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Abstract The structures of 2-aryl-5-nitro-1H-indole deriv-
atives were optimized with PM3 and DFT at b3lyp/6–31 g*
level successively. Some structural and electric descriptors
were obtained from the single point energy calculation and
natural bond orbital analysis at the level of b3lyp/6–31 g*.
As efflux pump inhibitors, a QSAR model was built with
genetic algrithum (GA) and partial least square (PLS)
analyses. The high R2 and R2

CV indicates the derived model
has a good predictive power which can be used in
prediction of activity for new 2-aryl-5-nitro-1H-indole
derivatives. This model gives us a revelation that the
activity of 2-aryl-5-nitro-1H-indole derivatives as efflux
pump inhibitor can be improved by properly increasing the
molecular volume and Mulliken atomic charge of C3 (QC3)
or lowering the dipole and Mulliken atomic charge of C4

(QC4) in 2-aryl and it was found from this article that a
QSAR relationship can be built for small samples with
large descriptors by compressing the descriptors with GA
and analyzing with PLS. With this model, a new com-
pound, 2-(2-Azidomethyl-5-phenoxy-phenyl)-5-nitro-1H-
indole was predicted to lower the MIC of berberine to

0.091 μg/mL for inhibiting K2361 of S. aureus with NorA
efflux pump protein over expression. Figure: Basic
structure of 2-aryl-5-nitro-1H-indoles
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Introduction

Efflux pump is one of the main mechanisms for the drug
resistance of bacteria [1]. The over-expression of the efflux
pump protein increases the pump-out effect and decreases
the concentration of pharmaceuticals in bacterial cells,
which leads to the decrease of the drug efficacy. Efflux
pump inhibitor can inhibit the pump-out of the drugs from
bacterial cells and increase the sensitivity of bacteria to
drugs by combining with the efflux pump proteins. Since
the discovery of reserpine, a kind of indole compound that
can combine with NorA and other homologous and inhibit
their pump-out effect to drugs [2], many investigations have
been done on the inhibition effect of indole compounds on
efflux pumps. Markham et al. [3] used the genetically
engineered bacteria with NorA over expression and
ethidium bromide (a kind of substrate of NorA) to build a
screening model for efflux pump inhibitors. They found
370 active indole compounds from 9600 structurally
diverse compounds and 7 of these active compounds were
nitroindoles including the most potent nitroindole INF55. In
the meanwhile, the quantitative structure-activity relation-
ship (QSAR) studies were conducted. CoMFA (3D-QSAR)
analysis showed that some related 2-aryl derivatives (for
example, an o-anisole group) may be NorA pump inhibitors
[4]. On this basis, some 2-aryl-5-nitro-1H-indole deriva-
tives with a variety of functionalized groups in the aryl ring
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were synthesized and the activity as inhibitors of the NorA
efflux pump was evaluated by Samosorn et al [5]. These
data can be used for establishing more accurate quantum
structure activity relationships to predict more potent pump
inhibitor and also give some indication for the QSAR study
of other kinds of pharmaceuticals.

In a QSAR investigation, one of the key issues is to find
suitable structural descriptors. Some structural and electric
parameters from experiments such as the hydrophobicity
parameter π [6] and Hammett constants σ [7] were used as
descriptors in the early QSAR studies. However, these
parameters were expensive to obtain for new compounds.
In addition, some valuable descriptors can’t be obtained
from experiment for some compounds up to now. There-
fore, the structural and electric parameters from theoretical
calculation such as some energy of chemical bonds, the
highest occupied molecular orbital energy (EHOMO), the
lowest unoccupied molecular orbital energy (ELUMO) and
the electric density of some atoms etc. offer a new approach
to build QSAR model. Because of the huge number of these
data required and the restriction of the calculation condi-
tion, these parameters were usually obtained from semi-
empirical methods such as AM1 and PM3 [8–10] etc. In
recent years, with the development of computer hardware
and the improvement of quantum chemistry calculation
methods, it is possible to obtain more accurate structural
and electric parameters for QSAR processes. QSAR studies
[11–13] have shown that the choice of a DFT method
instead of the semi-empirical method of AM1 [14] or PM3
[15, 16] results in better correlation between calculated
results and experimental data. Therefore, the DFT method
is expected to give a more accurate QSAR model compared
with the semi-empirical methods.

In this study, the 3D structures of ten 2-aryl-5-nitro-1H-
indole derivatives were optimized with the semi-empirical
PM3 method and density functional theory (DFT) at b3lyp/
6–31 g* level successively. Some structural and electric
parameters were subsequently obtained from single point
energy and natural bond orbital analysis at b3lyp/6–31 g*
level. On this basis, a QSAR model was built with a genetic
algorithm method (GA) and partial least square analysis
(PLS) for offering a theoretical reference to discover more
potent NorA efflux pump inhibitors.

Theory and methods

Activities of 2-aryl-5-nitro-1H-indole derivatives

The activities of 2-aryl-5-nitro-1H-indole derivatives used
in this study were taken from the work of Samosorn et al.
[5] and are shown in Table 1. The MICs of berberine
against NorA efflux pump protein over-expressed K2361 of

Staphylococcus aureus strains with the existence of
different 2-aryl-5-nitro-1H-indole derivatives were used to
examine the inhibitory activity of these compounds. The
lower the MIC value, the higher of the compound’s
inhibitory activity to NorA efflux pump is. In the process
of the QSAR, the value of 50 for MIC was adopted when
MIC>50 in the original literature of Ref. 4 (Table 1). The
basic structures of these compounds are shown in Fig. 1
and the substituted groups are listed in Table 1.

Calculation and selection of structural and electric
descriptors

The PM3 semi-empirical method was used for the initial
structure optimization of the 2-aryl-5-nitro-1H-indole deriv-
atives. On this basis, further structure optimizations were
conducted with the density functional theory at the b3lyp/
6–31 g* level in turn and the conformations with
minimized energy were obtained. Their single point energy
and natural bond orbital energy were calculated at b3lyp/6–
31 g* level to get the molecular structural and electric
parameters, the lowest unoccupied molecular orbital energy
(ELUMO), the highest occupied molecular orbital energy
(EHOMO), the polarizability (α), the nuclear-nuclear repul-
sion energy (Erep), the molecular total energy (Etot), the

Table 1 Structures and activities of ten 2-aryl-5-nitro-1H-indole
derivatives used for QSAR analysis

Compound R1 R2 MIC of NorA++ K2361 plus
berberine (30 μg/mL)

7a COOH H 50
8a CH2OH H 12.5
9a CH2N3 H 3
7b COOH OCH3 50
8b CH2OH OCH3 6.25
9b CH2N3 OCH3 1.5
8c CH2OH OCH2Ph 0.8
10a CH2NH2 H 12.5
10b CH2NH2 OCH3 12.5
INF55 H H 3

Fig. 1 Basic structure of 2-aryl-5-nitro-1H-indoles
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dipole (μ), the molecular volume (Vmol), and the Mulliken
atomic charges of the six carbons of the 2-aryl (QC1-QC6)
obtained were employed as descriptors to construct the
QSAR of the 2-aryl-5-nitro-1H-indole derivatives as NorA
efflux inhibitors. All these structural and electric descriptors
shown in Table 2 were calculated by Gaussian 03 package
on Windows platform [17].

Standardization of the structural and electric descriptors

In order to avoid the effect of dimensions on the
significance of the descriptors, all the descriptors used in
QASR were standardized as follows:

xs ¼ x� xð Þ=SD ð1Þ
where xs is the standardized value of a descriptor; x is the
mean value of the descriptor and SD is the standard
deviation of the descriptor.

Genetic algorithm feature selection and descriptor reduction

Under the condition of a small quantity of samples with
large parameters, it is difficult to choose the adequate
descriptors for predictor training in QSAR studies because
there are no absolute rules that govern this choice. Recently,
evolutionary algorithms and specifically genetic algorithms
have been used for variable selection problems [18, 19].
Although there are 13 parameters that were obtained from
the quantum chemistry calculations, only a subset of them
is statistically significant in terms of correlation with the
compounds’ activity. In this sense, a genetic algorithm-
based multi-linear regression analysis (GA-MRA) was
carried out for building optimum QASR models.

The GA was generated from the apocalypse of the
evolution rules, which reveals survival of the fittest [20].
This algorithm is inspired by the concept of evolution via
natural selection and is based on the idea of evolving
solutions to problems in a way analogous to the way
organisms evolve. This method creates a series of potential
solutions to a problem (the population of organisms) and
then this set is iteratively modified and tested until a near-
optimal solution is found. As in our study, the genetic
algorithm module in materials studio 4.0 package [21] was
used to reduce the number of the structural and electric
parameters and to get the optimized set of descriptors.
Because the sample number is small, the obtained opti-
mized set was further analyzed by the partial least square
analysis to improve the predictive power of the model.

A leave-one-out (LOO) cross-validation was used for
testing the model’s predictive power. In the cross-validation
process, a descriptor subset of nine samples is used for
training the GA model and that of the remaining one is then
predicted. This process is repeated until each sample has T
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been predicted once. The stability of the correlations was
tested against the cross-validated coefficient, R2

cv, which
indicates the stability of an obtained model by focusing on
its sensitivity to the elimination of any single data point. R2

cv

can be calculated from the following equation:

R2
cv ¼

Pn

k¼1
yk � bykð Þ2

Pn

k¼1
yk �

Pn

k¼1
yk

�

nÞ
� �� ð2Þ

where yk is the desired output, and byk is the actual output of
the model and n is the number of samples in the analyzed set.

The multi-linear equation between -lgMIC and the
structural and electric descriptors (Eq. 3) was taken as the
object function and the square of the correlation coefficient
R2 was used as individual fitness or cost function for GA
optimization process.

� lgMIC ¼ ki
Xm

i¼1

xi þ b ð3Þ

In Equation 3, m is the number of selected descriptors
used to build the QASR multi-linear relation. xi is the
selected descriptor for the and QASR. ki is the coefficient of
the corresponding descriptor and b is the constant.

The first step for the GA is to select the number of
descriptors (m) in the multi-linear relationship between
-lgMIC and the selected descriptors, and then a population
of N individuals is created. Each individual was generated
from the encode of the same number (m) of descriptors. The
descriptors are randomly chosen from a data matrix in a
way to make sure that (a) no two individuals have exactly
the same set of descriptors and (b) all descriptors in a given
individual must be different from each other. The fitness of
each individual in this generation is evaluated by R2. A
fraction of the individuals with top scores of fitness was
selected as parents to reproduce the next generation.

For the next step, a fraction of children of the next
generation is produced by cross-over (cross-over children)
and the others by mutation (mutation children) from the
parents. Through the sexual and asexual reproductions the
new offspring generated contains characteristics from one
or both of its parents. In a sexual reproduction, two
individuals are chosen probabilistically according to their
scaled fitness scores and serve as parents. Then in a cross-
over operation, two parent individuals provide a random
selection of their partial descriptor set to exchange and a
child is produced by combining the two parent of “genetic
code”. On the other hand, the rest of the individuals in the
new generation are generated by asexual reproduction from
a random mutation in one of genes of the randomly selected
parents; i.e., one descriptor is replaced by another. Elitism
was also included to protect the fittest individual in any

given generation from cross-over or mutation during
reproduction. Thus, cross-over and mutation processes are
repeated until all of the N parents in the population are
replaced by their children. The fitness score of each
individual of this new generation is again evaluated, and
the reproductive cycle is continued until all the possible
descriptor combinations were tested. Some initial parame-
ters for GA optimization are listed in Table 3.

Results and discussion

Construction of QSAR model and the variables reduction

The structural and electric parameters of 2-aryl-5-nitro-1H-
indole derivatives are listed in Table 2. Because the main
difference of these compounds lies in the substituted groups
in 2-aryl, which can alter the Mulliken atomic charge
distribution of 2-aryl, the Mulliken atomic charges of the
six carbons of the 2-aryl, QC1, QC2, QC3, QC4, QC5, QC6 and
some other descriptors usually considered in QSAR such as
ELUMO, EHOMO, α, Erep, Etot, μ and Vmol coming from the
quantum chemistry calculation were used as candidate de-
scriptors. -lgMIC of the substituted 2-aryl-5-nitro-1H-indole
was taken as the dependent variable and the partial
parameters m selected from the 13 descriptors were taken
as the independent variables to build the QSAR model. In
order to obtain the optimum data set for constructing the
QASR model and omit the insignificant descriptors, m
variables were selected as data set for each time to build
QASR. There are Cm

13 kinds of variable’s combinations. Then
the optimum combinations containing the same numbers of
descriptors were screened out with GA method. For each m
of 2–7, two combinations of the descriptors with the top
square correlation coefficients R2 are listed in Table 4.

In our study, R2, R2
CV and F (a=0.05) were used to

evaluate the regression model. It can be seen from the F
value in Table 4 that all the descriptor sets except for that of
two descriptors of Vmol and QC3 were in the confidence
interval of 95%. With the increase of the descriptor number
(m) of the data sets, R2 value increases, however, R2

CV

increases first, but decreases subsequently. When m comes
to 5, the highest R2

CV value was obtained with a good
squared correlation coefficient of 0.9982. This indicates
that further increasing of the linear correlation with the
descriptor numbers was acquired at the expense of

Table 3 Initial parameters for GA optimization

Population Maximum
generations

Scoring
function

Mutation
probability

50 500 R-squared 0.100

810 J Mol Model (2008) 14:807–812



increasing the risk of over fitting and decreasing the
predictive ability of the model.

From the analysis above, the model containing five
descriptors of μ, Vmol, QC2, QC3 and QC4 with the highest
R2
CV of 0.9941 and a good R2 of 0.9982 can be considered

as a better model for QSAR of 2-aryl-5-nitro-1H-indole
derivatives.

Partial least square (PLS) analysis

The descriptor set obtained from GA with the highest R2
CV

was reanalyzed with partial least square analysis (PLS),
and the LOO cross validation method was used to evaluate
the predictive ability. The QSAR model with 5 indepen-
dent variables obtained from PLS analysis is shown as
follows:

� lgMIC ¼ �0:397� mþ 0:019� Vmol þ 1:231� QC2

þ 9:976� QC3 � 6:177� QC4 � 0:198

R2 ¼ 0:998; R2
CV ¼ 0:996

ð4Þ
The high values of R2 and R2

CV showed this model had a
good predicability to the activity of the unknown samples.
The predicted value, the experimental value and the residue
are listed in Table 5. It shows that the predicted value and
the experimental value correlate well.

This model showed that the inhibitory activity of the
2-aryl-5-nitro-1H-indole derivatives increases with the
decrease of the dipole (μ) and the increase of the molecular
volume. The Mulliken atomic charges of C3 and C4 have
more significant effects than that of other carbons in 2-aryl.
Increasing QC3 and decreasing QC4 can improve the object
compounds inhibitory activity. For compound 8c, its high-
est molecular volume and the comparatively low Mulliken
atomic charge of C4 counteract its low value of QC3, which
make it have the highest activity.

From the analysis above, this model gives us a revelation
that the activity of 2-aryl-5-nitro-1H-indole derivatives as
efflux pump inhibitor can be improved by properly increas-
ing the molecular volume and QC3 or lowering the dipole
and QC4. With this model, the electric and structural
descriptors of a new compound, 2-(2-Azidomethyl-5-phe-
noxy-phenyl)-5-nitro-1H-indole (8d, R1=-CH2N3, R2=
-OCH2Ph) was calculated with the same quantum chemistry
calculation method (seen in Table 2) and it was predicted
from Eq. 4 to lower the MIC of berberine to 0.091 μg/mL
for inhibiting K2361 of S. aureus with NorA efflux pump
protein over expression.

Conclusions

According to the activity of 2-aryl-5-nitro-1H-indole
derivatives as efflux pump inhibitor and the structural and
electric descriptors obtained quantum chemistry calculation,
a QSAR model was built with GA and partial least square
analyses. The high R2 and R2

CV indicates the derived model
has a good predictive power which can be used in

Table 4 Optimum descriptor combinations with different m

m Best variable set R2 R2
CV F F>F0.05

2 μ Vmol 0.9327 0.8062 48.5 Yes
2 Vmol QC5 0.6184 0.2891 5.67 No
3 Erep μ Vmol 0.9785 0.9152 90.9 Yes
3 Etot Vmol QC1 0.9745 0.9032 76.4 Yes
4 ELUMO α μ Vmol 0.9885 0.9002 107.7 Yes
4 Erep μ Vmol QC1 0.9885 0.9502 107.6 Yes
5 μ Vmol QC4 QC3 QC2 0.9982 0.9941 441.8 Yes
5 μ Vmol QC1 QC4 QC3 0.9965 0.9653 228.7 Yes
6 EHOMO ELUMO Erep Etot QC5 QC2 0.9997 0.9939 1441 Yes
6 EHOMO ELUMO Erep Etot QC1 QC5 0.9994 0.9443 1299 Yes
7 EHOMO Erep Etot μ QC1 QC4 QC3 0.9999 0.9932 6921 Yes
7 Erep Etot μ QC1 QC6 QC5 QC4 0.9999 0.9594 5619 Yes

Table 5 Predicted and experimental data of -lgMIC

Compound -lgMIC

Experiment Predicted Residual

7a −1.699 −1.689 −0.01
8a −1.097 −1.162 0.065
9a −0.477 −0.452 −0.025
7b −1.699 −1.661 −0.038
8b −0.799 −0.764 −0.035
9b −0.176 −0.230 0.054
8c 0.097 0.165 −0.068
10a −1.097 −1.129 0.032
10b −1.097 −1.086 −0.011
INF55 −0.477 −0.476 −0.001
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prediction of activity for new 2-aryl-5-nitro-1H-indole
derivatives. This model gives us an apocalypse that the
activity of 2-aryl-5-nitro-1H-indole derivatives as efflux
pump inhibitor can be improved by properly increasing the
molecular volume and QC3 or lowering the dipole and QC4,
and it was predicted that a new compound, 2-(2-Azido-
methyl-5-phenoxy-phenyl)-5-nitro-1H-indole may lower
the MIC of berberine to 0.091 μg/mL for inhibiting
K2361 of S. aureus with NorA efflux pump protein over
expression.
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