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One limitation of almost all antiviral Quantitative Structure–Activity Relationships (QSAR) models is that
they predict the biological activity of drugs against only one species of virus. Consequently, the develop-
ment of multi-tasking QSAR models (mt-QSAR) to predict drugs activity against different species of virus
is of the major vitally important. These mt-QSARs offer also a good opportunity to construct drug–drug
Complex Networks (CNs) that can be used to explore large and complex drug-viral species databases. It is
known that in very large CNs we can use the Giant Component (GC) as a representative sub-set of nodes
(drugs) and but the drug–drug similarity function selected may strongly determines the final network
obtained. In the three previous works of the present series we reported mt-QSAR models to predict
the antimicrobial activity against different fungi [Gonzalez-Diaz, H.; Prado-Prado, F. J.; Santana, L.; Uriar-
te, E. Bioorg. Med. Chem. 2006, 14, 5973], bacteria [Prado-Prado, F. J.; Gonzalez-Diaz, H.; Santana, L.; Uri-
arte E. Bioorg. Med. Chem. 2007, 15, 897] or parasite species [Prado-Prado, F.J.; González-Díaz, H.;
Martinez de la Vega, O.; Ubeira, F.M.; Chou K.C. Bioorg. Med. Chem. 2008, 16, 5871]. However, including
these works, we do not found any report of mt-QSAR models for antivirals drug, or a comparative study
of the different GC extracted from drug–drug CNs based on different similarity functions. In this work, we
used Linear Discriminant Analysis (LDA) to fit a mt-QSAR model that classify 600 drugs as active or non-
active against the 41 different tested species of virus. The model correctly classifies 143 of 169 active
compounds (specificity = 84.62%) and 119 of 139 non-active compounds (sensitivity = 85.61%) and pre-
sents overall training accuracy of 85.1% (262 of 308 cases). Validation of the model was carried out by
means of external predicting series, classifying the model 466 of 514, 90.7% of compounds. In order to
illustrate the performance of the model in practice, we develop a virtual screening recognizing the model
as active 92.7%, 102 of 110 antivirus compounds. These compounds were never use in training or predict-
ing series. Next, we obtained and compared the topology of the CNs and their respective GCs based on
Euclidean, Manhattan, Chebychey, Pearson and other similarity measures. The GC of the Manhattan net-
work showed the more interesting features for drug–drug similarity search. We also give the procedure
for the construction of Back-Projection Maps for the contribution of each drug sub-structure to the anti-
viral activity against different species.

� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

Examples of diseases caused by viruses include the common
cold (produced by any one of a variety of related viruses), AIDS
(caused by HIV), and cold sores (caused by herpes simplex); which
ll rights reserved.
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ález-Díaz).
produced some of the major health problems in the last 30 years.1

Other relationships are being studied such as the connection of Hu-
man Herpesvirus 6 (HHV6), one of the eight known members of the
human herpesvirus family, with organic neurological diseases such
as multiple sclerosis and chronic fatigue syndrome. Recently, it has
been shown that cervical cancer is caused, at least partially, by
papillomavirus, representing the first significant evidence in hu-
mans for a link between cancer and an infective agent.1–3 The rel-
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ative ability of viruses to cause disease is described in terms of
virulence.

There is a high interest on the search of rational approaches for
antiviral drugs discovery. 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 or target. We call these classic models
the one-target QSAR approach (ot-QSAR). As a consequence, to pre-
dict the antiviral activity for a given series of compounds one have
to use/seek as many QSAR models as microbial species drugs sus-
ceptibility is desirable to predict or rely upon the use of artificial
neural networks (ANNs) with multiple outputs. For instance, Vilar
et al.4 reported an ANN-QSAR model able to predict up to four dif-
ferent mechanisms of actions for HIV inhibitors. The relative com-
plexity of theses models derives mainly on the high number of
output variables we have to use in the QSAR model training. In this
sense, it is very important the report of one single multi-target
QSAR equation (mt-QSAR) to calculate the probability of activity
of a given drug against different antiviral species.

Up at the moment there are near to 1600 molecular descriptors
that may be in principle generalized and used to solve the former
problem. Many of these indices are known as topological Indices
(TIs) or Connectivity Indices (CIs) or simply invariants of a molec-
ular graph, whose vertices are atoms weighted with physicochem-
ical properties (mass, polarity, electronegativity, or charge).5

Multi-tasking QSAR (mt-QSAR)6 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).7,8 It means that we can predict, for instance, several
mechanisms of actions, partition coefficient in different biphasic
systems, inhibition of different cancer lines, or activity against dif-
ferent microbial species to any drug using a single model. The mt-
QSAR models may be very useful to optimize important aspects
such as activity, toxicity or pharmacokinetics using one single
model. The first way to develop mt-QSAR models is the consider-
ation of one output variable for each activity or drug property we
pretend to predict. This alternative usually leads to linear models
based on the fit of one function by each one of the drug properties
or non-linear models able to fit several outputs at time. These mt-
QSARs offer an unprecedented opportunity to construct Back-Pro-
jection Maps (BPMs)9 and drug–drug similarity Complex Networks
(CNs). Back-Projection10,11 is very useful to map or project the pre-
dicted function backwards onto structure and determine the con-
tribution of sub-structural molecular regions to the desired
property.

2. Methods

2.1. Molecular descriptors

In this work we are going to focus in a QSAR method introduced
elsewhere that uses a Markov Chain Model (MCM) to encode sys-
tems structural information using molecular, macro-molecular, su-
pra-molecular CIs and 3D parameters as well. The method named
as the MARCH-INSIDE: MARkov CHains INvariants for SImulation
& Design; Recently, we have reported two reviews with applica-
tions of this and other QSAR methods.12,13 Both revisions made
in depth review on the several applications in Chemistry and Bio-
medical Sciences of CIs and include several references to MARCH-
INSIDE.

We used as input for the mt-QSAR analysis the CIs type molec-
ular descriptors kCs(Set). These CIs can be interpreted as the aver-
age contributions kCs(Set) of a group of atoms (Set) in the
molecule to the gradual step-by-step interaction (k) between the
drug and the receptor with unknown structure for a given virus
species (s). Figure 1 graphically illustrates the idea of this gradual
interaction. A group of atoms may enclose the whole molecule
(T), only halogens (X), heteroatoms (Het), heteroatom-bound
hydrogen atoms (H-Het), Sp3 carbon atoms (Csat) or others. We de-
rive these kCs by summing up all the atomic contributions of each
atom to the interaction 0cj(s) pre-multiplied by the probability of
the distribution of the atom in the molecule Apk(j, s). The 0cj(s) val-
ues depend both on the atom and the different virus species while
the Apk (j, s) depends also on molecular topology or connectivity.
The detailed calculation of these values using a MCM have been ex-
plained in the previous work of this series and others so we omit it
for the sake of simplicity (see the three previous works of this ser-
ies).14,15 These CIs were calculated with our software MARCH-
INSIDE:12,16

kCs ¼
Xn

j¼1

Apkðj; sÞ � 0cjðsÞ ð1Þ
2.2. Statistical analysis

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

Actv ¼b0;G � 0CsðGÞ þ b1;G � 1CsðGÞ þ b2;G � 2CsðGÞ
þ b3;G � 3CsðGÞ � � � þ bk;G � kCs þ b ð2Þ

Here, kCs(G) act as the species specific molecular descriptors
of TI/CI type for antiviral compounds. We selected Linear Dis-
criminant Analysis (LDA)17,18 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 antiviral activity of the drug against the specific
species. In Eq. (2), bk,G represents the coefficients of the classifi-
cation function, determined by the least square method as
implemented in the LDA module of the STATISTICA 6.0 software
package.19 Forward stepwise was fixed as the strategy for vari-
able 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 antiviral (specificity),
non-antiviral (sensitivity), and total cases (accuracy) correctly
classified by the model 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 (interchange of train-
ing and validation cases) in order to construct four predicting
series.20–23

2.3. Data set

The data set was conformed by a set of marketed and/or very
recently reported antiviral drugs which low reported
MIC50 < 10 lM against different virus. The three data sets used
were as follows training series: 143 active compounds plus
119 non-active compounds (262 in total); predicting series:
206 + 260 = 466 in total; virtual screening 102 active compounds.
The literature reports experimental test of each drug against
some but not all species of a list of 40. In consequence, we were
able to collect 843 cases (drug/species pairs). The names or
codes for all compounds as well as the references consulted
are depicting in Table 1SM of the Supplementary data by reasons
of space. The complete list of references used to collect the data-
base is given at the end of the online Supplementary data too.



Figure 1. Visualization of GC(Manhattan) and some drugs (nodes) with the graphical interface of CentiBin.
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2.4. Construction of Complex Networks

In order to approach the multi-specie activity of antiviral drugs
with a CNs approach we calculated the molecular descriptors in-
clude in the QSAR equation for 600 selected drugs and 40 virus using
the MARCH-INSIDE software.24 We calculated the scores of biologi-
cal activity of each one of the 600 drugs against all the virus species
studied here by substituting the molecular descriptors into the QSAR
equation using the Microsoft Excel application.25 All the activity
scores predicted were organized into a table of drugs (rows) versus
species (columns), which was used as input for the software STATIS-
TICA19 employed to calculate drug–drug multispecies correlations in
diverse coefficients. These correlations were represented actually as
distances (1 � pearson r distance, Chebychey distance metric,
Euclidean distance, City-block (Manhattan) distance, Percent dis-
agreement distance, Power distance) between drugs pairs. All the
obtained distances matrices were derived using the software pack-
age STATISTICA.19 Using Microsoft excel25 again we transformed
the drug pair distances matrix derived with Statistic 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 distance, Chebychey distance metric, Euclidean dis-
tance, City-block (Manhattan) distance, Percent disagreement dis-
tance, Power distance)). The following line command was used in
Excel to transform the Distance matrix into a Boolean matrix was
f = if ($A2 = B$1, 0, if (B2 > $A$1, 0, 1)). In this line command, $A2 is
the relative reference to Distance matrix row labels; B$1 is the
relative reference to Distance matrix column labels; B2 refers to
the top-left cell of the Distance matrix and $A$is a total reference
to the cut-off cell. The command runs over all cells of the Distance
matrix (inputs) and gives a result the 1 or 0 values for the Bollean ma-
trix. It allows transforming distance into Boolean values and equals
the main diagonal elements to 0 avoiding loops in the future net-
work. The Boolean matrix was saved as a txt format file. After, re-
named the .txt file as a .mat file we read it with the software
CentiBin26 and save the file as a .net to read in Pajek Software.27 Both
CentiBin and Pajek software were used to calculating different TIs
and/or CIs that describe numerically network topology such as num-
ber of nodes (n), number of edges (m), topological distance (D), aver-
age node degree (z), Zagreb group index 1 (M1), Zagreb group index 2
(M2), Randic connectivity index (Xr), Platt index (F), Index of relink-
ing (P). The parameter n coincides with the number of drugs and m is
the number of similar drug–drug pairs.
2.5. Multi-species BPMs analysis

In order to illustrate the procedure to derive antivirals multi-
specie activity with a back-projection approach we selected at ran-
dom three drugs and three virus species (HSV-1, HIV-1, VZV) and
carried out the following steps. These steps are the same reported
for a classic QSAR repeated here for each different virus species
using species-dependent atomic contributions.

First, we calculated the species-dependent atomic descriptors
included in the QSAR equation for three selected drugs using the
MARCH-INSIDE software. We calculated the scores of contributions
of each one of atoms of the three drugs against three species stud-
ied by substituting the atomic descriptors into the QSAR equation
using the Microsoft Excel application. The contributions of each
atom of the drug were scaled into a percentage value. The scaled
contributions of atoms were grouped for different molecular frag-
ments. These molecular fragment contributions to the biological
activity were back-projected onto the molecular structure to ob-
tain a color scaled biological structure–activity map.

3. Results and discussion

3.1. Multi-species mt-QSAR model for antiviral drugs

There are advantages of the present stochastic approach; an
important one is the possibility of deriving average thermody-
namic parameters depending on the probability of the states of
the MM. The generalized parameters fit on more clearly physico-
chemical sense with respect to our previous ones. In specific, this
work introduces by the first time a single linear QSAR equation
model to predict the antiviral activity of drugs against different
virus species. Summary for the forward-stepwise analysis shows
the variables that entire first in the model (Table 1). The final mod-
el selected was

actv ¼ 1:90 � 0CSðCsatÞ � 1:64 � 0CSðCunsÞ þ 1:02 � 2CSðCunsÞ
þ 1:10 � 5CSðCunsÞ þ 0:73 � 1CSðXÞ þ 1:08 � 1CSðHetÞ
þ 1:07 � 0CSðH-HetÞ � 0:75 � 4CsðH-HetÞ þ 0:08

k ¼ 0:47 Rc ¼ 0:726 p < 0:001 ð3Þ

where k is the Wilk’s statistics, statistic for the overall discrimi-
nation, F is the Fisher ratio, and p the error level. In this equation,



Table 1
Summary for the forward-stepwise analysis and correlation matrix

Variable F p Effect Variable F p Effect

0Cs(Het) 5.0 0.02 Out 5Cs(Cins) 23.18 0.00 In
0Cs(Csat) 104.8 0.00 In 0Cs(X) 10.21 0.00 Out
3Cs(X) 0.3 0.55 Out 1Cs(X) 23.03 0.00 In
1Cs(T) 1.1 0.27 Out 2Cs(X) 14.77 0.00 Out
0Cs(Cins) 71.4 0.00 In 4Cs(X) 9.91 0.00 Out
5Cs(Csat) 0.2 0.62 Out 5Cs(X) 1.98 0.15 Out
2Cs(X) 14.7 0.00 Out 0Cs(T) 0.06 0.80 Out
3Cs(T) 8.4 0.00 Out 1Cs(Het) 16.05 0.00 In
1Cs(Csat) 0.8 0.35 Out 2Cs(Het) 2.14 0.14 Out
2Cs(Csat) 0.9 0.32 Out 3Cs(Het) 0.14 0.70 Out
3Cs(Csat) 3.2 0.07 Out 4Cs(Het) 1.09 0.29 Out
4Cs(Csat) 5.2 0.02 Out 5Cs(Het) 1.20 0.27 Out
5Cs(T) 0.1 0.70 Out 0Cs(H-Het) 5.00 0.02 Out
4Cs(T) 0.4 0.52 Out 1Cs(H-Het) 7.09 0.00 Out
1Cs(Cins) 0.2 0.63 Out 2Cs(H-Het) 1.73 0.18 Out
2Cs(Cins) 19.9 0.00 In 3Cs(H-Het) 0.00 0.97 Out
3Cs(Cins) 1.3 0.24 Out 4Cs (H-Het) 17.89 0.001 Entered
4Cs(Cins) 1.7 0.18 Out 5Cs(H-Het) 0.09 0.75 Out

Variable Symbol 1 2 3 4 5 6 7 8

1 0Cs(Csat) �0.05 �0.1 �0.14 0.06 �0.01 �0.01 0.13
2 0Cs(Cins) 0.21 0.20 0.14 �0.06 �0.20 �0.04
3 2Cs(Cins) 0.6 0.03 0.21 �0.20 �0.07
4 5Cs(Cins) �0.01 0.14 �0.14 �0.05
5 1Cs(X) 0.02 �0.07 �0.05
6 1Cs(Het) 0.33 0.23
7 0Cs(H-Het) �0.02
8 4Cs(H-Het)

Table 2
Results of the model, training, validation and virtual screening

Parameter % Casesa antiviral Non-active

Original training series (T1)
Specificity 81 Antiviral 188 44
Sensitivity 86.1 Non-active 39 242
Accuracy 83.8 Total

First interchanged cross-validation series (CV1)
Specificity 81.52 Antiviral 150 34
Sensitivity 86.28 Non-active 31 195
Accuracy 83.91 Total

Second interchanged cross-validation series (CV2)
Specificity 79.71 Antiviral 110 28
Sensitivity 86.98 Non-active 22 147
Accuracy 83.35 Total

Third interchanged cross-validation series (CV3)
Specificity 79.71 Antiviral 110 28
Sensitivity 80.59 Non-active 33 137
Accuracy 80.15 Total

Four interchanged cross-validation series (CV4)
Specificity 81.52 Antiviral 150 34
Sensitivity 86.28 Non-active 31 195
Accuracy 84.91 Total

Average of interchanged cross-validation series
Specificity 80.71 Antiviral 130 31
Sensitivity 85 Non-active 29.5 168.5
Accuracy 82.85 Total

Virtual-screening series
Specificity Antiviral 93 102 8

a The number cases correctly classified by the model appear in boldface style.
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kCs where calculated for the totality (T) of the atoms in the mol-
ecule or for specific collections of atoms. These collections are
atoms with a common characteristic, for example, halogens (X)
or unsaturated carbon atoms (C) or heteroatom-bound hydrogen
atoms (H-Het). We calculated the correlation matrix in order to
check possible co-linearity between these variables. We found
that the correlation between variables of the model was not sig-
nificant, see Table 1.

The model correctly classifies 143 of 169 active antiviral com-
pounds (specificity = 84.62%) and 119 of 139 non-active com-
pounds (sensitivity = 85.61%). Overall training Accuracy was
85.1% (262 of 308 cases) see Table 2. On the other hand, validation
of the model was carrying out by means of external predicting ser-
ies, classifying the model 466 of 514 compounds (cv-accu-
racy = 90.7%). In order to illustrate the performance of the model
in practice, we developed a virtual screening recognizing the mod-
el as active 92.7%, 102 of 110 antiviral compounds not used in
training or predicting series. We performed a four-folded inter-
change of cases between training and cross-validation series (it
means that we used four different training and cv series) to dem-
onstrate the stability of the model. The results obtained are de-
picted in Table 2. The present is an attempt to calculate within a
unify framework probabilities of antiviral action of drugs against
many different species.

In the common case of ot-QSAR the atomic contributions to bio-
logical activity referenced above depend only on physicochemical
atomic parameters such as atomic mass, polarizability, and
charge,28 or electronegativity and/or chirality.17 The characteristic
most remarkable of the present model is that the kCs(G) parameters
used as molecular descriptors depend not only on the molecular
structure of the drug but interestingly they also depends on the
species of virus we have to control with the drug. The named of
all the drugs used, the tested virus species, and the results for
training and validation by means of external predicting series are
depicted in Table 1SM (see online Supplementary data). Last, in or-
der to show how good the model function in practice a virtual
screening was carried out recognizing the model as active 92.7%,
102 of 110 antiviral compounds not used in training or predicting
series (see Table 2SM).

3.2. Multi-species back-projection analysis of antiviral drugs

In the previous works of this series we applied the above men-
tioned Input-Coded mt-QSAR philosophy to the MARCH-INSIDE
method in order to extended it to predict antibacterial15, anti-
fungal14 or antiprotozoal drugs29 active against different species.
In these works we have used CIs based on MCM that resemble Free
Energy parameters. We also extended the study to the mt-QSAR
prediction of antifungal activity using Absolute Probabilities; an-
other type of CIs based on MCM.30 These mt-QSARs offer an
unprecedented opportunity to construct Back-Projection Maps
(BPMs).9,31 Using BPMs10,11 is a very useful method to map or pro-
ject the predicted function backwards onto structure and deter-
mine the contribution of sub-structural molecular regions to the
desired property.32,33

As illustrative example we of construction of BPMs for antiviral
drugs we selected at random three compounds (PMEA, 11a and
11d) and three virus species (Herpes virus simplex 1 (HVS-1),
HIV-1 and Varicella zoster virus (VZV)) whose results in our model
are as follows: the rings structures have differences in the activity
(see Table 3) and concurrence with the literature. The model pre-
dicted a between 34% and 66% ring interaction of PMEA in the
three species that indicated the major interaction with the recep-
tor, because the ability of the virus to absorb the compound. The
second one, the structure called 11A, the BPMs predicted a be-
tween 34% and 66% interaction drug–receptor in every ring of
pentamidine in all the species tested; which indicates the active
part of the drug is the aromatic ring. The 11D drug have an active
part, the BPMs predicted between 67% and 99% interaction in every
linear cetona in all virus species. This result illustrates the advan-
tages of extending from ot-QSAR to mt-QSAR the BPMs study of
the contribution of atoms, bonds, and sub-structures in general
to the biological activity.



Table 3
BPMs of each molecule
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a Red: 0–33% interaction. Yellow: 34–67% interaction. Green: 68–100% interaction.
b HVS is Herpes Virus Simplex, HIV-1 is Human Immunodeficiency Virus type 1; and VZ is Varicella Zoster Virus.
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3.3. Comparative study Complex Networks of antiviral drugs

Haggarty, Clemons, and Schreiber published a very interesting
works related to the chemical profiling of different fungi strains
to construct CNs. In this case, the network derived based on only
23 drugs and 10 strains of one single species Saccharomyces cerevi-
siae (budding yeast). In any case, the method reported uses exper-
imental values and is unable to add new drugs or strains to the
network at least you measured it. In the previous work of this series
we constructed a similar type of CNs for antiprotozoal com-
pounds29 and species of parasites based on an mt-QSAR. It allowed
us to add growth the CN using the mt-QSAR to predict new nodes
without to measure the results experimentally. In addition, we have
reported very recently an mt-QSAR and CN for antifungal com-
pounds.34 In both cases the CNs used based on Euclidean distance
but it is well known that different distance measure can be used
to construct CNs obtaining different results.35 Taking into consider-
ation that we do not have an a priori reason to select one particular
class of distance the study of the effect of distance selection in
drug–drug ms-CNs becomes mandatory. The present work present
the first comparative study of different distances to construct drug–
drug ms-CNs for antiviral compounds using one mt-QSAR model. In
Table 4 we generated six drug–drug networks using the following
distances: 1 � (Pearson r) distance, Chebychey distance metric,



Table 4
Comparative study of the Giant Components for networks based on different distances

GC(1 � Pearson r) Value TIsa Value GC(Chebychey)

211 n 46
629 m 152
18 D 12
6 z 5
2.84 C 14.7
11100 M1 2976
55669 M2 16320
99.1 Xr 21.36
9842 F 2672
1.98 P 2.28

GC(Euclidean) Value TIsa Value GC(Manhattan)

499 n 158
2452 m 713
20 D 7*

8 z 3*

1.97 C 5.75
75516 M1 16208
674428 M2 96420
231.3 Xr 74.73
70612 F 14728
3.86 P 3.5

GC(Disagreement) Value TIsa Value GC(Power)

33 n 198
102 m 476
5 D 20
2 z 8
19.32 C 2.44
1556 M1 6588
6173 M2 26155
15.9 Xr 92.6
1352 F 5636
2.06 P 1.4

a The TIs used are number of nodes (n), number of edges (m), topological distance (D), average node degree (z), Zagreb group index 1 (M1), Zagreb group index 2 (M2),
Randic connectivity index (Xr), Platt index (F), Index of relinking (P).
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Euclidean distance, City-block (Manhattan) distance, Percent dis-
agreement distance and Power distance.

In this work, we constructed the CNs also to explore globally
and locally the similarity interrelationships between all drugs ac-
tive against different species of virus. We this aim we focus the
theoretical study on an special type of sub-network called the
Giant Component of the CN for one type of drug–drug distance
Dij. We denoted these sub-networks as GC(Dij). The Giant Compo-
nents are very important because that contained a sub-set of nodes
(drugs) that are near to (are similar to) all the nodes in the CN. For
instance, Barabasi et al. studied very recently the GC of CN similar
to the present; which describes multi-target drug–receptor inter-
actions.36 They used different TIs and/or CIs of these CNs to de-
scribe the network topology or connectivity numerically. Here,
we calculated the number of nodes (n), number of edges (m), topo-
logical distance (D), average node degree (z), clustering coefficient
(C), Zagreb group index 1 (M1), Zagreb group index 2 (M2), Randic
connectivity index (Xr), Platt index (F), Index of relinking (P). The
parameter n coincides with the number of drugs and m is the num-
ber of similar drug–drug pairs. Two drugs are connected according
to the cut-off value. The threshold value used was a distance of
0.0051 for all networks. This cut-off value used was the fraction
of the average distance of a node to all the others that guarantee
that the node is connected to at least one other node. The descrip-
tion of these kind of parameters have been reported previously and
the applications for small molecules, macromolecules, and net-
works reviewed.34,37 The obtained topological values varied nota-
bly from one network to other. Considering that C was
stimulated in the form of an edge density C = 100 � (m/mmax) we
can classify them approximately into two classes: CNs that resem-
ble Small World Random networks and CNs similar to Low-Density
Random networks.38 In the first group we may put GC(Manhattan)
and GC(Disagreement) and in the second group we can classify the
other networks. In order to unravel local relationships of drug–
drug similarity for instance the drugs predicted to be more similar
to a new drug or the degree of similarity between two apparently
unrelated drugs (drug–drug distance) we should select Small
World networks. Because, we can select for each drug in average
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a low number of similar drugs (z). In addition, the average distance
between two drugs is unexpectedly short (D) so we can select on
few relative drugs to see the change from one drug to other. In
the present study we select GC(Manhattan) that presents a lower
z = 3 and D = 7 avoiding the larger values of z > 4 and D > 10 of
the other network. We do not preferred GC(Disagreement) because
z = 2 is very small and we have to take into account the possibility
of selecting false similar drugs due to mt-QSAR misclassifications.
In Figure 1 we illustrate the picture of GC(Manhattan) visualized
in the interface of CentiBin and exemplify the relationships be-
tween some known drugs.
4. Concluding remarks

The present mt-QSAR model is useful to predict antiviral activ-
ity of any organic compound against a large diversity of virus spe-
cies, obtain BPMs and construct multi-species Complex Networks.
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