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Quantitative structure activity relationship (QSAR) analysis of piperine analogs as inhibitors of efflux
pump NorA from Staphylococcus aureus has been performed in order to obtain a highly accurate model
enabling prediction of inhibition of S. aureus NorA of new chemical entities from natural sources as well
as synthetic ones. Algorithm based on genetic function approximation method of variable selection in
Cerius2 was used to generate the model. Among several types of descriptors viz., topological, spatial,
thermodynamic, information content and E-state indices that were considered in generating the QSAR
model, three descriptors such as partial negative surface area of the compounds, area of the molecular
shadow in the XZ plane and heat of formation of the molecules resulted in a statistically significant
model with r2¼ 0.962 and cross-validation parameter q2¼ 0.917. The validation of the QSAR models was
done by cross-validation, leave-25%-out and external test set prediction. The theoretical approach
indicates that the increase in the exposed partial negative surface area increases the inhibitory activity of
the compound against NorA whereas the area of the molecular shadow in the XZ plane is inversely
proportional to the inhibitory activity. This model also explains the relationship of the heat of formation
of the compound with the inhibitory activity. The model is not only able to predict the activity of new
compounds but also explains the important regions in the molecules in quantitative manner.

� 2009 Elsevier Masson SAS. All rights reserved.
1. Introduction

In recent years the emergence of resistance to the antibacterial
agents has become serious public health problem [1] and the
community acquired infection due to Gram þve bacteria is one of
the major concerns confronted by mankind. In particular, methi-
cillin-resistant Staphylococcus aureus (MRSA) is one of the most
frequent nosocomial pathogens prevalent in developed countries
[2–4]. Among the Gram þve bacteria, S. aureus is responsible for
a large number of deaths worldwide [5] (e.g. 19,000 deaths
occurred in 2005 in USA and 1200 deaths in UK). For bacteria to
become multidrug resistant, it must acquire multiple mechanisms
which may not be a requirement to become resistant for one single
or a specific class of compounds. The multidrug resistance (MDR)
produced by bacteria is due to its antiporter type efflux proteins
which derive their energy through ATP hydrolysis or sodium or
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proton motive force and are responsible for extrusion of drugs/
substrates. The removal of the drug from the cell (by efflux pump)
leads to the lower levels of drug concentrations at the active site.
The primary or main role of efflux pump is to remove toxins that are
encountered in the environment or produced during metabolism
and this phenomenon is responsible for the bacteria to able to
survive in hostile environment such as that provided by the anti-
biotics. Efflux of drugs from Gram þve bacteria is mediated by
a single cytoplasmic transporter of major facilitator (MF), small
multidrug resistance (SMR) or ATP-binding cassette (ABC-type)
family. Development of new drugs which may be capable of
escaping or bypassing the drug efflux (i.e. are poor pump substrates
[6]) is one of the ways to overcome the drug resistance but this
approach demands high cost and long duration. Alternatively, the
drug activity might be restored by development of potentiator(s) of
drugs that may bind to the same site as done by drugs or substrates
and inhibit transport by a competitive or noncompetitive mecha-
nism [7] which can perform dual function of increasing potential of
the drug as well as induce the emergence of target based resistance
[8] thereby expanding the spectrum of the anti-infectives [9]. This
combination approach of drug plus potentiator has already been
well established for amoxicillin and anti-infective resistance
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Table 1
MIC (mg/ml) of ciprofloxacin against S. aureus in combination with synthesized
molecules (active).

Compound
no.

Conc. (mg/ml) Potentiation
factor (PF)

log(PF)

50 25 12.5 6.25 3.12 1.56 0.8 0.0

1 4 4 8 8 8 8 8 8 60 1.78
2 4 4 8 8 8 8 8 8 60 1.78
3 4 4 8 8 8 8 8 8 60 1.78
4 4 4 8 8 8 8 8 8 60 1.78
5 4 4 8 8 8 8 8 8 60 1.78
6 4 4 8 8 8 8 8 8 60 1.78
7 2 4 4 8 8 8 8 8 140 2.15
8 2 4 4 8 8 8 8 8 140 2.15
9 4 4 8 8 8 8 8 8 60 1.78
10 4 4 8 8 8 8 8 8 60 1.78
11 4 4 8 8 8 8 8 8 60 1.78
12 4 4 4 4 8 8 8 8 200 2.30
13 1 2 2 2 4 4 8 8 660 2.82
14 4 4 8 8 8 8 8 8 60 1.78
15 2 2 4 4 8 8 8 8 260 2.42
16 2 2 2 4 8 8 8 8 320 2.51
17 2 2 4 4 8 8 8 8 260 2.42
18 4 4 4 4 8 8 8 8 200 2.30
19 4 4 4 4 4 8 8 8 300 2.48
20 2 2 4 4 4 8 8 8 360 2.56
21 4 4 4 4 4 8 8 8 300 2.48
22 4 8 8 8 8 8 8 8 20 1.30
23 4 8 8 8 8 8 8 8 20 1.30
24 4 8 8 8 8 8 8 8 20 1.30
25 4 4 8 8 8 8 8 8 60 1.78
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inhibitor clavulanic acid [10]. Efforts are on for the therapeutic
utility of chemical entities that inhibit bacterial efflux pumps as is
evident by the human clinical trials of the aerosolized formulation
of ciprofloxacin and EPI [6] as well as in the development of
a formulation of ceftazidine (cephalosporin) and beta-lactam
inhibitor NXL104 [11]. The most studied chromosomal efflux pump
of S. aureus is Nor A, a transporter belonging to the major facilitator
superfamily (MFS) and extrudes multiple structurally unrelated
substrates and some of the other bacterial efflux pumps studied in
detail include Tet-K and MRSA transporters [12].

One of the essential requirements for the development of
a combination drug involving EPI should be such that the EPI
concentration used in vivo should match concentrations of the in
vitro derived EPI so that cmax of the drug is achieved effectively
(otherwise the EPIs developed shall have academic importance
due to limited preclinical and clinical capabilities). But this activity
(for robust EPI) demands screening of a large number of chemical
compounds by in vitro studies involving labor and cost besides
environmental hazard. Alternatively, in silico approach can be used
as a strategy for designing rational and robust EPIs. Quantitative
structure activity relationship (QSAR) is one such methodology to
design a rational EPI that meets the above-said requirement and
shall involve much lower effort, time and lesser issues of envi-
ronmental pollution. A QSAR equation correlates the biological
activity to a wide variety of physical or chemical parameters
[13–16] and is one of the most important methods in chemo-
metrics where biological activities are quantitatively related to
physical and chemical characteristics [17,18]. There are many
examples available in literature in which QSAR models have been
used successfully for the screening of compounds for the biological
activity [19–22].

In our recent studies, we have demonstrated the efflux pump
inhibitory activity of piperine, its mimics and analogs when used in
combination with anti-infectives [23–26]. Based on the data
generated from the wet lab studies on piperine and its analogs
including their structure activity relationship, we report in this
communication a QSAR model developed for determining the
efflux pump inhibitory activity of these piperine analogs using
Cerius2 software (Accelrys Inc.). The model developed in the
present study is the first of its kind for efflux pump inhibitors of
NorA overexpressing S. aureus strain (S. aureus 1199B).
Table 2
MIC (mg/ml) of ciprofloxacin against S. aureus in presence of synthesized molecules
(not active).
2. Experimental

2.1. In vitro evaluation of EPIs

The EPIs were tested in combination with ciprofloxacin by
a broth checkerboard method in a 96-well microdilution plate [27].
The detailed methodology is described in our earlier paper [23].
Briefly the MIC of ciprofloxacin was determined against S. aureus
1199B (Nor A overexpressing) in Muller–Hinton Broth in the pres-
ence of EPIs. Seven serial dilutions of EPIs (50–0.8 mg/ml) were
tested in combination with ten serial dilutions of ciprofloxacin (64–
0.12 mg/ml). The plates were incubated at 37 �C for 24 h. The plates
were read visually after incubation at 37 �C for 24 h. The lowest
concentration well in each row showing no turbidity was recorded
as MIC (Tables 1 and 2).
Compound
no.

Conc. (mg/ml) Potentiation
factor (PF)

log(PF)

50 25 12.5 6.25 3.12 1.56 0.8 0.0

26 8 8 8 8 8 8 8 8 Not active
27 8 8 8 8 8 8 8 8
28 8 8 8 8 8 8 8 8
29 8 8 8 8 8 8 8 8
30 8 8 8 8 8 8 8 8
2.2. Efflux mechanism studies

The mechanism of inhibition of bacterial efflux pumps by these
EPIs was determined by the measure of the levels of ethidium
bromide accumulation and efflux in S. aureus 1199B using the
method described by Brenwald and co-workers [28].
2.3. In silico studies

2.3.1. Data set
The potentiation of activity of ciprofloxacin in presence of

piperine analogs based efflux pump inhibitors was reflected in the
reduced MIC of combination compared to that of ciprofloxacin
alone (taken from the experimental results of in vitro studies
above). The reduction in the MIC values of ciprofloxacin was used to
measure the extent of potentiation of the molecules and was
expressed in terms of potentiation factor (PF) of each compound as
described below:

To calculate the potentiation factor (PF) of the compounds
(efflux pump inhibitors – EPI), we gave weightages to each column
of the MIC table (Tables 1 and 2) and higher weightage was given to
a column where the compound potentiated the ciprofloxacin
activity even at a lower conc. of say 1.56 mg/mg. It is important
because of the fact that if a compound can potentiate ciprofloxacin
activity at a lower concentration than any other compound, its PF
has to be higher, moreover, we have considered the fact that if
a compound inhibits the efflux pump (EP) and increases potentia-
tion at double diluted concentration, i.e., if it increases the potency
of ciprofloxacin at 25 mg/ml, and continues to do so at 12.5 mg/ml,
the weightage for diluted concentration has to be more than the
original and hence we have taken increased weightage for each
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column and finally summed up the result; as otherwise it would
have led to an error and might have erroneously rated two
compounds with varying potentiating activity as same. Hence, we
needed to quantify the inhibitory activity of the compounds by
some index value in such a manner that the difference of the
activity is reflected in the index value. Hence, we calculated the
potentiation factor (PF) of all the compounds. Each column of
the MIC table (Tables 1 and 2) was given weightage in ascending
order, starting with the base value of 10 from column 2 (compound
concentration at 50 mg/ml) and adding 10 for each subsequent
column, up to maximum of 70 for column 7 (compound concen-
tration at 0.8 mg/ml). This value was multiplied by the number of
fold decrease in MIC for that particular dilution and PF was deter-
mined by adding up the values from each column, e.g., for
compound 13,

PF ¼ð8� 10Þ þ ð4� 20Þ þ ð4� 30Þ þ ð4� 40Þ þ ð2� 50Þ
þ ð2� 60Þ þ ð0� 70Þ ¼ 660

The PF was finally converted to log of PF to get the linear rela-
tionship in the equation in order to develop the QSAR model.

From the data of Tables 1 and 2, we could derive Table 3 that
gives the concentration of the compound (EPI) which shows
specific decrease in MIC of ciprofloxacin at a given concentration of
ciprofloxacin. Interestingly, we got the same order for the activity of
the compounds, as obtained by using the PF method (Table 1).
While Table 1 shows several levels of concentration of EPIs and
corresponding fold reductions in the MIC of ciprofloxacin, Table 3
depicts only maximum effective concentrations of EPIs and the fold
reduction in MIC of ciprofloxacin at that particular concentration of
EPI only. For example compound no. 13 in Table 3 gives the single
most effective concentration (50 mg/ml) showing 8-fold reduction
Table 3
MEC (mg/ml) of EPI and fold reduction of ciprofloxacin (at a specified concentration)
against S. aureus.

Compound MIC of
EPI
(mg/ml)

MEC of
EPI
(mg/ml)

MIC of ciprofloxacin
(mg/ml)

Reduction
(n-fold) in MIC
of ciprofloxacin

Without EPI With EPI

1 >100 25 8 4 2
2 >100 25 8 4 2
3 >100 25 8 4 2
4 >100 25 8 4 2
5 >100 25 8 4 2
6 >100 25 8 4 2
7 >100 50 8 2 4
8 >100 50 8 2 4
9 >100 25 8 4 2
10 >100 25 8 4 2
11 >100 25 8 4 2
12 >100 6.25 8 4 2
13 >100 50 8 1 8
14 >100 25 8 4 2
15 >100 25 8 2 4
16 >100 12.5 8 2 4
17 >100 25 8 2 4
18 >100 6.25 8 4 2
19 >100 3.12 8 4 2
20 >100 3.12 8 4 2
21 >100 3.12 8 4 2
22 >100 50 8 4 2
23 >100 50 8 4 2
24 >100 50 8 4 2
25 >100 25 8 4 2
26 >100 50 8 8 0
27 >100 50 8 8 0
28 >100 50 8 8 0
29 >100 50 8 8 0
30 >100 50 8 8 0
in MIC of ciprofloxacin, whereas Table 1 shows three levels of
potentiations of this compound viz., 8-fold (at 50 mg/ml), 4-fold
(upto 6.25 mg/ml) and 2-fold (upto 1.56 mg/ml).

For the preparation of the QSAR model, the total set of 25
compounds was divided into 20 molecules in training set and 5
molecules in test set by arranging the molecules in ascending order
of their PF and selecting every fifth molecule to be included in the
training set.

The structures of the compounds are given in Tables 4–7. The
potentiation factor (PF) and log of PF of all the active compounds
are shown in Table 1 and the inactive ones are shown in Table 2.

2.3.2. Molecular modelling
The structures of the compounds taken in the data set were

modeled using the 3D sketcher of the software Cerius2 from
Accelrys Inc. All the molecules were energy minimized using the
Cerius2.OFF module with default parameters of Smart Minimizer,
which reads as follows:

Maximum displacement¼ 2 Å
ABNR termination criterion¼ 50 kcal/mol
QN termination criterion¼ 0.1 kcal/mol
Atom limit (asymmetric unit) for QN¼ 200
Atomic limit (total) for TN¼ 100

The convergence criteria adopted for the above method of
minimization were standard with the following parameters:

Atom RMS force¼ 0.1 kcal/mol Å
Overall energy difference¼ 1�10�3 kcal/mol
Overall RMS displacement¼ 3�10�3 Å
Cell RMS stress¼ 0.1 GPa.
2.3.3. Descriptor calculation
E-state indices [29–31], electronic, information content [32],

spatial, structural, thermodynamic and topological descriptors [33]
were calculated using the Cerius2 4.10 software package. Topo-
logical indices are 2D descriptors based on graph theory concepts
[34–36], widely used in QSPR and in QSAR studies [37] and these
indices help to differentiate the molecules mostly according to
their size, degree of branching, flexibility, and overall shape. Some
of the descriptors included in the study are listed and described in
Table 8.

2.3.4. Regression analysis
The total number of descriptors calculated were about 250, and

those that contained zero values for all the compounds were
rejected. Based on the intercorrelation of the remaining descriptors,
the highly correlated descriptors were grouped together and the
only one descriptor among the group, that had the highest corre-
lation with the biological activity, was selected and the rest ignored
[38]. From descriptors that remained thus the selection of variables
to obtain the QSAR models was carried out using genetic function
approximation (GFA) method. GFA is genetics based method of
variable selection, which combines Holland’s genetic algorithm
(GA) with Friedman’s multivariate adaptive regression splines
(MARS) [19,39]. The GFA method works in the following way: first
of all a particular number of equations (set at 100 by default in the
Cerius2 software) are generated randomly. Then pairs of ‘‘parent’’
equations are chosen randomly from this set of 100 equations and
‘‘crossover’’ operations are performed at random. The number of
crossing over was set by default at 5000. The goodness of each
progeny equation is assessed by Friedman’s lack of fit (LOF) score,
which is given by the following formula



Table 4
Structures of compounds of general formula 1 taken for present study.
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LOF ¼ LSE=f1� ðcþ dpÞ=mg2

where LSE is the least-squares error, c is the number of basis
functions in the model, d is smoothing parameter, p is the number
of descriptors and m is the number of observations in the training
set. The smoothing parameter, which controls the scoring bias
between equations of different sizes, was set at default value of 1.0
and the new term was added with a probability of 50%. Only the
linear equation terms were used for model building, which is set by
default in the software. The best equation out of the 100 equations
was taken based on the statistical parameters such as regression
coefficient, adjusted regression coefficient, regression coefficient
cross-validation and F-test values.

2.3.5. Validation test
Further statistical significance of the relationship between the

efflux pump inhibitory activity and chemical structure descriptors
was obtained by randomization procedure. The test was done by
repeatedly permuting the activity values of the data set and using
the permuted values to generate QSAR models and then comparing
the resulting scores with the score of the original QSAR model
generated from non-randomized activity values. If the original
QSAR model is statistically significant, its score should be signifi-
cantly better than those from permuted data [40]. The randomized
test was performed at 90%, 95%, 98% and 99% confidence intervals.
The higher the confidence level, the more randomization tests are
run. In this direction, nine trials were run at 90% confidence level,
19 trials at 95%, 49 trials at 98% and 99 trials at 99% confidence level.

To further check the intercorrelation of descriptors, variance
inflation factor (VIF) analysis was performed. VIF value is calculated



Table 5
Structures of compounds of general formula 2 taken for present study.
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Table 7
Structures of compounds of some non-active compounds.
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from 1/1� r2, where r2 is the multiple correlation coefficient of one
descriptor’s effect regressed on the remaining molecular descrip-
tors. If VIF value is larger than 10, information of descriptors can be
hidden by correlation of descriptors [41,42].

It has been observed that a high value of statistical characteristic
need not be the proof of a highly predictive model [43,44]. Hence,
in order to evaluate the predictive ability of our QSAR model, we
used the method described by Golbraikh et al. [43], and Roy and
Roy [44]. The values of correlation coefficient of predicted and
actual activities and correlation coefficient for regressions through
the origin (predicted versus observed activities) were calculated
using the regression of analysis toolpak option of excel sheet and
other parameters were calculated as reported by the above authors
[43,44].

To arrive at the predictive R2 (RPred
2 ) the following equation was

used [44]:
Table 6
Structures of compounds of general formula 3 taken for present study.

O

O
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Formula 3

Compound no. R

22
N

23
N

24
NH

O

NH
R2 ¼ 1�
P�

Ypred ðTestÞ � YTest
�2

P� �
pred
YTest � Y training

2

where Ypred(Test) and YTest are the predicted and observed activity
values respectively, of the test set compounds and Ytraining is the
mean activity values of the training set. Further evaluation of the
predictive ability of the model was done by determining the value
of rm2 by the equation [44]:

rm2 ¼ R2
�

1�
����
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R2 � R2

0

q ����
�

where r2 is the squared correlation coefficient between
observed and predicted values and r0

2 is the squared correla-
tion coefficient between observed and predicted values
without intercept.
Table 8
List of descriptors used in the study.

Type Descriptors

E-state indices Electro topological-state indices
Electronic Sum of partial charges, sum of formal charges, dipole moment,

energy of the highest occupied orbital, energy of the lowest
unoccupied orbital, superdelocalizability

Information
content

Information of atomic composition index, information indices
based on the A-matrix, information indices based on the
D-matrix, multigraph information content indices

Spatial Radius of gyration, Jurs descriptors, shadow indices, area,
density, PMI, Vm

Structural Number of chiral centers, molecular weight, number
of rotatable bonds, number of hydrogen-bond acceptors,
number of hydrogen-bond donors

Thermodynamic log of the partition coefficient, log of the partition coefficient
atom-type value, desolvation free energy of water, desolvation
free energy of octanol, heat of formation, molar refractivity

Topological Wiener index, Zagreb index, Hosoya index, Kier and Hall
molecular connectivity index, Balaban indices



Table 9
Statistical assessment of equations with varying number of descriptor (before
removing the outliers).

No. of descriptors r2 SD PRESS q2

1 0.553 3.56 1.87 0.476
2 0.681 3.56 1.44 0.594
3 0.775 3.56 1.24 0.652
4 0.790 3.56 1.58 0.557

Fig. 2. Actual and predicted activities of training set after removal of outliers.
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The values of k and k0 , slopes of the regression line of the pre-
dicted activity vs. actual activity were calculated using the
following equations [44]:

k ¼
P

yi~yiP
~y2

i

and k0 ¼
P

yi~yiP
y2

i

where ~yi and yi are the predicted and actual activities, respectively
of the test set.

The leave-25%-out cross-validation for the training set was also
carried out. The compounds were deleted (from the training set) in
four cycles in the following manner: (1,5,9.), (2,6,10.), (3,7,12.)
and (4,8,13.).

3. Results and discussion

The 25 active compounds identified by wet lab experiments as
potentiators of anti-infective drug ciprofloxacin (Table 1) were
divided into 20 molecules in training set and 5 in test set.

The first operational step involved the determination of the
number of descriptors necessary and sufficient for the QSAR
equation followed by a brute force approach to increase the number
of terms in the QSAR equation one by one and evaluation of the
effect of addition of new term on the statistical quality of the model.
As the r2 correlation coefficient can be easily increased by number
of terms in the QSAR equation, the cross-validation correlation
coefficient, q2 was taken as the limiting factor for number of
descriptors to be used in the model. It was observed that the q2

value increased till the number of descriptors in the equation was 3
and decreased as the number of descriptors in the equation reached
4, as shown in Table 9. So the number of descriptors was restricted
to 3. After analyzing the equation with three descriptors the
following equation was arrived at:

logðPFÞ ¼ �2:32þ 0:006� Jurs-PNSA-1� 0:0084

� Shadow� XZ� 0:002� Hf (1)
Fig. 1. Actual and predicted activities of training set before removal of outliers.
�
N ¼ 20; LOF ¼ 0:082; r2 ¼ 0:775; r2

adj ¼ 0:733;

F-test ¼ 18:38; LSE ¼ 0:040; r ¼ 0:880; q2 ¼ 0:652
�
:

It was found that the compound numbers 9, 14 and 24 were
outliers. It was also observed that the activities of these compounds
are very low and the GFA residual value very high. The probable
reason for these compounds to be outliers could be that their mode
of action may be different from the rest, which could be the
probable reason for them to be outliers. Hence, these compounds
were removed from the training set and a new equation was
generated as given under:

logðPFÞ ¼ 0:84� 0:002� Hf þ 0:01� Jurs-PNSA-1� 0:01

� Shadow� XZ (2)

�
N ¼ 17; LOF ¼ 0:015; r2 ¼ 0:962; r2

adj ¼ 0:953;

F-test ¼ 110:08; LSE ¼ 0:006; r ¼ 0:981; q2 ¼ 0:917
�
:

where N is number of compounds in training set, LOF is lack of fit
score, r2 is squared correlation coefficient, radj

2 is square of adjusted
correlation coefficient, F-test is a variance-related static which
compares two models differing by one or more variables to see if
the more complex model is more reliable than the less complex
one, the model is supposed to be good if the F-test is above
a threshold value, LSE is least-square error, r is correlation coeffi-
cient, q2 is the square of the correlation coefficient of the cross-
validation.

The graph of predicted and actual activities before and after the
removal of the outliers is shown in Figs. 1 and 2 respectively.
Table 10
Results of randomization test performed to check the validation of the model.

Confidence level 90% 95% 98% 99%

Total trials 9 19 49 100
R from non-random 0.98 0.98 0.98 0.98
Random r’s> non-random 0 0 0 0
Random r’s< non-random 9 19 49 100
Mean value of r from random trial 0.38 0.38 0.41 0.39
Std. deviation of random trials 0.11 0.14 0.15 0.15
Std. deviation from non-random to mean 5.16 4.37 3.68 3.92



Table 11
Correlation matrix of the descriptors used in equation.

PNSA-1 Shadow_XZ Hf

PNSA-1 1
Shadow_XZ 0.622 1
Hf 0.424 0.147 1

Table 13
The values of q2 and r2 of the 4 cross-validation cycles leave-25%-out for the training
set.

No. of cycles Left out molecules Molecules in training set r2 q2

I 3,8,10,17,20,22 Rest 16 molecules 0.91 0.813
II 4,11,12,13,19,23 Rest 16 molecules 0.95 0.905
III 1,5,18,21,25 Rest 17 molecules 0.94 0.9
IV 2,6,7,15,16 Rest 17 molecules 0.939 0.904
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Jurs_PNSA-1 is the partial negative surface area; this descriptor
uses the sum of the solvent accessible surface area of all negatively
charged atoms in the compound. Shadow_XZ is the area of the
molecular shadow in the XZ plane. Hf is the heat of formation
descriptor.

Randomization test was carried out in order to ascertain
further statistical significance of the relationship between the
anti-efflux pump activity and chemical structure descriptors. It
was found that the r value of the original model was much higher
than any of the trials using permuted data, showing thereby, that
the model developed is statistically significant and robust as
shown in Table 10.

It was also found that the intercorrelation of the descriptors used
in the final model (Eq. (2)) was very low as shown in Table 11, thereby
making the model statistically significant [45]. To further check the
intercorrelation of descriptors variance inflation factor (VIF) analysis
was performed (as described in Section 2.3.5). In this model, the VIF
values of these descriptors are 2.42 (Jurs_PNSA-1), 2.20 (Shadow_XZ),
and 1.15 (Hf). Therefore, from VIF analysis also it is clear that the
descriptors used in the final model have very low intercorrelation.

The predicted activities of test set compounds were found to be
very close to their actual activity as shown in Table 12, which
indicates the robustness of the model and also indicates that it can
be used confidently for predicting the anti-efflux pump activity of
similar compounds. In order to further validate this, the external
validation test values for predictive ability evaluation of the model
were evaluated and found to be within the acceptable range [43]
with the value of R2 (squared correlation coefficient between the
predicted and the actual activities of the test set)¼ 0.95, and the
values of R0

2 and R0
02 equal to 0.89 and 0.925. Therefore, the value of

[(R2� R0
2)/R2]¼ (0.95� 0.89)/0.95¼ 0.06/0.95¼ 0.063, which is

less than 0.1 (stipulated value) [43]. Also, the values of k and k0 were
0.91 and 1.09, respectively which are well within the specified
range of 0.85 and 1.15. Highly predictive ability of the model is
further justified with the value of q2 being 0.917 which is an
acceptable value [43].

Also the values of RPred
2 ¼ 0.78 and rm2¼ 0.72 were found to be

in the acceptable range [44], indicating thereby the good external
predictability of the QSAR model.

Leave-25%-out cross-validation for the training set was also
performed. The value of q2 in all the four cycles was greater than 0.5
(Table 13), hence further validating the model internally.

Based on the developed QSAR model, it is observed that
Jurs_PNSA-1 and Shadow_XZ are the important parameters that
contribute to the potentiating activity. Also the parameter Hf (heat
of formation) has emerged to be another important parameter for
the design of bacterial NorA efflux pump inhibitors. The parameter
Shadow_XZ is very well supported by the compounds set 10, 11, 12
Table 12
The values of predicted and actual activities [(log(PF)] of test set compounds.

Compound no. Actual activity Predicted activity

3 1.78 1.79
5 1.78 1.89
7 2.15 2.32
18 2.30 2.74
and 15, 16, 17, as also shown in Fig. 3. In these compounds, there is
only the difference between the placement of the substituent group
either in the ortho, meta or para positions; but it makes a significant
difference in the area of the molecule made on the XZ plane and
hence a difference in the activity value. Hence the Shadow_XZ
parameter also contributes significantly in the efflux pump inhib-
itory activity and this parameter must be taken into consideration
while designing the efflux pump inhibitors. The other parameter,
which is the partial negative surface area is also very significant and
is very well supported when we compare the molecule piperine
(compound 25) with its analogs (compounds 8, 15, 16, 17), where
we notice that the introduction of polar groups to the original
structure of piperine has increased the partial negative surface area
of the compound and also the overall activity (i.e. inhibition of
NorA) thereby justifying the developed model. Also when we
compare the compounds 14 and 19, we notice that with the
introduction of S–C]N in place of CN, there is an increase in the
overall activity of the compound. Hence, partial negative surface
area of the compound plays an important role in the inhibition of
NorA.
Fig. 3. (a) Surface area projection on XZ plane of compound 16. The Shadow_XZ
descriptor value for compound 16 is 82.5 Å2. (b) Surface area projection on XZ plane of
compound 17. The Shadow_XZ descriptor value for compound 17 is 76.9 Å2. The
smaller surface area of compound 17 on XZ plane accounts for its higher activity in
comparison to compound 16.
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4. Conclusion

The QSAR study shows that Jurs_PNSA-1, Shadow_XZ and heat of
formation are important descriptors responsible for describing the
activity of S. aureus NorA efflux pump inhibitors. The QSAR model is
statistically and chemically sound and explains more than 95% of the
variance in the experimental activity with excellent predictive power
as is evidenced from the predicted activity of test set compounds.
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