft Excel [71] 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 d;; < a cut-off value. We
explore the threshold values in a range from log ICSyys until 1CSyeq trying to
obtain average DBP node degree equal to 1 and minimizing the number of
disconnected DBPs [61].
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3. The Boolean matrix was saved as a .txt format file. After, renamed the
txt file as a .mat file we read it with the software CentiBin [59] and
renamed the .mat file as a .net file an d read it with Pajek software. Using
Pajek, we can not only represent the network but also highlight all DBP
(nodes) connected to a specific DBP and calculating connectivity
parameters [72].

4. Last, we compared the observed and predicted DBP-DBP networks
pair-to-pair calculating the total Accuracy values. The mt-QSAR predicted
correctly 751 334 drug-virus similar/dissimilar pairs out of 836 310 pairs.
Thus, the mt-QSAR based on “C,(j) values predicts the real CN (based on
MICsy  values) with an  Accuracy of 89.8% (number of
similarity/dissimilarity relationships present in both CNs). The cut-off
values that maximize the similarity between the two CN were used in order
to decided if to nodes are connected or not: p(real) = (logMICso/logMIC,,.x)
= (.03 for the observed CN and p(predicted) = 0.017. In Figure 1 we
illustrate both, the CN observed and the CN predicted with the mt-QSAR
model.

(B)

Figure 1. Drug-Virus Complex Networks: (A) observed network and (B) predicted
network.
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Table 1. Results of the Leave-Specie-Out validation for the mt-QSAR model.

Virus # Cases LSO (%) Accuracy (%)
COWpOX Virus 24 91.7 874
Epstein-Barr Virus 16 87.5 87.4
Hepatitis B Virus 36 88.9 87.3
Hepatitis C Virus 114 89.5 86.5
Herpes Simplex Virus 1 55 96.4 87.0
HIV-1 409 98.5 87.3
Human Cytomegalovirus 124 99 2 87.0
Human Papillomavirus 37 81.1 87.4
Influenza Virus 38 89.5 87.2
Vaccinia Virus 51 94.1 86.9
Varicella-Zoster Virus 55 100 87.0
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