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A novel transacetylase (TAase) function of glutamine synthetase (GS) in bacterial species such as Mycobacterium smegmatis and
Mycobacterium tuberculosisH37Rv was established by us, termed as mycobacterial TAase (MTAase). Several polyphenolic acetates
(PAs) were found to be substrates for MTAase by inhibiting certain receptor proteins such as glutathione S-transferase by way of
acetylation. The present work describes the descriptor-based 2D-QSAR studies developed for a series of PA synthesized by us and
evaluated for MTAase and antimycobacterial activity using stepwise multiple linear regression method with the kinetic constants
and the minimum inhibitory constant (MIC) as the dependent variables, to address the fact that TAase activity was leading to the
antimycobacterial activity. Further, blind docking methods using AutoDock were carried out to study the interaction of potent PA
with the crystal structure of M. tuberculosis GS. PAs were predicted to bind M. tuberculosis GS on the protein surface away from
the known active site of GS. Subsequent focussed/refined docking of potent PA with GS showed that the 𝜀-amino group of Lys4
of GS formed a cation-𝜋 interaction with the benzene ring of PA. Also, ADMET-related descriptors were calculated to predict the
pharmacokinetic properties for the selection of the effective and bioavailable compounds.

1. Introduction

Our laboratory is credited for the discovery of novel TAase
which catalyzes the possible transfer of acetyl group from
PA to certain functional proteins such as GST, cytochrome
P-450 reductase, and nitric oxide synthase (NOS) leading
to their functional modifications [1–3]. An assay procedure
was developed utilizing the inhibition of cytosolic GST
brought about by TAase-catalyzed acetylation by PA. Both
the substrates, namely, the target protein GST and the acetyl

group donor PAs were found to take part in the TAase-
catalyzed bimolecular reaction [2]. This assay procedure was
utilized to purify TAase from tissues like human placenta
and rat liver and characterized as calreticulin, a calcium-
binding ER luminal protein [4, 5].The acetylation of receptor
proteins such as GST and NOS at 𝜀-amino group lysine
residues was established by immunoblotting using acetylated
lysine antibody andmass spectrometry [6, 7]. Recently, TAase
was identified and established by us in bacterial species
such as Mycobacterium smegmatis [8] and Mycobacterium
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tuberculosis (Mtb) H37Rv [9] as glutamine synthetase (GS).
Glutamine synthetase catalyzes the conversion of glutamate
to glutamine in the presence of ammonium ion with simul-
taneous hydrolysis of ATP which is used as the energy source
and plays an essential role in bacterial nitrogen metabolism
[10, 11]. Several PAs, including acetoxycoumarins in general,
were found to be the substrates for mycobacterial TAase
(MTAase). The specificities of various acetoxycoumarins
towards MTAase were determined by their ability to inhibit
GST irreversibly, and their kinetic constants (𝐾

𝑚
and 𝑉max)

were determined [9]. Several inhibitors are known for GS
and most of them are analogues of glutamate and replace
this substrate in the active site of the enzyme. Among the
known inhibitors methionine sulfoximine (MSO) and 2-
amino-4-(hydroxymethyl-phosphoryl) butanoic acid (phos-
phinothricin) are the well-established inhibitors of GS [12,
13]. During the examination of the role of GS inhibitor on
MTAase function of GS, it was observed that MSO failed
to inhibit MTAase-catalysed reaction, indicating that the
TAase activity of MTAase is independent of the catalytic
activity of GS [8, 9]. Electron microscopic studies carried
out by us have shown cell wall attacking properties of these
compounds in M. smegmatis [8] and M. tuberculosis [14].
The cell wall of Mycobacterium species is responsible for
maintaining the cell integrity and thus is considered to be a
potential drug target owing to its crucial role in cell survival
and viability. If a compound is found to affect the cell wall
or its biosynthesis in any manner, it is bound to bring about
the inhibition of bacterial growth. The PAs referred to in
the present study have been reported earlier [14] to possess
“cell-wall attacking” characteristic; that is, these molecules
have been found to bring about changes in cell morphology
ranging from indentations in the wall to complete rupturing
of cell wall along with extrusion of cytoplasmic material in
some cases and complete disintegration/disappearance of the
wall in others [14].Moreover, these pronounced changes were
recorded when the bacteria were grown in the presence of
sublethal doses of the test molecules. These observations led
us to believe that these compounds may serve as potential
drug candidates, and, therefore, these were further explored
to determine their drug likeness and also establish a structure
activity relationship [14]. The present work describes the
descriptor-based QSAR studies developed for a series of ace-
toxycoumarins synthesized by us and evaluated forTAase and
antimycobacterial activity. Also, ADMET-related descriptors
were calculated to predict the pharmacokinetic properties for
the selection of the effective and bioavailable compounds.
Further, docking studies were done to analyze the interaction
of the potent acetoxycoumarins with the crystal structure of
M. tuberculosis GS.

2. Methodology

2.1. 2𝐷−QSAR Analysis

2.1.1. Data Set and Methodology. Compounds 1–14 were syn-
thesized and characterized following the published synthetic
procedures [1–3, 9, 15]. The PAs were screened for their
antimycobacterial activity and TAase activity that are listed

in Table 1 according to our published methods [8], utilizing
MtbGS as the target protein. Biological activity data, reported
as MIC values for the antimycobacterial activity and kinetic
constants (𝐾

𝑚
and 𝑉max) for TAase activity (Table 1), were

first converted to -logMIC onmolar basis and log (𝑉max/𝐾𝑚),
respectively, and were used as the dependent variables to get
the linear relationship in the QSAR models.

Hyperchem-8 program [16] was used to build the struc-
tures and perform geometry optimizations of the com-
pounds. The lowest energy conformations of the compounds
were determined first byminimizing the structures bymolec-
ular mechanics method using MM+ force field followed by
semiempirical self-consistent field molecular orbital (SCF
MO) theory (parametric model 3 (PM3) method within
the restricted Hartree-Fock (RHF) formalism). Conjugate
gradientmethod (Polak-Ribiere algorithm)with SCF conver-
gency set to 0.001 kcal/mol was considered in the geometry
optimization stage of calculations. Frequency calculations
have been performed to confirm all stationary points.

2.1.2. Molecular Descriptors for QSAR Analysis. TSAR 3.3
software package (Accelrys, San Diego, CA, USA) was
employed to calculate descriptors for entire molecule and
the defined substituents. Substituents were defined for all
PA, a single hydrogen atom also served as a substituent
(Table 1). TSAR includes various physicochemical, topolog-
ical, and electrostatic descriptors: molecular surface area and
volume, molecular mass, moments of inertia (moment 1,
2, 3 (size, length)), ellipsoidal volume, Verloop parameters,
Dipole moments (total, bond and x, y, z components),
Lipole moments (total, bond and x, y, z components),
topological indices (Wiener, Randić, and Balaban indices),
molecular connectivity indices (Chi, ChiV indices) of atoms,
bonds, path, cluster and path/cluster,Molecular shape indices
(Kappa, KAlpha indices), Electrotopological state indices,
LogP, Atom counts (C,N,S & H), Ring count (aromatic
and aliphatic), and Group count (methyl, hydroxyl, ethyl),
Electrostatic properties like Total energy, Electronic energy,
Nuclear repulsion energy, Accessible surface area, Atomic
charge, Mean polarizability, Heat of formation, HOMO
and LUMO eigenvalues, Ionization potential, Total dipole,
Polarizability, and Dipole components. Pairwise correlation
analysis of the descriptors was performed, and the intercor-
related descriptors (>0.6) were discarded depending on their
individual correlation with the biological activity.

2.1.3. Stepwise Multiple Regression. In an effort to investigate
the role of structural parameters, which appears to influence
the observed activities of reported compounds, stepwise
multiple linear regressions were performed using TSAR 3.3
software. TSAR uses a two-way stepping algorithm to select
variables for the regression equation. At each step, partial 𝐹
values are calculated for each variable, as an estimate of their
potential contribution to the model. The partial 𝐹 values are
compared with the 𝐹-to- Leave and 𝐹-to-Enter settings. The
overall 𝐹 statistic for a model is

𝐹 =

explained mean square
residual mean square

. (1)
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Table 1: Structures of PA used in the 2D-QSAR analysis with corresponding TAase and antimycobacterial activities.

O O

R2

R3

R1

1

2

345
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8

Compound R1 R2 R3
Antimycobacterial activity TAase activity
MIC −log MIC #

𝐾
𝑚

𝑉max log(𝑉max/ 𝐾𝑚)
1 H NHCOC5H11 H 2 5.69897 220 45 3.689210
2 H NHCOC4H9 H 2 5.69897 210 51 3.614649
3∗ H NHCOC3H7 H 2 5.69897 205 54 3.658541
4 H NHCOCH3 H 3 5.522879 151 105 3.187751
5 H NHCOC2H5 H 3 5.522879 110 130 2.927449
6 H OCOCH3 OCOCH3 12 4.920819 100 142 2.847712
7 H SCOCH3 H 14 4.853872 Nonenzymatic
8 H OCOC2H5 OCOC2H5 14 4.853872 152 98 3.160654
9 C10H21 OCOCH3 OCOCH3 20 4.69897 105 125 2.903090
10 C6H13 OCOCH3 OCOCH3 30 4.522879 110 130 2.927449
11∗ C10H21 OCOCH3 H 40 4.39794 160 95 3.226396
12∗ H OCOC3H7 OCOC3H7 50 4.30103 198 60 3.271359
13∗ H OCOCH3 H 60 4.221849 148 115 3.109564
14 H OH OH 80 4.09691 Not a substrate
∗Test set.
#Values are mean of three observations in triplicate with variation less than 5%.

Partial 𝐹 values are an estimation of the sequential con-
tribution towards the 𝐹 statistic for the final model. 𝐹-
to-Leave: forward and backward stepping algorithms can
give regression equations that use different variables. This
is caused by collinearity or multicollinearity of variables in
the data set and may indicate instability in the model. In
a forward stepping process, once a variable has entered the
model, it cannot leave. If 𝐹-to-Leave is set to zero, a forward
stepping process is used. At each step, the partial 𝐹values of
all variables outside the model are calculated. If any variable
has a value greater than 𝐹-to-Enter, the variable with the
highest partial 𝐹 value is added to the model. The process
is continued until no more variables qualify to enter the
model, or the required number of steps has been reached. In a
backward stepping process, all variables are used in the initial
model (overriding any choice of starting variables). Once a
variable has left the model, it may not reenter. If 𝐹-to-Enter
is set to zero, a backward stepping process is used. At each
step, the partial 𝐹 values of all variables inside the model are
calculated. If any variable has a value less than 𝐹-to-Leave,
the variable with the lowest partial 𝐹 value is removed from
the model. The process is continued until no more variables
qualify to leave the model, or the required number of steps
has been reached.

The default values for “stepping,” that is, 𝐹-to-Enter
and 𝐹-to-Leave were set to 4 and 3.5, respectively. The
whole dataset was randomly divided into test set (including
compounds 3, 11, 12, and 13) and remaining compounds as
training set. Statistical quality of the regression models was
judged based on parameters such as correlation coefficient

(𝑟), squared correlation coefficient (𝑟2), standard error of
estimate (𝑠), and fisher test value (𝐹-value). A compound was
considered as an outlier when the residual value exceeded
1.5 times the standard error of estimate in an equation.
Further, the predictive ability of the model was quantified
internally by determining cross-validated 𝑟2 by leave-one-out
(LOO) method (q2LOO) and the predictive residual sum of
squares (PRESS). Predictive ability of the generated model
was validated by using the external test set by determining
external set cross validation 𝑟

2 (𝑞2ext), determination coeffi-
cient between observed and predicted values with (𝑟2pred) and
without intercept (𝑟2

0
), slopes 𝑘 and 𝑘 of regressions through

the origin of predicted versus observed and observed versus
predicted intensities respectively. Models were considered to
have high predictive ability [17, 18] if 𝑞2ext > 0.5, 𝑟2pred > 0.6,
both 𝑟2

0
and 𝑟2

0
had to be close to each other such that (𝑟2pred−

𝑟
2

0
)/𝑟
2

pred < 0.1 or (𝑟
2

pred − 𝑟

2

0
)/𝑟
2

pred < 0.1, and the corres-
ponding slopes should follow the criteria 0.85 ≤ 𝑘 ≤ 1.15 or
0.85 ≤ 𝑘



≤ 1.15 [17, 18].

2.1.4. ADMET Prediction for Acetoxycoumarins. Absorp-
tion, distribution, metabolism, elimination, and toxicity
(ADMET) properties were predicted using ADMET descrip-
tors in Discovery Studio 2.1 (Accelrys, San Diego, CA, USA).
The module uses six mathematical models, to quantitatively
predict properties by a set of rules/keys (Table 2) that
specify threshold ADMET characteristics for the chemical
structure of the molecules based on the available drug
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Table 2: ADMET descriptors and their rules/keys.

ADMET absorption level (human intestinal absorption)
Level Description
0 Good absorption
1 Moderate absorption
2 Low absorption
3 Very low absorption

ADMET aqueous solubility level
Level Value Description

0 log (molar solubility)
< −8.0 Extremely low

1 −8.0 < log (molar
solubility) < −6.0 No, very low, but possible

2 −6.0 < log (molar
solubility) < −4.0 Yes, low

3 −4.0 < log (molar
solubility) < −2.0 Yes, good

4 −2.0 < log (molar
solubility) < 0.0 Yes, optimal

5 0.0 < log (molar solubility) No, too soluble

6 −1000
Warning: molecules with
one or more unknown

AlogP98 types
ADMET (blood brain barrier penetration level) BBB

Level Description
0 Very High
1 High
2 Medium
3 Low
4 Undefined

5
Warning: molecules with
one or more unknown
AlogP calculation

ADMET CYP2D6
Predicted
class Value

0 Noninhibitor
1 Inhibitor

ADMET hepatotoxicity
Predicted
class Value

0 Nontoxic
1 Toxic
ADMET (plasma protein binding level) PPB
Level Description
0 Binding is <90%
1 Binding is ≥90%
2 Binding is ≥95%

information: ADMET absorption predicts human intesti-
nal absorption (HIA) after oral administration. The model
was developed using 199 compounds in the training set
based on the calculations AlogP (ADMET AlogP98) and 2D

polar surface area (PSA 2D). The absorption levels of HIA
model are defined by 95% and 99% confidence ellipses in
the ADMET PSA 2D, ADMET AlogP98 plane [19]. These
ellipses describe the regionswherewell-absorbed compounds
are expected to be found. The upper limit of PSA 2D value
for the 95% confidence ellipsoid is at 131.62, while the upper
limit of PSA 2D value for the 99% confidence ellipsoid is
at 148.12. ADMET aqueous solubility predicts the solubility
of each compound in water at 25∘C. The model is based
on genetic partial least squares method on a training set of
784 compounds with experimentally measured solubilities
[20]. ADMET blood brain barrier model predicts blood-
brain penetration (blood brain barrier, BBB) of a molecule
after oral administration. This model was derived from a
quantitative linear regression model for the prediction of
blood-brain penetration, as well as 95% and 99% confidence
ellipses (analogous to that of HIA) in the ADMET PSA 2D,
ADMET AlogP98 plane. They were derived from over 800
compounds that are known to enter the CNS after oral
administration [21]. ADMET plasma protein binding model
predicts whether a compound is likely to be highly bound
to carrier proteins in the blood. Predictions are based
on AlogP98 and 1D similarities to two sets of “marker”
molecules. One set of markers is used to flag binding at a level
of 90% or greater, and the other set is used to flag binding
at a level of 95% or greater. Binding levels predicted by
the marker similarities are modified according to conditions
on calculated logP [22]. ADMET CYP2D6 binding predicts
cytochrome P450 2D6 enzyme inhibition using 2D chemical
structure as input as well as a probability estimate for the
prediction. Predictions are based on a training set of 100
compounds with known CYP2D6 inhibitions [23]. ADMET
hepatotoxicity predicts the potential human hepatotoxic-
ity for a wide range of structurally diverse compounds.
Predictions are based on an ensemble recursive partition-
ing model of 382 training compounds known to exhibit
liver toxicity (i.e., positive dose-dependent hepatocellular,
cholestatic, neoplastic, etc.) or to trigger dose-related elevated
aminotransferase levels inmore than 10 percent of the human
population [24].

2.1.5. Molecular Docking. In order to corroborate the novel
TAase function of Mtb GS, it was thought important
to study the interaction of model PA, 7,8-diacetoxy-4-
methylcoumarin (DAMC), 7-acetoxy-4-methylcoumarin (7-
AMC), and 7-NH-acetoxy-4-methylcoumarin (7-NH-AMC)
with the structure of Mtb GS using computational docking
study. In the absence of any known active site for the
TAase activity of Mtb GS, blind docking approach was
utilized wherein the entire protein surface is scanned for the
probable ligand binding sites for PA [25]. For this purpose
Autodock program was used [26] and PAs were docked
to the crystal structure of Mtb GS (PDB ID: 2BVC) [27]
in two steps. Firstly, a grid field of 60 Å cube with grid
points separated by 1 Å centered at the middle of the protein
was considered using AUTOGRID. The final binding mode
conformation was determined by focused/refined docking,
where the binding site determined with blind docking was
subjected to more detailed calculations by considering the
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Table 3: Descriptors included in the best model obtained for antimycobacterial and TAase activity.

Descriptor Coefficienta Jackknife SEb Covariance SEc
𝑡-valued 𝑡-probabilitye

X1: Balaban
topological index
(Substituent 2)

0.25917 0.12484 0.050123 5.1706 0.0020731

Antimycobacterial
activity

X2: Number of N atoms
(Substituent 2)

0.84199 0.10326 0.07821 10.766 3.7971𝑒 − 005

X3: quadrupole
XX component
(whole molecule)

0.064479 0.028036 0.032179 2.0037 0.091947

C: constant 4.0866 0.43577

MTAase activity

X1: balaban
topological index
(Substituent 2)

0.13387 0.018757 0.027883 4.8012 0.0007223

C: constant 2.8493 0.045981
a
The regressions coefficient for each variable in the QSAR equations. bAn estimate of the standard error on each regression coefficient derived from a jack
knife method on the final regression model. cAn estimate of the standard error on each regression coefficient derived from covariance matrix. dMeasures the
significance of each variable included in the final model.
estatistical significance for 𝑡 values.

grid field of 60 Å cube, and the grid points were separated by
0.375 Å centered on the best scored conformation obtained in
the first step. Polar hydrogens and partial charges for proteins
and ligands were added using the Kollman United atom and
Gasteiger charges, respectively, using AUTODOCKTOOLS
[28]. An automated molecular docking was performed using
the hybrid genetic algorithm-local search (GA-LS). Default
parameters were used for the number of generations, energy
evaluations, and docking runs, which were set to 1,000;
25,000,000 and 256, respectively. The docking energy repre-
sents the sum of the intermolecular energy and the internal
energy of the ligand while the free-binding energy is the
sum of the intermolecular energy and the torsional-free
energy [29].

3. Results and Discussion

3.1. QSAR Analysis. In an attempt to determine the role
of structural features of PA, which appears to influence
the antimycobacterial activity by its acyl group donating
ability mediated by TAase, QSAR models was generated.
The inhibitory activity of PA determined in terms of MIC
values were taken as − log MIC and the logarithmic value
of catalytic efficiency of PA (log(𝑉max/𝐾𝑚)) to donate acetyl
group to receptor proteinmediated by TAase were used as the
dependent values in the QSAR study (Table 1). As indicated
in Table 1 only 12 PAs were considered for TAase activ-
ity, compounds 7 being a nonenzymatic substrate whereby
this compound is capable of acetylating receptor proteins
independent of acetyltransferase and compound 14 which
is the dihydroxy analogue of compound 6. The compound
possesses hydroxyl group at C-7 and C-8 position and
lacks acetyl group substituent and thus is a nonsubstrate
for the protein acetyltransferase activity. Hence, these two

compounds (compounds 7 and 14) were thus excluded from
the QSAR model generation of TAase activity.

The QSAR model with high statistical significance,
obtained for antimycobacterial activity can be represented
by the following equation and the descriptors are detailed in
Table 3:

− log MIC = 0.17540908 ∗ X1 + 1.0271472 ∗ X2

+ 0.10474976 ∗ X3 + 4.107533

(2)

𝑠 = 0.18, 𝐹 = 41.94, 𝑟 = 0.96, 𝑟
2

= 0.93,

𝑞
2

LOO = 0.77, PRESS = 1.04.

High predictive power of this model is demonstrated in
Figure 1(a) and the histogram for residual is shown in
Figure 1(b).

The obtained correlation equation was screened by using
test set. Figures 2(a) and 2(b) illustrate the predictive ability
of the QSAR, where the statistical parameters 𝑟2pred = 0.957,
𝑞
2

ext = 0.88, (𝑟2pred − 𝑟
2

0
)/𝑟
2

pred = 0.071,(𝑟2pred − 𝑟


0

2

)/𝑟
2

pred <

0.031, 𝑘 = 1.026, 𝑘 = 0.97 were within the limits [17, 18].
The stepwise regression resulted in the following statis-

tically significant monoparametric model for TAase activity
and the details of the descriptor are provided in Table 3:

log (𝑉max/𝐾𝑚) = 0.13387173 ∗ X1 + 2.8492985 (3)

𝑠 = 0.173, 𝐹 = 23.05, 𝑟 = 0.835,

𝑟
2

= 0.697, 𝑞
2

LOO = 0.609, PRESS = 0.387.

The plot of the calculated versus predicted log(𝑉max/𝐾𝑚) is
presented in Figure 3(a) and the histogram for residual is
shown in Figure 3(b).
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Figure 1: (a) Graph of calculated versus predicted − logMIC activi-
ties fromQSARmodel. (b) Histogram of residuals of calculated and
predicted − logMIC activities PA in the training set.

The model also followed the criteria for the predictive
ability of the QSAR (Figures 4(a) and 4(b)), and the statistical
parameters, 𝑟2pred = 0.978, 𝑞2ext = 0.603, (𝑟2pred − 𝑟

2

0
)/𝑟
2

pred =

0.078, (𝑟2pred − 𝑟


0

2

)/𝑟
2

pred < 0.091, 𝑘 = 0.97,𝑘 = 1.02 were
within the limits [17, 18].

The descriptors based on the model used in the present
study are indicated in Table 3. It is observed that all the
descriptors have positive contribution to the antimycobacte-
rial activity.The obtainedQSARmodel for antimycobacterial
activity demonstrates the significance of Balaban index for
substituent 2 of PA.The descriptor Balaban index is a type of
topological index that represents extended connectivity and
is a good descriptor for the shape of themolecules [31]. All the
topological indices used are calculated from the hydrogen-
suppressedmolecular graphs. Balaban index can be described
as the average distance sum connectivity. Balaban index, 𝐽, of
a connected molecular graph, 𝐺, can be defined as

𝐽 (𝐺) =

𝐸

𝜇 + 1

∑

edges
(𝑑𝑠
𝑖
𝑑𝑠
𝑗
)

−1/2

, (4)

where 𝐸 is the number of edges in 𝐺 and 𝜇 is the cyclomatic
number of 𝐺. The cyclomatic number 𝜇 of a cyclic graph
𝐺 is equal to the minimum number of edges that must be
removed before𝐺 becomes acyclic and 𝑑𝑠

𝑖
(𝑖 = 1, 2, . . . , 𝑁;𝑁
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Figure 2: Regression plot between (a) calculated versus predicted
values (− logMIC). The dotted line indicates the regression line
through origin (for equation 𝑦

0
= 1.0265𝑥, with intercept = 0), and

the solid line indicates the regression lines for equation 𝑦 = 0.811𝑥+

1.032 (with intercept = 1.032) and (b) predicted versus calculated
values (log 𝑉max/𝐾𝑚) for compounds from test set justifying the
predictive ability of QSAR model. The dotted line indicates the
regression line through origin (for equation 𝑦

0
= 0.9732𝑥, with

intercept = 0), and the solid line indicates the regression lines for
equation 𝑦 = 1.1803𝑥 − 1.018 (with intercept = ¬1.018).

is the number of vertices in𝐺) is a distance sum.The distance
sum, 𝑑𝑠

𝑖
, for a vertex 𝑖 represents the sum of all entries in the

corresponding row (or column) of the distance matrix𝐷:

𝑑𝑠
𝑖
=

𝑁

∑

𝑗=1

𝐷
𝑖𝑗
. (5)

The direct relationship between Balaban index of substituent
at 2nd position (C-7 position of coumarin ring) and –log
MIC (see (2), Table 3) indicates that a bigger size and high
branching of substituent 2 increase the antimycobacterial
activity. Balaban index has been successfully used to study
the antibacterial activity of sulfa drugs [32]. Similarly, the
positive correlation coefficient for number of nitrogen atoms
at substituent 2 shows the significance of N-acyl substitution
at 2nd position in PA (see (2), Table 3). The presence of
this descriptor in high magnitude in (2) demonstrates the
dominating role of N-acyl substituted PA in antimycobac-
terial activity. The equation also expresses the significance
of quadrupole XX component (whole molecule) for the
antimycobacterial activity. It characterizes molecular charge
distribution in PA. However, only Balaban topological index
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Figure 3: (a) Graph of calculated versus predicted log(𝑉max/𝐾𝑚)

activities from QSAR model. (b) Histogram of residuals of calcu-
lated and predicted log(𝑉max/𝐾𝑚) activities PA in the training set.

for the substituent 2 of acetoxycoumarins showed significant
correlation with the TAase activity (Table 3). Thus PA with
high degree of bonding linearity with groups that increase
molecular weight was found to possess TAase activity. Earlier,
Basak et al. have indicated a predominant role of topological
steric parameters such as connectivity indices and informa-
tion theoretic topological indices in determining the rates
of the enzymatic N-acetylation reaction [33]. Further, the
significance of the descriptor Balaban topological index at
substituent 2 could be understood in the way that PA with
long-chain acyl group could be a good substrate for MTAase
activity. This can be correlated with our recent investigations
that led to the conclusion that PA with higher acyl group
substituent at C-7 position (other than acetyl group) such 7-
propoxycoumarin was capable of transferring propoxy group
to the receptor proteins [34].Hence,MTAase could be viewed
as accommodating PAwith long chain acyl group in its active
site.Other acetyltransferases such as histone acetyltransferase
was found capable of accommodating higher chain CoAs
(such as propionyl CoA and butyryl CoA) without steric
hindrance [35].These observations give a tacit explanation for
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Figure 4: Regression plot between (a) calculated versus predicted
values (log 𝑉max/𝐾𝑚). The dotted line indicates the regression line
through origin (for equation 𝑦

0
= 0.9759𝑥, with intercept = 0), and

the solid line indicates the regression lines for equation 𝑦 = 0.761𝑥+

0.714 (with intercept = 0.714) and (b) predicted versus calculated
values (log 𝑉max/𝐾𝑚) for compounds from test set justifying the
predictive ability of QSAR model. The dotted line indicates the
regression line through origin (for equation 𝑦

0
= 1.0245𝑥, with

intercept = 0), and the solid line indicates the regression lines for
equation𝑦 = 1.25𝑥 − 0.846 (with intercept = ¬0.846).

the monoparametric model (3) for TAase activity. Further-
more, it is important to note the occurrence of an overlapping
descriptor (Balaban topological index at substituent 2) from
our two QSAR models, clearly indicates that TAase activity
mediated by GS utilizing PA as acetoxy group donor was
leading to the antimycobacterial activity of PA.

3.2. Binding Studies. Blind docking calculationwas employed
to identify potential binding sites of PA on the GS structure.
The 2D-QSAR model developed by us showed the impor-
tance of substituent 2 (C-7 position of PA) for the MTAase
activity; hence, we have considered 7-NH-AMC (4), DAMC
(6) and 7-AMC (13) as the model PA for the docking study.
The resulting protein-ligand conformations for the model PA
were found to be located on the surface region of the protein
away from the known active site of Mtb GS. Figure 5 shows
the representative binding modes of the best docked confor-
mations for the three PA in the putative active site of Mtb GS.
An important finding is that in all the docking poses obtained
for DAMC, 7-AMC and 7-NH-AMC, a cation-𝜋 interaction is
observed between 𝜀-NH

3
group of Lys4 and aromatic ring of

coumarin (Figure 5). DAMC is found to form an additional
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Figure 5: Cation-𝜋 interaction (represented as yellow cone) between side chain of Lys4 of Mtb GS carrying net positive charge and aromatic
rings of PA. (a) Simultaneous formation of H-bond (represented as green dotted line) is observed between 𝜀-NH2 group of Lys4 of Mtb
GS and O-atom at C-7 position of DAMC; (b) interaction of 7-AMC with crystal structure of Mtb GS; (c) interaction of 7-NH-AMC with
the crystal structure of Mtb GS. Cation-𝜋 interaction occurs when the distance between a positively ionisable atom and the centroid of an
aromatic ring is equal to or less than 4.0 ́Å, and the angle between the normal vector of the plane and the vector between the ionisable atom
and the centroid is equal to or greater than 45∘ and less than 90∘ [30]. All the three interactions are in the permissible limits of the cation-𝜋
interaction (as labeled in the figure).

H-bond between oxygen atom of C-7 acetyl group and 𝜀-
NH
3
group of Lys4 (Figure 5(a)).The cation-𝜋 interaction is a

non-covalent interaction of a positively charged cationwith𝜋
electrons of an aromatic group. Experimental and ab initio
calculations indicated that this interaction is influenced by
electrostatic forces between the monopole (cation) and the
large quadrupole moment of the aromatic ring (𝜋-system)
[30, 36]. Cation-𝜋 interactions involving the aromatic rings
of ligand and amino acids with a net positive charge (Arg or
Lys) have been reported to rationalize specific drug-receptor
interactions [37–39]. Localization of ammonium-binding site
in the crystal structure of GS from Salmonella typhimurium
(PDB ID 2GLS) has implicated a cation-𝜋 bonding between
the Tyr179 and ammonium ion [40]. It is evident from the
results that PAs interact with Mtb GS by way of cation-𝜋
interaction, and such type of interaction may be conducive
for the transfer of acetyl group to the receptor protein byMtb
GS. The observation that quadrupolar XX moment is one
of the descriptor in the 2D-QSAR model very well validate
the cation-𝜋 interaction predicted by docking analysis for the
Mtb GS-PA interaction.

3.3. ADMET Prediction. Most of drug failures at early and
late pipeline occur due to undesired pharmacokinetics and
toxicity problems. If these issues could be addressed early,
it would be extremely advantageous for the drug discovery
process. In viewof these, the use of in silicomethods to predict
ADMET properties is intended as a first step in this direction
to analyze the novel chemical entities to prevent wasting time
on lead candidates that would be toxic or metabolized by the
body into an inactive form and unable to cross membranes,
and the results of such analysis are herein reported in Table 4
together with a biplot (Figure 6) and discussed. The phar-
macokinetic profile of all the molecules under investigation
was predicted by means of six precalculated ADMETmodels
provided by the Discovery Studio 2.1 program. The biplot
shows the two analogous 95% and 99% confidence ellipses
corresponding to HIA and BBB models. PSA was shown to
have an inverse relationship (with percent human intestinal
absorption and thus cell wall permeability [41]. Though a
relationship of PSA to permeability has been demonstrated,
the models usually do not take into account the effects of
other descriptors. The fluid mosaic model of cell membrane
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Figure 6: Prediction of drug absorption for various PA considered
for anti-mycobacterial activity. Discovery Studio 2.1 (Accelrys, San
Diego, CA) ADMET Descriptors, 2D polar surface area (PSA 2D)
in ́Å2 for each compound is plotted against their corresponding
calculated atom-type partition coefficient (ALogP98). The area
encompassed by the ellipse is a prediction of good absorption with
no violation of ADMET properties. On the basis of Egan et al.
[19] absorption model the 95% and 99% confidence limit ellipses
corresponding to the Blood Brain Barrier (BBB) and Intestinal
Absorption models are indicated.

suggests that themembrane phospholipid bilayer is capable of
hydrophobic and hydrophilic interactions, hence lipophilic-
ity is also considered as a pivotal property for drug design.
Lipophilicity could be assessed as the log of the partition
coefficient between n-octanol andwater (log P).Though log P
is generally used to estimate a compound’s lipophilicity, the
fact that log P is a ratio raises a concern about the use of
log P to estimate hydrophilicity and hydrophobicity. Thus
the information of H-bonding characteristics as obtained by
calculating PSA could be taken into consideration along with
logP calculation [19]. Therefore, a model with descriptors
AlogP98 and PSA 2Dwith a bi-plot comprising 95% and 99%
confidence ellipseswas considered for the accurate prediction
for the cell permeability of compounds. The 95% confidence,
ellipse represents the region of chemical space where we can
expect to find well-absorbed compounds (≥90%) 95 out of
100 times. Whereas 99% is a confidence ellipse represents the
region of chemical space with compounds having excellent
absorption through cell membrane. According to the model
for a compound to have an optimum cell permeability should
follow the criteria (PSA < 140 Å2 and AlogP98 < 5) [19]. All
the compounds showed polar surface area (PSA) < 140 Å2.
Considering the AlogP98 criteria, all PAs had AlogP98 value
<5, except compound 7 that has also in turn violated the 99%
and 95% confidence ellipse for both HIA and BBB (Figure 6).
Table 4 shows that majority of the compounds have low or
undefined values for BBB penetration levels (levels 3 and 4
as mentioned in Table 2) with the exception of compound
7 having high value and compound 18 having medium BBB
penetration level. The aqueous solubility plays a critical role

in the bioavailability of the candidate drugs, and, with the
exception of compound 7 having low aqueous solubility level
(level 2) as referred in Table 2, all other PAs are having good
or optimal aqueous solubility levels. Further, all compounds
have been predicted to have hepatotoxicity level of 0. The
model was developed from available literature data of 382
compounds known to exhibit liver toxicity (i.e., positive
dose-dependent hepatocellular, cholestatic, neoplastic, etc.)
or trigger dose-related elevated aminotransferase levels in
more than 10% of the human population [24]. The model
classifies compounds either as “toxic” or “nontoxic” and
provides a confidence level indicator of the likelihood of the
models predictive accuracy (Table 2). Our results indicate
that all PA are nontoxic to liver (level 0, Table 2), and thus they
experience significant first-pass effect. Similarly, all ligands
are satisfactory with respect to CYP2D6 liver (with reference
to Table 2), suggesting that PA are noninhibitors of CYP2D6
(Table 4). This indicates that all PAs are well metabolized
in Phase-I metabolism. Finally, the ADMET plasma protein
binding property prediction denotes that all of 14 PAs with
an exception of compounds 6 and 7 have binding ≥90% and
≥95%, respectively, (refer to Table 2), clearly suggesting that
most PAs have good bioavailability and are not likely to be
highly bound to carrier proteins in the blood. An interesting
observation was that the dihydroxy analogue of PA, that is,
7,8-dihydroxy-4-methylcoumarin (DHMC) (compound 14),
which is the deacetylated product of MTAase activity, was
also found to pass the entire ADMET test. This observa-
tion denotes that even by product of MTAase reaction is
nontoxic.

4. Conclusion

We have made an effort to develop QSAR models using the
kinetic constants and the MIC values to address the fact that
TAase activity was leading to the antimycobacterial activity.
The study indicated that Balaban index at C-7 position of PA
was the only contributing descriptor forMTAase activity.The
Balaban index, number of nitrogen atomatC-7 position of PA
and quadrupole XX component (whole molecule), showed
a good contribution to the antimycobacterial activity. Our
observation of an overlapping descriptor (Balaban topolog-
ical index at substituent 2) from our two QSAR models, thus
clearly indicates that TAase activity mediated by GS utilizing
PA as acetoxy group donor was leading to the antimycobacte-
rial activity of PA. Furthermajority of PAs were found to have
favorable ADMET characteristics. ADMET studies proved
that PA can be developed as a potential antimycobacterial
drug. The deacetylated product of TAase activity, DHMC,
was also found to pass the entire ADMET test. An important
finding is that in all the docking poses obtained for potent PA,
a cation-𝜋 interaction is observed between 𝜀-NH

3
group of

Lys4 and aromatic ring of coumarin. DAMC is found to form
an additional H-bond between oxygen atom of C-7 acetyl
group and 𝜀-NH3 group of Lys4. Cation-𝜋 interactions result
essentially from a quadrupolar electrostatic interaction. The
results of QSAR and docking studies validated each other and
provided insight into the structural requirements for PA and
Mtb GS interaction.
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MTAase: Mycobacterial TAase
PA: Polyphenolic acetates
GS: Calreticulin glutamine synthetase
DAMC: 7,8-Diacetoxy-4-methylcoumarin
7-AMC: 7-acetoxy-4-methylcoumarin
7-NH-AMC: 7-NH-acetoxy-4-methylcoumarin
QSAR: Quantitative structure activity
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ADMET: Absorption distribution metabolism

elimination toxicity
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