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Abstract Quantitative structure–activity relationship study
on three diverse sets of structurally similar fluoroquino-
lones was performed using a comprehensive set of molecular
descriptors. Multiple linear regression technique was applied
as a preprocessing tool to find the set of relevant descriptors
(10) which are subsequently used in the artificial neural net-
works approach (non-linear procedure). The biological activ-
ity in the series (minimal inhibitory concentration (µg/mL)
was treated as negative decade logarithm, pMIC). Using
the non-linear technique counter propagation artificial neural
networks, we obtained good predictive models. All models
were validated using cross validation leave-one-out proce-
dure. The results (the best models: Assay1, R = 0.8108;
Assay2, R = 0.8454, and Assay3, R = 0.9212) obtained on
external, previously excluded test datasets show the ability
of these models in providing structure–activity relationship
of fluoroquinolones. Thus, we demonstrated the advantage
of non-linear approach in prediction of biological activity in
these series. Furthermore, these validated models could be
proficiently used for the design of novel structurally similar
fluoroquinolone analogues with potentially higher activity.
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Introduction

In the last decades, the increase in the incidence of tuber-
culosis is evident, and now it represents one of the major
risk factors for lethality among the patients suffering from
infectious disease. In order to control this situation, che-
motherapy is used as a weapon of first choice. Enhanced
drug resistance development in microorganisms, as well as
the side effects and toxicity of already known antituber-
cular agents, direct the research efforts today toward the
design of a new generation antitubercular drugs with bet-
ter activity, and possible lower toxicity [1] (http://www.
immunisation.nhs.uk/files/TB_factsheet.pdf). According to
the World Health Organization, one-third of human popula-
tion is infected by Mycobacterium tuberculosis and around
two million people die from tuberculosis every year. The
tuberculosis itself is a disease mainly caused by the micro-
organism M. tuberculosis, but in some cases it can be
caused by other Mycobaterium species such as M. fortuitum,
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Fig. 1 Nalidixic acid versus generic structure of fluoroquinolones

M. smegmatis, and M. avium–intracellulare complex. The
treatment of tuberculosis [2] is long and faces many prob-
lems. Tuberculosis associated with AIDS (due to HIV infec-
tion) forms a fatal combination and is currently responsible
for 13% of the number of deaths due to HIV infection [3]. In
the past, several types of targets have been identified, as well
as a wide spectrum of antitubercular agents [4]. The microbes
continuously develop resistance toward drugs, many antitu-
berculosis drugs show side effects in clinical use, and there
is a lack of preparations active agains stable mycobacteria.
These factors are stimulating the development of new gener-
ation anti-tuberculosis drugs.

In the search for new therapeutical targets and new anti-
infective agents, fluoroquinolones are particularly interesting
because of their broad spectrum of activity against various
bacteria, mycobacteria, and parasites [5–11]. The quinolones
are a family of broad-spectrum antibiotics originating from
nalidixic acid. The majority of quinolones in clinical use
belong to the subset of fluoroquinolones, which have a flu-
oro group attached to the central ring system, typically at the
6-position (Fig. 1).

According to structure–activity relationship (SAR) stud-
ies, the 1,4-dihydro-4-oxo-3-pyridinecarboxylic acid scaf-
fold is essential for anti-mycobacterial activity [12]. The
pyridone system must be annulated with an aromatic ring
system. Substitutions at position 2 greatly reduce activity, but
the substituents at positions 5, 6, 7 (especially), and position
8 of the annulated ring system may result in increased anti-
mycobacterial activity. Fluorine atom substitution at posi-
tion 6 is very important and also will result in significantly
enhanced anti-mycobacterial activity. Substitutions of alkyl
substituents at the position 1 are essential for activity (the
lower alkyl substituents such as methyl, ethyl, and especially
cyclopropyl, enhance the potency and efficiency). Ring con-
densations at the (1,8), (5,6), (6,7), and (7,8) positions are also
important and can significantly increase the activity [12].

One of the well-established targets of antibacterial agents
is DNA gyrase [13], which is unique bacterial type-II topoi-
somerase (topo II) that catalyzes the introduction of negative
supercoils into DNA using the free energy of ATP hydrolysis
[14]. The enzyme consists of two subunits GyrA and GyrB
that form a functional heterodimer A2B2. The GyrA subunit
is responsible for DNA breakage and reunion, where GyrB
is also involved. This catalytic process involves large confor-
mational movements of the enzyme, enabled by the binding

and hydrolysis of ATP on the GyrB subunit. Notably, similar
conformational changes are also involved in the ATP-inde-
pendent relaxation process. Another closely related bacterial
enzyme from the topoisomerase-II family is topoisomerase-
IV (topo IV), which also forms a heterodimer C2E2 consist-
ing of two ParC subunits and two ParE subunits [15]. Despite
being highly homologous enzymes, gyrase and topo IV pos-
sess different vital biological functions in the cell [16,17].
They are both involved in control of the topological state of
DNA molecules, where gyrase is required for initiation of
DNA replication and elongation of nascent DNA, while topo
IV is able to relax DNA supercoils and decatenates daughter
chromosomal DNA. Fluoroquinolones are the only inhibitors
of gyrase/topo IV commonly used for treatment of bacterial
infections in hospital and clinics. These synthetic compounds
belong to the class of GyrA/ParC inhibitors [18]. However,
reports of already known fluoroquinolone side effects and
toxicity alerts have revived a growing interest in providing
structurally similar analogues of these drugs with better anti-
tubercular activity and lower toxicity.

The most common side effects caused by the quinolones
involve gastrointestinal tract (GIT, nausea, and diarrhea) and
central nervous system (CNS, headache, and dizziness) dis-
orders. These side effects are generally benign and therefore
the discontinuation of the therapy is usually not needed [19].
Some idiosyncratic adverse reactions are more specific to
individual agents that may share some structural similarity,
such as the 1-(2,4)-difluorophenyl group located in trova-
floxacin (associated with hepatitis), temafloxacin (associated
with hemolytic-uremic syndrome), and tosufloxacin (asso-
ciated with eosinophilic pneumonitis). On the other hand,
the quinolones with higher discontinuation rates, such as
trovafloxacin (7.0%) and grepafloxacin (6.4%), are no longer
available for general use (trovafloxacin was withdrawn from
the market due to the risk of hepatotoxicity).

The structure–activity (SAR) and structure–toxicity (STR)
relationship analyses of the fluoroquinolone antibiotics show
that one of the most significant structural changes for activity
was the increasing the steric bulk at R7 position of the main
6-fluoroquinolone scaffold. This steric bulk, usually obtained
by alkylation, results in reducing the CNS effects, drug–drug
interactions, and genotoxicity. Simultaneously, the improved
potency and in vivo efficacy against Gram-positive species
is observed. However, the activity against the Gram-negative
bacteria is lowered. The halogen substitutions at the posi-
tion 8, provided large increases in the antibacterial activity,
but these substitutions have also been associated with side
effects such as increased phototoxicity and decreased bacte-
rial selectivity.

In some of the new quinolone antibiotics reported in [20]
the halogen substitution at position 8 has been eliminated.
Two other substituents at R8 (N, COCH3) have also been
used in combination with the new alkylated side chains at R7
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position of the main quinolone scaffold in order to maintain
efficacy. At position R1, cyclopropyl substituent is still the
optimal one and it appears to be important for increasing the
metabolic stability. On the other hand, this substituent rep-
resents the risk factor for increasing theophyllin interactions
(drug–drug interactions) and clastogenicity. According to the
structure–activity (SAR) and structure–toxicity (STR) rela-
tionship studies, the 2,4-difluorophenyl group would be an
ideal bioisosteric replacement for the cyclopropyl group [20].

In this study, we have used three diverse datasets consist-
ing of 65–145 fluoroquinolones and a large set of molec-
ular descriptors (more then 600 constitutional, topological,
geometrical, and electrostatic parameters) to construct struc-
ture–activity relationship models which could subsequently
be used for prediction of the biological activity of novel
fluoroquinolones.

Materials and methods

The biological assay data used in our study are from in vitro
tests for inhibitory activity against M. tuberculosis. Initially,
we collected three diverse datasets of fluoroquinolones and
their related activity values [Minimal inhibitory concentra-
tion, MIC (µg/mL)] measured in the same laboratory for each
dataset separately. The datasets were collected from online
database source [21] using the advanced search criteria by
chemical/therapeutic class. The datasets are named Assay1,
Assay2, and Assay3. Assay1 consists of 66 fluoroquinolone
structures and their activity values. These fluoroquinolones
were collected using the search criteria “fluoroquinolones”
in the NIAID therapeutics database [21]. According to SAR
analysis, each structure in the dataset has 1,4-dihydro-4-oxo-
3-pyridinecarboxylic acid moiety and fluorine atom substi-
tution at the position 6 in the main ring system which are
believed to be essential for anti-mycobacterial activity
(Fig. 1). The MIC values of the collected fluoroquinolones
are in the range from 0.003 to 256.0 µg/mL. Some of the
structures do not correspond to the class of classical fluoro-
quinolones because of the third ring system condensed to the
bicyclic ring system. These fluoroquinolone structures have
MIC values in the range (0.9–64.0 µg/mL). From the same
online database source, we collected Assay2 consisting of
145 fluoroquinolone structures and their biological activity
values. These fluoroquinolones are collected using the search
criteria “antituberculous agents” in the NIAID therapeutics
database. The MIC values of the collected fluoroquinolones
are in range from 0.00121 to 7.12 µg/mL. Because several
fluoroquinolone structures in the Assay2 dataset had identical
values for activity (MIC, µg/mL), we eliminated these struc-
tures and their corresponding activity values and constructed
a reduced dataset named Assay3 consists of 65 diverse fluo-
roquinolone structures. There are similarities in the chem-

ical structures between the Assay1, Assay2, and Assay3.
The chemical structures of the compounds and the related
biological activity values are available in the Supporting
information (Tables S1–S3). The method of collecting the
compounds and their properties is based on using Microsoft
Excel and the specifically integrated toolbox for ChemBio-
Office Ultra 2008 (v.11.0) (http://www.cambridgesoft.com/
software/ChemBioOffice). This unusual method of collect-
ing data is suitable for generating the structure database input
file format (*.sdf) for each of the datasets, which is sub-
sequently used for simultaneous calculation of the molec-
ular descriptors in DRAGON software package [22]. In
Microsoft Excel, MIC (µg/mL) values are converted into
pMIC (−log10(MIC)) values, and used in CODESSA soft-
ware package for multiple linear regression (MLR) analysis
[23,24].

Construction of a quantitative structure–activity
relationships model

To obtain a QSAR model, compounds are presented by the
molecular descriptors. For calculation of the 2D molecular
descriptors for each compound of the datasets obtained, we
used two software packages, DRAGON [22] and CODESSA
[23,24]. Using an in-house developed software application
[25], we made a conversion of the DRAGON’s list of calcu-
lated molecular descriptors (*.txt output format) into a CO-
DESSA descriptor input file (*.txt input format). The rest
of the descriptors used in the MLR analysis were calculated
directly in CODESSA before running the MLR analysis. The
pool of the calculated 2D molecular descriptors (about 600),
which were considered for further calculations, can be sep-
arated into four classes: constitutional, topological, geomet-
rical, and electrostatic. All descriptors were analyzed using
the CODESSA software with heuristic option, which is a
suitable option for selection of descriptors [24].

First, the following selection algorithm calculating the
one-parameter correlation equations between descriptors and
activity and eliminating all descriptors that do not fulfill the
criteria below was used [23].

The F test’s value for the one-parameter correlation with
the descriptor is below 1.00.

The squared correlation coefficient of the one-parameter
equation is less than R2

min (in our case R2
min = 0.1).

The parameter’s t value is less than t1 (where R2
min and

t1 = 1.5).
The descriptor is highly intercorrelated (above rfull, where

rfull = 0.99), with another descriptor and this other
descriptor has a higher squared correlation coefficient in the
one-parameter equations based on these descriptors.

With the remaining descriptors all possible two- and more-
parameter linear models were calculated. We examined the
models with 2, 3, 4, 5, and 10 parameters, presented in
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Table 1. The definition of best descriptors used for the
correlations are listed in Table 2. The selection procedure
resulted in ten best descriptors, which were subsequently
used in neural network modeling.

Neural networks approach

As further modeling techniques we applied Kohonen Artifi-
cial Neural Networks (KANN) alias Self Organizing Maps
(SOM) and the Counter Propagation Artificial Neural Net-
works (CP ANN). The details of both the techniques were
described previously and therefore we give here only a brief
summary [26]. Due to their relatively simple structure the
SOM and CP ANN are suitable tools for QSAR/QSPR mod-
eling [27,28]. The models were developed and tested with
two strategies. SOM represents a basic type of ANN and
is a mapping from multi-dimensional descriptor space onto
two-dimensional network of neurons. The mapping runs over
a non-linear algorithm known as training. The result of the
training is two-dimensional array of neurons, which are occu-
pied with objects in a way that similar objects are located
close to each other (or on the same neuron). With the visual
inspection of the map one can recognize similarity relation-
ships among objects with the respect on the entire dataset.
A trained network is not only a look up table of objects but
also a model. During the mapping from multi-dimensional
descriptor space onto a limited number of neurons (training)
different parts of space overlap and build the complex model.
It was shown that the SOM is a suitable tool to divide the set
of compounds into the training set and the test set. In this
procedure, the two-dimensional map was divided in sub-par-
cels and from each sub-parcel some objects were put into the
training set and others into the test set [29–32]. It is expected
that after such division both the sets cover entire information
space equivocally what is a condition for a reliable test. If one
wish to validate a QSAR model the points in the test set must
be close to the points in the training set in the multidimen-
sional descriptor space [30]. To adjust the optimal technical
parameters the training of the SOMs was carried out with
different dimensions of the network architecture and trained
with different number of epochs for each of our datasets. We
selected the network with such dimensions that all neurons
were occupied. In this way about 80% of objects were put
into the training set and 20% of objects into the test set. It
is important to emphasize that the division was performed
considering only descriptors, i.e., independent variables and
before the modeling.

CP ANN represents an extension of SOM [26,33]. In var-
iation to SOM the property or target values (in our case the
MIC activities) are included in the modeling. The network
architecture shows an additional layer, which is associated
to the activity values. The learning algorithm works in two
steps. In the first step, which is the same as described above,
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Table 2 Specification of descriptors used in our two to ten-parameter QSAR models

Descriptor Source Definition Class

EEig01r DRAGON Eigenvalue 01 from edge adj. matrix weighted by resonance integrals T
EEig09r DRAGON Eigenvalue 09 from edge adj. matrix weighted by resonance integrals T
EEig10r DRAGON Eigenvalue 10 from edge adj. matrix weighted by resonance integrals T
EEig03d DRAGON Eigenvalue 03 from edge adj. matrix weighted by dipole moments T/E
EEig04d DRAGON Eigenvalue 04 from edge adj. matrix weighted by dipole moments T/E
EEig07d DRAGON Eigenvalue 07 from edge adj. matrix weighted by dipole moments T/E
MATS4m DRAGON Moran autocorrelation-lag4/weighted by atomic masses T
MATS8m DRAGON Moran autocorrelation-lag8/weighted by atomic masses T
MATS4e DRAGON Moran autocorrelation-lag4/weighted by atomic Sanderson electronegativities T/E
MATS8e DRAGON Moran autocorrelation-lag4/weighted by atomic Sanderson electronegativities T/E
MATS3v DRAGON Moran autocorrelation-lag4/weighted by atomic van der Waals volumes T
GATS3e DRAGON Geary autocorrelation-lag3/weightred by atomic Sanderson electronegativities T/E
GATS5v DRAGON Geary autocorrelation-lag5/weightred by atomic van der Waals volumes T
GATS8v DRAGON Geary autocorrelation-lag8/weightred by atomic van der Waals volumes T
nR03 DRAGON Number of 3-membered rings C
nR09 DRAGON Number of 9-membered rings C
nR10 DRAGON Number of 10-membered rings C
JGI2 DRAGON Mean topological charge index of order 2 E
JGI3 DRAGON Mean topological charge index of order 3 E
GGI2 DRAGON Topological charge index of order 2 T/E
YZS/YZR CODESSA YZ Shadow/YZ Rectangle T
ZXS/ZXR CODESSA ZX Shadow/ZX Rectangle T
X1A DRAGON Average connectivity index chi-1 T
PW3 DRAGON Path/Walk 3-Randic shape index T
MSD DRAGON Mean square distance index (Balaban) T
MPCO CODESSA Max partial charge for a O atom [Zefirov’s PC] E
SEigZ DRAGON Eigenvalue sum from Z weighted distance matrix (Barysz matrix) T
D/Dr03 DRAGON Distance/detour ring count of order 3 T
piPC08 DRAGON Molecular multiple path count of order 08 T
ESpm13d DRAGON Spectral moment 13 from edge adj. matrix weighted by dipole moments T/E
Tei CODESSA Topographic electronic index (all pairs) [Zefirov’s PC] T/E

C constitutional, T topological, G geometrical, E electrostatic

the descriptors determine the distribution of objects in the
two-dimensional network. In the second step, the positions
are projected to the additional layer where the response sur-
face is constructed. In the process of training all neurons are
affected. The output neurons neighboring the central neuron
may remain unoccupied at the end of training. The output
layer enables the predictive activity of the CP ANN. The pre-
diction of property for an unknown input object is performed
by positioning the input object into the input layer of the
trained neural network, locating it by finding the most similar
or central neuron and disclosing the weights in output layer
at the position of the central neuron [34]. The training pro-
cess encompasses all neurons, also those that remain empty
after the input of objects in the training set to the trained net-
work. These empty neurons may better accommodate a new,
unknown object (in the test set), not equal or similar to any
of the objects from the training set.

Different models which were developed with training sets
were used to assess the ability of the obtained ANN models to
predict biological activity (MIC) of the compounds from each

fluoroquinolone dataset. We have performed ample experi-
ments and test calculations to obtain the best models with
respect to dimensions of the network, number of epochs and
learning rates. The criterion for the model selection was the
maximal value of correlation coefficient R for cross valida-
tion leave-one-out (CV LOO, Rcv) and test set results (see
Supporting Information in file, Table S4). When these mod-
els were optimized they were again tested on their predictive
ability with the test sets. The models we have selected in
Table 4 (marked in red in Supporting Information in the file,
Table S4) produce the best test set predictions as evaluated
by Rcv criterium. The apparently better models which give
a better value for training set (marked in blue) all result in
inferior prediction for the test set.

Results and discussion

Quantitative structure–activity relationships (QSAR) which
have been examined to rationalize the various biological
activities of fluoroquinolones as well as to design new power-

123



422 Mol Divers (2011) 15:417–426

Table 3 Details of dividing the datasets using SOM

ID Dataset No NNarch Num. Ep. Training set Test set

1 Assay1 66 10 × 10 1200 48 18
2 Assay2 145 18 × 18 1200 115 30
3 Assay3 65 10 × 10 1200 46 19

No total number of objects, NNarch the dimensions of the network, Num. Ep. number of Epochs

ful compounds are well documented [35–39]. The aim of our
study is to approach the mechanism of anti-bacterial activ-
ity in these series on the basis of a comprehensive set of 2D
molecular descriptors (about 600) and to construct a robust
model for use in the design of new potential candidates. In
our QSAR analysis, we initially examined the models with
2, 3, 4, 5, and 10 parameters performed on three diverse sets
of fluoroquinolones active against M. tuberculosis for which
a good agreement was observed between the predicted and
experimental pMIC values. The two to ten-parameter mod-
els for each of the datasets (Assay1, Assay2, and Assay3) are
described in Table 1.

Since we start our procedure with a set of 600 descrip-
tors a possibility exists to encounter a chance correlation in
case that the number of screened variables would exceed the
number of observations. As shown in Table 1, the number of
observations (column 3, number of observations is 66, 145,
and 65 in Assay 1, Assay 2, and Assay 3, respectively) is suf-
ficient in order to screen the number of retained descriptors
or variables (column 4: number of descriptors 38, 26, 33)
to keep the probability of encountering a chance correlation
with R2 > 0.8 at the 1% level or less [40].

In order to improve the predictive performance of our
models, we applied the CP ANN modeling technique. As
input data we used previously obtained best ten-parame-
ter models for each dataset separately. Initially, SOM was
applied to divide our datasets (Assay1, Assay2, and Assay3)
into the training set and the test set as described above
(Table 3). The models were built with the training set
using the Cross Validation Leave-One-Out (CV LOO) testing
method for optimization of technical parameters (the details
are given in Table 4). For these purposes, we used different
neural network architectures and different number of epochs.
The neural network architecture is determined by the dimen-
sion of the two-dimensional network (number of neurons in
X and Y direction). The optimal dimensionality of the net-
work (X × Y ) depends on the number of structures in the
training set in order to cover all investigated objects (struc-
tures). The results of the test set predictions (Rbest) which
are obtained on the basis of the best training set models are
presented in Table 5a. The mean values (Rmean) of the test
set predictions show that for all training set models (different
NN architectures and number of epochs), the corresponding
R values for the test sets are statistically significant (Assay1:

0.90396 < R < 0.93289; Assay2: 0.82088 < R < 0.91770;
Assay3: 0.84116 < R < 0.93969). In this way any possible
bias in test set predictions is eliminated. For more informa-
tion, see Supporting Information (Table S4). The MLR mod-
els developed in the first linear part of the manuscript are of
minor importance for testing the predictive performances in
comparison with non-linear models developed in the second
part.

These results suggest that pMIC can be correlated to a sum
of interactions of constitutional, topological, and electrostatic
nature. The frequency analysis of the descriptors involved
in our models, suggest the list of parameters (Table 2)
which emerged as most important for establishing a QSARs.
Namely, the ten most frequent descriptors in our models are:
EEig10r, EEig03d, Tei, MATS4m, nR09, nR10, X1A, JGI2,
GGI2, and MPCO that belong to topological, constitutional,
and electrostatic class of molecular descriptors. The param-
eters EEig10r, MATS4m, X1A, Tei, EEig03d, and GGI2
belong to the class of topological and electro-topological
parameters, and describe the importance of the shape, i.e.,
the scaffold 6-fluoroquinolone moiety (1,4-dihydro-4-oxo-
3-pyridinecarboxylic acid) for activity.

On the other hand, Tei parameter defined as Topographic
electronic index of order 2 (statistically significant parame-
ter) is of great importance for activity of 6-fluoroquinolones
on the binding site and points out the electrostatic interaction
between fluoroquinolones and the GyrA subunit which may
result in increased stability of the fluoroquinolone binding to
the complex [41]. The parameters, JGI2 and MPCO, denot-
ing Mean topological charge index of order 2 and Max partial
charge for a O atom [Zefirov’s PC], respectively, belong to
the class of pure molecular electrostatic parameters. These
molecular descriptors are of significant importance for activ-
ity and indicate that in vitro antibacterial activity against M.
tuberculosis is strongly dependent on the charge indices for
the F atom at position 6 and the O (sp2) atom of the car-
bonyl and carboxyl groups in the scaffold 6-fluoroquinolone
moiety (Fig. 1) and suggest the possibility of establishing an
electrostatic interaction between the F atom and the recep-
tor, as well as the formation of hydrogen bonds between the
carbonyl groups of the fluoroquinolones and the receptor.

The three datasets (Assay1, Assay2, and Assay3) in the
article were observed separately as three different cases.
This non-uniformity is described also with the occurrence
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Table 4 Details of training set learning strategy using CV LOO and selection of the best models

NN-architecture

Assay1 7 × 7 8 × 8 9 × 9 10 × 10

R Rcv R Rcv R Rcv R Rcv

48-structures
Epochs

400 0.87 0.48 0.94 0.51 0.98 0.45 0.96 0.55
600 0.87 0.40 0.92 0.53 0.98 0.43 0.98 0.50
800 0.87 0.55 0.93 0.51 0.98 0.40 0.96 0.51
1000 0.87 0.58 0.92 0.43 0.98 0.33 0.98 0.41

Assay2 11 × 11 12 × 12 13 × 13 15 × 15

115-structures
Epochs

400 0.91 0.71 0.93 0.72 0.93 0.69 0.94 0.73
600 0.91 0.69 0.91 0.70 0.94 0.69 0.97 0.71
800 0.92 0.68 0.93 0.68 0.95 0.71 0.95 0.69
1000 0.91 0.66 0.94 0.70 0.96 0.70 0.95 0.67

Assay3 7 × 7 8 × 8 9 × 9 10 × 10

46-structures
Epochs

400 0.94 0.67 0.95 0.70 0.96 0.73 0.99 0.71
600 0.96 0.73 0.96 0.77 0.95 0.69 0.98 0.73
800 0.94 0.70 0.95 0.79 0.95 0.74 0.97 0.70
1000 0.96 0.73 0.96 0.72 0.96 0.72 0.96 0.68

Italicized values correspond to the best training set models

Table 5 Technical parameters and test set predictions obtained by CV LOO

ID Dataset NoTes Param Learning rates Trs (models) NN definition Tes (predictions)

ηmin ηmax R Rcv NNarch Number of epochs

(a) Ten-parameter predicted pMIC Rbest Rmean
1 Assay1 18 10 0.01 0.5 0.94 0.51 8 × 8 400 0.9329 0.9148
2 Assay2 30 10 0.01 0.5 0.96 0.70 13 × 13 1000 0.9177 0.8748
3 Assay3 19 10 0.01 0.5 0.96 0.73 7 × 7 600 0.9397 0.9059
(b)Reduced-parameter predicted pMIC R
1 Assay1 18 5 0.01 0.5 0.96 0.50 8 × 8 400 0.8108
2 Assay2 30 7 0.01 0.5 0.96 0.62 13 × 13 1000 0.8454
3 Assay3 19 6 0.01 0.5 0.95 0.62 7 × 7 600 0.9212

NoTes number of objects in the test set, Param number of parameters, Trs training set, R coefficient of correlation, Rcv cross validated coefficient
of correlation, NNarch neural network architecture, Tes test set, Rbest best test set predictions, Rmean mean values of all test set predictions

of different molecular descriptors through the datasets. The
analysis of the molecular descriptors selected by Heuristic
algorithm, showed these differences in the main scaffold,
described for example with the nR09 and nR10 parameters
(number of nine, i.e., ten-membered rings). We believe that
such differences enhance the robustness of our models for
possible prediction of activity for classical and non-classi-
cal 6-fluoroquinolones. In order to ensure that the selected
descriptors of the ten-parameter models are intercorrelat-
ed between the datasets, we calculated the intercorrelation
matrix. Table S5 presented in the Supporting Information,
shows the intercorrelation table for ten descriptors of Assay1

and Assay2 used in the models. Two of them are the same, fur-
ther seven from eight descriptors from Assay2 are strongly
correlated with at least one descriptor from Assay1 (R2 >

0.40) [42].
In an additional modeling experiment we reduced the

number of significant parameters in our models using the
intercorrelation matrix for each of the training sets (Assay1,
Assay2, and Assay3) and eliminated the molecular descrip-
tors for which intercorrelation coefficients were more then or
equal then 0.40, i.e., R2(Pi, Pm) ≤ 0.40. An upper limit of
0.40 was proposed for R2 to eliminate the chance correlation
[42]. According to this, we removed the insignificant param-
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Fig. 2 The predicted pMIC versus experimental values using CV LOO
method. a Assay1, b Assay2, c Assay3

eters and obtained the following configuration (number of
parameters + property) for the training/test set (Assay1, 5 +
1; Assay2, 7 + 1; Assay3, 6 + 1). Then we used the same
NN settings (NN architecture and number of epochs) for the
training set developed before parameter reduction, for devel-
opment of the new training set models. The obtained mod-
els were used for test set predictions employing CV LOO
method (Table 5b). The results on the test sets (the best mod-
els: Assay1, R = 0.8108; Assay2, R = 0.8454, Assay3,
R = 0.9212) demonstrate the good predictive ability of these
models in providing novel structurally similar fluoroquino-
lone analogues with possible higher activity (Fig. 2).

In summary, for the modeling the biological activity in
the fluoroquinolone datasets we applied linear and non-lin-
ear techniques. The linear method was used, first as heuristic
algorithm for descriptor selection, and second to build the
models in form of linear equations with up to ten descrip-
tors. As non-linear method the CP ANN method was selected
mostly because of its transparent structure when compared
to other NN techniques [33,43]. The CV LOO results indi-
cate that both the models show comparable performance.
The output layer of the CP ANN model is positioned directly
below the input layer, with a one-to-one correspondence of
the neurons. This means that each neuron from the input layer
has an ascribed property stored in the output layer at the same
position. Such 2D map is used for the representation of the
distribution of compounds (Fig. 3).

When the model is used for prediction of the compound
from external dataset a new compound is first situated into
the map, and second, its position is projected into the output
layer, which gives the activity value. The coordinates of the
position of each object in the map (Kohonen layer) are cor-
related to the target property to create the response surface
in the output layer. The analysis of the closest neighbors in
the map allows us to justify the prediction. Figure 3 shows
the output layers and the positions of test set compounds in
the Kohonen networks. More details are given in Table S6
of Supporting Information which shows for each compound
of test sets its predicted value, the coordinates of the neu-
ron in the network, and the neighbors in the network. Under
“neighbors” we report the compounds of training set, which
are situated on the same neuron, or when it is empty (not
occupied with the compound of the training set) on the neu-
rons in the closest vicinity. These compounds determine the
predictions. In most cases, the neighborhood consists of com-
pounds with similar activities. This means that a compound
which is situated into a neighborhood of similar compounds
is expressing also similar activities. Different situation occurs
when a compound is situated in the neighborhood occupied
with compounds of different activities. Such examples are
the compounds 4 and 8 of Assay3 with activities 0.4603 and
0.0902, respectively. For both the compounds, the model pre-
dicts the activity 0.3005, which was determined with training
compounds 1, 2, and 5 with activities 0.0970, 0.7250, and
0.0800, respectively. We know a priori that the predictions
for compounds situated in such conflict neighborhood are not
reliable [44].

Conclusions

QSAR models were derived for three diverse datasets of
6-fluoroquinolones. Initially, linear QSAR models with dif-
ferent number of parameters were developed, and subse-
quently non-linear CP ANN approach was used. The cor-
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Fig. 3 The output layers of models. a Assay1, b Assay2, c Assay3.
The pMIC values were normalized to the interval from 0 to 1. The
value 0.00 corresponds to minimum activity, whereas value 1.00 cor-

responds to maximum activity. The dimensions of the networks were
a 8×8, b 13×13, c 7×7. The number labels denote the test set objects
in the output layer

relation coefficients between measured and predicted values
for test sets are large R > 0.9. This indicates a good predictive
ability of presented models. Among all the descriptors, topo-
logical and electrostatic descriptors were found to have high
coding capabilities for the pMIC values and were selected to
represent the chemical structures.

The present work provides an effective model for the pre-
diction of the pMIC values for 6-fluoroquinolones. This study
also shows that the utility of the QSAR treatment involving
descriptors derived solely from chemical structure and the
correlation equation and descriptors can be used for the pre-
diction of the pMIC values for unknown structures.

We would like to stress that our linear and non-lin-
ear results are not directly compared. The linear procedure
served as a preprocessing tool into find the set of relevant
descriptors (10) which are subsequently used in the ANN
approach (non-linear procedure). The models show compa-
rable statistical results, however, CP ANN models enable
visualization of data and prediction.
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44. Vračko M, Mills D, Basak SC (2004) Structure-mutagenicity mod-
elling using counter propagation neural networks. Environ Toxicol
Pharmacol 16:25–36. doi:10.1016/j.etap.2003.09.004

123

http://dx.doi.org/10.1007/BF02524551
http://dx.doi.org/10.1007/BF02524551
http://dx.doi.org/10.1016/S0140-6736(03)14333-4
http://dx.doi.org/10.1016/S0140-6736(03)14333-4
http://dx.doi.org/10.1016/j.bmc.2007.01.030
http://dx.doi.org/10.1093/jac/dkg222
http://chemdb2.niaid.nih.gov
http://www.talette.mi.it
http://www.talette.mi.it
http://dx.doi.org/10.1080/10659360600787650
http://dx.doi.org/10.1002/qsar.200510161
http://dx.doi.org/10.1016/j.aca.2003.12.035
http://dx.doi.org/10.1002/qsar.200430875
http://dx.doi.org/10.1021/cr030101q
http://dx.doi.org/10.1021/cr030101q
http://dx.doi.org/10.2174/1568012033354531
http://dx.doi.org/10.1016/j.etap.2003.09.004

	Quantitative structure--activity relationship study of antitubercular fluoroquinolones
	Abstract
	Introduction
	Materials and methods
	Construction of a quantitative structure--activity relationships model
	Neural networks approach

	Results and discussion
	Conclusions
	Acknowledgments
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


