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Abstract—There are many different kinds of pathogenic bacteria species with very different susceptibility profiles to different anti-
bacterial drugs. One limitation of QSAR models is that they consider the biological activity of drugs against only one species of
bacteria. In a previous paper, we developed a unified Markov model to describe the biological activity of different drugs tested
in the literature against some antimicrobial species. Consequently, predicting the probability with which a drug is active against dif-
ferent species of bacteria with a single unified model is a goal of major importance. The work described here develops the unified
Markov model to describe the biological activity of more than 70 drugs from the literature tested against 96 species of bacteria. We
applied linear discriminant analysis (LDA) to classify drugs as active or inactive against the different tested bacterial species. The
model correctly classified 199 out of 237 active compounds (83.9%) and 168 out of 200 inactive compounds (84%). Overall training
predictability was 84% (367 out of 437 cases). Validation of the model was carried out using an external predicting series, with the
model classifying 202 out of 243 (i.e., 83.13%) of the compounds. In order to show how the model functions in practice, a virtual
screening was carried out and the model recognized as active 84.5% (480 out of 568) antibacterial compounds not used in the train-
ing or predicting series. The current study is an attempt to calculate within a unified framework the probabilities of antibacterial

action of drugs against many different species.
© 2006 Elsevier Ltd. All rights reserved.

1. Introduction

With the increase in resistance of bacteria to antibiotic
treatment, attention has focussed on developing novel
approaches to antimicrobial therapy. One possibility is
to exploit natural mechanisms used by mammals,
including humans, to combat microbial invaders. Mod-
ern rational drug design widely relies on building exten-
sive QSAR (quantitative structure—activity relationship)
models and this represents a substantial part of the cur-
rent ‘in silico’ research. QSAR can then be utilized to
optimize both the activity profile of the molecule and
its chemical synthesis.! Unfortunately, QSAR studies
are generally based on databases that consider only
parent compounds acting against one single microbial
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species. As a consequence, to predict the antimicrobial
activity for a given series of compounds one has to
use/seek as many QSAR models as the number of micro-
bial species for which one wishes to predict the drug’s
susceptibility.? In a previous paper, we developed a sin-
gle unified Markov model to describe the biological
activity of different drugs tested in the literature against
different antimicrobial species. In this sense, the develop-
ment of one single unified equation to calculate the
probability of activity of a given drug against different
antimicrobial species is very important.

Bacterial infections have increased dramatically in re-
cent years. Bacteria have been the cause of some of
the most deadly diseases and widespread epidemics in
human civilization. Bacterial diseases such as tuberculo-
sis, typhus, plague, diphtheria, typhoid fever, cholera,
dysentery, and pneumonia have taken a high toll on
humanity. Water purification, immunization (vaccina-
tion), and modern antibiotic treatments continue to
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reduce the morbidity and the mortality of bacterial dis-
ease in the 21st century—at least in the developed world,
where these are acceptable cultural practices. However,
many new bacterial pathogens have been recognized in
the past 25 years and many others, such as Staphylococ-
cus aureus and Streptococcus pneumoniae, have emerged
with new forms of virulence and new patterns of resis-
tance to antimicrobial agents.?

There are more than 1600 molecular descriptors that
can, in principle, be generalized and used to solve the
problem outlined above.*”’ In addition, other QSAR
approaches have been introduced recently and their util-
ity has been demonstrated in medicinal chemistry.® ! In
any case, none of these indices have been extended to en-
code additional information concerning chemical struc-
ture. Our group has previously introduced one Markov
Model (MM) to encode molecular backbone informa-
tion, with several applications in bioorganic medicinal
chemistry. The method was named the MARCH-IN-
SIDE approach, MARkovian CHemicals IN Sllico De-
sign. This approach allowed us to introduce matrix
invariants such as stochastic entropies and spectral mo-
ments for the study of molecular properties. Specifically,
the stochastic spectral moments introduced by our
group have been largely used for small molecule QSAR
problems, including the design of fluckicidal, anticancer,
and antihypertensive drugs. Applications to macromol-
ecules have been restricted to the field of RNA without
application to proteins.'>"'> The entropy-like molecular
descriptors have demonstrated flexibility in many bioor-
ganic and medicinal chemistry problems and these in-
clude the estimation of anticoccidial activity, modeling
the interaction between drugs and HIV-packaging-
region RNA, and predicting protein and virus
activity.'622

In recent studies, our group extended the MARCH-IN-
SIDE method to encompass interesting molecular envi-
ronment information in addition to molecular structure.
This new interpretation allows the calculation of the
molecular thermodynamic free energy for many physi-
cochemical and biological processes.?*>* This approach
is able to take into consideration not only the molecular
structure of the drug but also the free energy of its inter-
action with the specific microbial organism that the drug
has to eliminate. In the present study, we developed a
single linear equation to predict the antibacterial activity
of drugs against different species based on these previous
ideas.

2. Results and discussion

The advantage of the present stochastic approach is the
possibility of deriving average contributions to the bio-
logical activity depending on the probability of the
states of the MM. The generalized parameters fit in a
more clearly physicochemical sense in comparison to
our previous ones.?>2> More specifically, this work is
the first study in which a single linear QSAR equation
model is introduced to predict the antibacterial activity
of drugs against different species. A summary of the

forward-stepwise analysis shows the variables that enter
first in the model (Table 1). The best model found was:

Actv = — 1.12-'Cy(T) 4+ 1.34 - °C{(T) + 1.84
0C(Cgt) — 0.90 - °Cy(Cyps) + 0.88
SCy(X) = 1.27 - °C4(H-Het) — 0.90
-2Cy(H-Het) + 0.698
4=049 Rc=0.715 p<0.001 (1)

where 4 is the Wilk’s statistic for the overall discrimina-
tion, F is the Fisher ratio, and p the error level. In this
equation, “C, values were calculated for the totality
(T) of the atoms in the molecule or for specific collec-
tions of atoms. These collections are atoms with a com-
mon characteristic, such as halogens (X), unsaturated
Carbon atoms (C) or heteroatom-bound hydrogen
atoms (H-Het). The model correctly classified 798 out
of 848 active compounds (94%) and 312 out of 400 inac-
tive compounds (78%). Overall training predictability
was 84.05% (1049 out of 1248 compounds). We validat-
ed the model using an external predicting series, with the
model classifying 202 out 243 (83.13%) of the com-
pounds (see Table 2). In addition, we used an ROC

Table 1. Summary for the forward-stepwise analysis

F P Effect
9C, (Het) 68.2 0.001 In
0Cs (Caa) 151.3 0.001 In
3¢ (X) 50 0.001 In
'C (T) 59.9 0.001 In
°C; (Cins0) 50.4 0.001 In
Cy (Canr) 47.6 0.001 In
2¢, (X) 24.3 0.001 Entered
¢ (D) 12.6 0 Out
'C, (Caar) 0.7 0.398 Out
ZCS (Csut) 0.9 0.334 Out
3Cs (Csal) 02 0623 Out
4Cs (Csat) 0.2 0.641 Out
5C (T) 2.4 0.123 Out
i () 13.1 0 Out
ICS (Cinsl) 08 038 Out
2C (Cingd) 2.3 0.127 Out
?Cy (Cing) 2.1 0.145 Out
*Cs (Cingt) 0.1 0.724 Out
5Cs (Cinsl) 1.9 0.171 Out
¢, (X) 2.9 0.088 Out
¢, (X) 0.4 0.511 Out
Gy (X) 5.6 0.018 Out
‘G (X) 0 0.902 Out
°C, (X) 21.9 0 Out
°c () 0 0.905 Out
¢, (Het) 0.1 0.818 Out
2C, (Het) 0.3 0.573 Out
3C, (Het) 0 0.943 Out
*C; (Het) 0 0.867 Out
5C, (Het) 0.3 0.599 Out
9C, (H-Het) 0.4 0.533 Out
'C, (H-Het) 2.8 0.094 Out
2C, (H-Het) 1.9 0.168 Out
3C, (H-Het) 2.4 0.124 Out
4C, (H-Het) 2.7 0.102 Out
5C, (H-Het) 1.6 0.207 Out
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Figure 1. Stochastic drug-target step-by-step interaction.

Table 2. Results of the model, analysis, validation, and virtual
screening

Percent Antibacterials Inactive
Analysis
Antibacterials 84.0 199 38
Inactive 84.0 32 168
Total 84.0
Validation
Antibacterials 83.8 119 23
Inactive 82.2 18 83
Total 83.0
Virtual screening
Antibacterials 84.5 480 88

curve (see Fig. 2) to investigate the reliability of the
model, with the areas under the curve equal to 0.86
for the predicting series and 0.82 for the training one.
These values indicate that the present model gives results
that are statistically significant and clearly different from
those obtained with a random classifier (area = 0.5). In
order to demonstrate how to use the model in practice,
we carried out a virtual screening that recognized 480
out of 568 antibacterial compounds (84.5%). These com-
pounds were never used in the training or predicting
series.

The most interesting characteristic of the present model
is that the “C; used as molecular descriptors depend on
both the molecular structure of the drug and the bacte-
rial species against which the drug has to act. The cod-
ification of the molecular structure is principally due

to the use of the adjacency factor o; to encode atom-at-
om bonding, that is, molecular connectivity. The other
aspect that allows the molecular structural changes to
be encoded is that the atomic contributions 0cj(s) are
atom-class specific. Consequently, one change in the
molecular structure, for example, F by O, necessarily in-
volves a change in the interaction. In any case, “Cj are
the first molecular descriptors reported for antimicrobial
QSAR studies that have the ability to discern between a
large number of bacterial species. This property is relat-
ed to the definition of 0cj(s). The values of these atomic
contributions (reported here for the first time for anti-
bacterial action) are given in Table 3 for some atoms
and 36 selected species (see Table 2SM in the supple-
mentary material for a detailed list with more than 90
species).

Atomic contributions for antibacterial properties allow
not only to distinguish different species (see Table 3)
but also to calculate the atomic contributions from dif-
ferent strains of the same species. One advantage of our
model is to mark resistant strains or strains that are sus-
ceptible to a different drug. For instance, the results in
Table 3 show the atomic contributions to antimicrobial
action against susceptible and resistant strains of S.
aureus and Staphylococcus epidermidis. For the first of
these two species, the regression coefficient between
atomic contributions for resistant and susceptible strains
is 0.51. Conversely, the regression coefficient is 0.82 for
S. epidermidis. This notable difference between the two
regression coefficients possibly reflects the magnitude
of the difference between the respective resistant and sus-
ceptible strains. In general, the atomic contributions of
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Figure 2. Results for the ROC curve.
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Table 3. Some atomic contribution values for atom-receptor interactions including resistant and susceptible species

Bacteria species C N (0] H S F Cl
Acinetobacter baumanni 0.22 0.18 0.2 0.23 0.18 0 0
Bacteroides thetaiotaomicron 0.21 0.23 0.2 0.21 0.2 0.3 0
Clostridium perfringens 0.3 0.3 0.3 0.3 0.3 0.3 0.3
Corynebacterium pseudodiphtheriticum 0.15 0.18 0.17 0.12 0.12 0 0.2
Chlamydia trachomatis 0.3 0.3 0.3 0.3 0 0.3 0
Citrobacter freundii 0.18 0.17 0.17 0.18 0.16 0.3 0
Clostridium difficile 0.25 0.25 0.25 0.25 0.17 0.27 0.2
Eikenella corrodens 0.15 0.21 0.12 0.12 0 0.3 0
Enterococcus faecium 0.24 0.22 0.24 0.24 0.19 0.26 0.3
Eubacterium lentum 0.22 0.2 0.21 0.22 0.22 0.3 0.3
Haemophilus influenzae 0.3 0.3 0.3 0.3 0.3 0.3 0.3
Klebsiella oxytoca 0.24 0.23 0.23 0.24 0.22 0.3 0
Legionella pneumophila 0.3 0.3 0.3 0.3 0 0.3 0.3
Listeria monocytogenes 0.3 0.3 0.3 0.3 0.3 0 0.3
Mpycobacterium avium 0.1 0.11 0.11 0.05 0 0.14 0
Micoplasma pneumoniae 0.3 0.3 0.3 0.3 0 0.3 0.3
Moraxella catarrhalis 0.3 0.3 0.3 0.3 0.3 0.3 0.3
Morganella morganii 0.25 0.26 0.25 0.26 0.26 0.3 0
Staphylococcus aureus 0.24 0.25 0.24 0.24 0.23 0.31 0.2
MrSa* 0.14 0.15 0.14 0.13 0.08 0.22 0.2
MsSa 0.23 0.23 0.22 0.22 0.24 0.22 0
Staphylococcus epidermidis 0.29 0.27 0.28 0.29 0.25 0.3 0.3
MrSe* 0.18 0.15 0.19 0.18 0.1 0 0.3
MsSe* 0.24 0.24 0.24 0.24 0.24 0.3 0
Staphylococci coagulase-negative 0.15 0.16 0.12 0.13 0.05 0.3 0.1
Staphylococcus haemolyticus 0.24 0.21 0.23 0.24 0.14 0.3 0.3
Streptococcus pneumoniae 0.27 0.28 0.27 0.26 0.29 0.29 0.3
Streptococcus pyogenes 0.26 0.28 0.27 0.27 0.3 0.3 0.3
Streptococci f-hemolytic 0.4 0.28 0.27 0.28 0.3 0.3 0.3

& MrSa: Staphylococcus aureus methicillin resistant, MrSe: Staphylococcus epidermidis methicillin resistant, MsSa: Staphylococcus aureus methicillin

susceptible, MsSe: Staphylococcus epidermidis methicillin susceptible.

different atoms to the antibacterial property against all
the species studied are connected with one another.
The high regression coefficients for some of these contri-
butions are shown in Table 4.

Finally, we have depicted the names of all the drugs
used, the bacterial species tested, and detailed results
for training and validation in see Table 1SM. The afore-
mentioned flexible definition of the present approach
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Table 4. Correlation values of atomic values

C N o) H S F Cl

C 1.00 0.95 0.96 0.98 0.54 0.40 0.33
N 1.00 0.97 0.96 0.45 0.38 0.23
(0] 1.00 0.98 0.44 0.28 0.33
H 1.00 0.52 0.36 0.32
S 1.00 0.26 0.43
F 1.00 —0.05
Cl 1.00

makes it possible to model very heterogeneous antibac-
terial activity data for the first time. In fact, the present
study is the first reported unified model that allows the
prediction of the antibacterial activity of any organic
compound against a very large and diverse range of bac-
terial pathogens. As a concluding remark, and concern-
ing the future research outlook, one can note that the
present QSAR methodology may be able to predict
the biological activity of drugs in more general situa-
tions than the traditional QSAR models.

3. Methods

3.1. Markov model for drug—target step-by-step
interaction

We will consider a hypothetical situation in which a
drug molecule is free in space at an arbitrary initial time
(to). It is then of interest to develop a simple stochastic
model for a step-by-step interaction between the atoms
of a drug molecule and a molecular receptor from the
time when the pharmacological effect begins. For the
sake of simplicity, we consider a model in which the
chemical structure of the receptor is either unknown
or is not taken into consideration.

Let the initial contrlbutlon of the jth atom to the drug—
receptor interaction be cj(s) In this term the symbol ¢
represents contribution, the 0 indicates that we refer to
the initial atom-receptor interaction, and s indicates
that the contribution depends on the specific m10r0b1a1
species. One must then define the contribution c,,(s) of
the interaction between the jth atom and the receptor
given that ith atom has interacted at previous time ¢.
With respect to c,,(s) we must take into consideration
that once the jth atom has interacted the preferred can-
didates for the next interaction are ith atoms bound to j
by a chemical bond. In particular, immediately after the
first interaction takes place (7o = 0), an interaction c,](s)
occurs at time f; =1 and so on. Therefore, we defined
'e(s) = a; - %c(s), where a; = 1 if the jth atom is adjacent
to the ith one and «; = 0 otherwise. One can suppose
that atoms bind to their receptor in discrete intervals
of time f.. There are several alternative ways in which
such a step-by-step binding process may occur. This
concept is illustrated in Figure 1.

The Markov Model allowed us to derive the average
contributions “C, of the atoms in the molecule to the
gradual interaction between the drug and the receptor
at a specific time k in a given microbial species (s). These
kC, values are derived by summing up all the atomic

contributions of interaction Ocj(s) pre-multiplied by the
absolute probabilities of drug-target interaction

[7 (] s)23 25

n

€= p,rs) - es(s) 2)

J=1

Such a model is stochastic per se (probabilistic step-by-
step atom-receptor interaction in time) but also consid-
ers molecular connectivity (the step-by-step atom union
in space throughout the chemical bonding system). The
Markov Model for the drug-target step-by-step interac-
tion method was described in a previous paper.2°

3.2. Statistical analysis

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

Actv = by - °Cs+ by - 'Cs + by - 2Cy + by - 3Cs +
+ b -*Co+ b (3)

Here, “C, act as the microbial species-specific molecule/
target interaction descriptors. Linear discriminant analy-
sis (LDA)!'® was selected to fit the classification functions.
The model deals with the classification of a set of com-
pounds as active or inactive 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 antimi-
crobial activity for the drug against the specific species. In
Eq. 3, b, represents the coefficients of the classification
function, determined by the least squares method as
implemented in the LDA module of the STATISTICA
6.0 software package.?’” Forward stepwise was fixed as
the strategy for variable selection. !

The quality of LDA models was determined by examin-
ing Wilk’s U statistic, the Fisher ratio (F), and the p-le-
vel (p). We also inspected the percentage of good
classification and the ratios between the cases and vari-
ables in the equation and variables to be explored in or-
der to avoid over-fitting or chance correlation.
Validation of the model was corroborated by resubstitu-
tion of cases in four predicting series.?%?’

3.3. Data set

The data set consisted of a set of marketed and/or very
recently  reported antibacterial drugs with
MICso < 10 uM against different bacteria. The three
data sets used were as follows: training series, 199 active
compounds plus 168 inactive compounds (367 in total);
predicting series, 137 + 106 =243 in total; virtual
screening, 568 active compounds. The literature reports
contain experimental test data for each drug against
some, but not all, species from a list of 137. Consequent-
ly, we were able to collect 1248 cases (drug/species
pairs). For the sake of brevity, the names or codes for
all compounds, as well as the references consulted, are
depicted in Table ISM of the supplementary material.
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