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Abstract

ParE, a subunit of topoisomerase IV, is involved in the management of DNA topology and validated to be an attractive target
for the development of antibacterial agents. Availability of the crystal structure of Francisella tularensis in combination with
one of the pyrrolo [2,3-d] pyrimidine-2-thiolinhibitor facilitated us to emphasize the combined computational approach for
discovering the presumed binding mode of selected inhibitors into the binding pocket of ParE (pdb. 4HY1). In the current
study, pharmacophore modelling and 3D-QSAR studies were performed using 33 reported F. tularensis ParE inhibitors
having pKi ranging from 5.06 to 9.00. The developed five featured pharmacophore model, DHHRR_1 was statistically vali-
dated with different parameters like 0? (0.66), R? (0.99) and F value (682) at four-component partial least squares factor.
Enrichment analysis was performed to validate the generated pharmacophore model. Extra-precision molecular docking,
binding free energy calculation using PRIME MM-GBSA were performed for the selected inhibitors. Induced fit docking
was performed for the highest active inhibitor 16. The highest-ranked induced fit docked complex 16/4HY 1 was used to run
a 50 ns molecular dynamic simulation to validate the stability. Further, in silico High Throughput Virtual Screening was
performed using 22 lakhs chemical database molecules to identify the potential virtual hits and predicted activity was found
for the virtual hits. These results provide promising strategies for the development of novel molecules with better inhibitory
activity against F. tularensis ParE.
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Introduction

Antibacterial resistance is considered a global threat to
mankind with a high rate of mortality and morbidity which
needs dire attention (Levy and Marshall 2004). In addi-
tion, there is an increased demand for the novel types of
antibacterials acting on different unexploited targets to
overcome the prevailing resistance issue (Worthington
and Melander 2013). The adenosine triphosphate (ATP)-
dependent bacterial DNA gyrase (GyrA and GyrB) and
topoisomerase IV (ParC and ParE) enzymes are heterote-
trameric type II topoisomerases (Fisher et al. 2017). These
enzymes are independently required to control the topol-
ogy of DNA during transcription and replication and are
functionally similar (Sugino et al. 1977). Both enzymes
possess the ATPase active site at the N-terminal domain
also known as ATP-operated clamp (Aldred et al. 2014).
The absence of these enzymes in the host tissue and its
high homology among nosocomial pathogens makes them
attractive targets for the design and development of novel
antibacterials (Fisher et al. 2017). GyrB plays a key role
in the relaxation of DNA, introducing negative supercoils
and removes positive supercoils by wrapping mechanism,
whereas ParE involved in decatenating the daughter chro-
matids after the replication process behind the replica-
tion fork via a canonical mechanism (Sugino et al. 1977,
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Aldred et al. 2014). In contrast, ParE does not introduce
any negative supercoils unlike GyrB (Levine et al. 1998).

Moreover, GyrB and ParE have structural similari-
ties along with the ATP binding pocket across the species
(Tourova et al. 2010). Similar to GyrB, ParE subunit com-
prises of two distinct domains: The N-terminal and C-ter-
minal domain. N-terminal domain involved in the stabiliza-
tion of dimer and acts as an ATP binding pocket, whereas
at C-terminal the contacts are less extensive (Bellon et al.
2004). The ParE, ATP catalytic pocket of Streptococcus
pneumonia, exhibited sequence similarity with that of GyrB
ATP binding domains (43-kDa) of Escherichia coli (49.4%
identity) and Thermus thermophilus (47% identity), demon-
strating that ParE has the same fold as GyrB. In addition, S.
pneumonia ParE consists of a highly conserved N-terminal
binding domain and glycine-rich segment (G-loop), similar
to the GyrB subunit (Sifaoui et al. 2003; Pan and Fisher
1999). However, there exists a difference in their structures,
present in the longest a-helices at unconserved C-terminal
end (Fernandez-Moreira et al. 2006; Janoir et al. 1996). The
E. coli GyrB is structurally heterogeneous with F. fularensis
ParE due to differences in the sequence similarity. The crys-
tal structure of F. tularensis ParE reveals that the N-terminal
ATP-binding domain contains 39 kDa of residues which
plays a vital role in the decatenating activity of DNA and
stabilization of dimer (Tari et al. 2013). The asymmetric
crystallographic unit (pdb.4HY 1) contains two chains, A
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and B. These two chains were in lack of electron density for
some of the residues and the C-terminal end contains histi-
dine tag of the A chain. The B chain also includes a similar
kind of disorder, but in addition, it possesses extra 218-381
residues (Trzoss et al. 2013).

In addition to aminocoumarins and fluoroquinolones,
various scaffolds have been investigated as antibacterials
targeting ParE enzyme. These include quinazolinediones
(Huband et al. 2007, Pan et al. 2009), nonfluorinated qui-
nolones (Jones et al. 2002), benzimidazoles (Charifson et al.
2008), ethylureas (Starr et al. 2009), azaindoles (Manchester
et al. 2012), anilinopyridines (Uria-Nickelsen et al. 2013),
pyrrolopyrimidines (Tari et al. 2013), [1,2,4]triazolo[1,5-a]
pyridines (East et al. 2009), aminobenzimidazoles (Jever-
ica et al. 2014), and alcohol-containing benzothiazole
urea. Inhibition of the ATPase activity of ParE has been
explored for the development of novel synthetic scaffolds
that are capable of inhibiting this enzyme, but potent activity
against both Gram-negative and Gram-positive bacteria has
not been accomplished. The high-resolution crystal struc-
ture of ParE investigated experimentally to develop potent
antibacterial agents against ParE by stimulating the com-
putational approaches (Tari et al. 2013; Trzoss et al. 2013;
Basarab et al. 2013; Kale et al. 2014). In the current study,
we performed pharmacophore modelling, 3D-QSAR study,
extra-precision molecular docking, free energy calculation,
molecular dynamic (MD) simulation studies to ascertain the
critical interactions between the ligands and catalytic pocket
responsible for ParE inhibitory activity. The generation of
3D-QSAR Pharmacophore model followed by its validation
exhibited good predictive power for the experimental pKi
values. The highest active compound from the selected data
set was subjected to 50 ns MD simulation to validate the
proposed binding mode.

Materials and methods
Data set

In the current study, we selected a total of 33 ParE inhibitors
(Supplementary Table S1), sharing a common assay pro-
cedure (Tari et al. 2013; Trzoss et al. 2013). The Ki values
of these inhibitors varied from 5.06 to 9.00 and were con-
verted to their respective pKi. The 3D structures of these 33
inhibitors were prepared using the builder panel in Maestro
12.0 (Schrodinger 2019-2, LLC, New York, NY) (Bharad-
waj et al. 2019) and optimized using the LigPrep module
incorporated in Schrodinger 2019-2, LLC, New York NY.
This procedure includes Van der Waals radii of the inhibi-
tor non-polar atoms to 0.8 scaling factor with 0.15 as par-
tial atomic charge cut-off. Ionization states of each ligand
was produced (pH 7 +2.0) and energy minimization was

performed with OPLS3e force field (Roos et al. 2019) till
root mean square mean deviation (RMSD) of 0.01 A was
attained. The low energy conformations of each ligand were
used for the molecular modelling studies.

Pharmacophore modelling and 3D-QSAR studies

In the current study, we used Phase module incorporated
in Schrodinger 2019-2 to develop the 3D-QSAR pharma-
cophore models using the selected 33 F. tularensis ParE
inhibitors. Ligands were geometrically refined and a maxi-
mum of 100 conformers were generated per structure using
the conformational search engine, ConfGen. OPLS3e force
field with distance-dependent dielectric constants was
applied for the treatment of solvation system. The phar-
macophore model was created by opting multiple ligands
option followed by selecting entries, ignoring all other in
search engines. The data set was generated by assigning the
threshold of pKi> 8.6 as actives and pKi < 6.5 as inactives,
whereas the remaining molecules were moderately active.
Hypothesis settings include matching at least 50% of 8
actives mapped with pharmacophoric features like acceptor
(A), donor (D), hydrophobic (H), negative ionic (N), posi-
tive ionic (P) and aromatic ring (R) for the generation of
hypothesis. Then, we used a minimum of 200 target number
of conformers to generate the model. Among the 33 inhibi-
tors, 25 were selected as the training set based on the range
of their pKi values (6.76-9.00) and diversity in the chemical
structures of the respective inhibitors (Golbraikh and Trop-
sha 2000). The remaining eight compounds with pKi values
ranging from 5.06 to 8.52 with diverse chemical structures
were selected as test compounds. The existing six features
were used to generate the pharmacophoric sites using the
generated conformers of inhibitors. Based on the eight
actives (Supplementary Table S1), pharmacophore hypoth-
eses were developed keeping 1 A for pharmacophore match-
ing tolerance and 2 A for the minimum intersite distance
between two features. Among, the 20 generated models, five
elements were found to be typical for all the actives. The best
five hypothesized models were selected based on the vector,
volume, sitescore, survival score, survival inactive and the
number of matches (Table 1). Data set ligands were then
aligned in accordance with the generated best five featured
pharmacophore model DHHRR_1. The angles and distances
between different pharmacophoric sites of the selected
model are depicted in Fig. 1a, b, respectively. The van der
Waals model of the training set chosen molecules was used
to develop the atom-based 3D-QSAR model. The pharmaco-
phore model which is statistically significant was generated
based on the training set molecules for the selected hypoth-
esis via partial least-square (PLS) regression. The increment
of both predictivity and statistical significance was observed
up to four PLS factors (Table 2), the further increase neither
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Table 1 Different parameter

Hypothesis ~ Survival  Site Vector  Selectivity ~ Survival-inactive ~ Volume  Matches
scores of the generated
hypothesis DHHRR _1 DHHRR_I  5.891 1 1 2.103 2.142 0.885 8
DHHRR 2  5.848 0954 1 2.107 2.129 0.885 8
HHRRR _1 5.85 0968  0.987 2.107 2.367 0.884 8
HHHRR_1  5.842 0.944  0.999 2.118 2.158 0.879 8
DHRR_1 5.284 1 1 0.905 1.476 2.192 8

D hydrogen bond donor, H hydrophobic, R ring aromatic

Fig.1 a Pharmacophore model DHHRR_1 intersite angles in A
unit between the pharmacophoric points. b Pharmacophore model
DHHRR_1 intersite distances in A unit
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improve the statistics nor predictivity of the model. The best
model DHHRR_1 was validated by predicting the activity
of eight test set ligand, which were not used for the model
generation. The fitness score of all the selected ligands were
investigated by using this model (Supplementary Table S1).
Further, to explore the structure—activity relationships of
these ligands against ParE enzyme, contour plots (Fig. 3a—h)
were generated and analysed.

Hypothesis validation

The best fitted five featured model DHHRR_1 exhibited an
excellent predictive ability for the training set compounds,
with a statistically significant coefficient of determination
(R% 0.99, SD (0.08) and F (682.2). The test set ligands
exhibited a cross-validated correlation coefficient (Qz) of
0.66, RMSE (0.62), and Pearson R (0.93). The degree of cor-
relation between the Phase predicted activity and experimen-
tal activity for the test and training set were computed and
the results were depicted in Fig. 2a, b. From the scatter plots
of both test and training sets, it is evident that there exist
moderate differences between phase predicted and experi-
mental activities for the test and training sets. Enrichment
analysis was performed to validate the developed pharma-
cophore model, wherein the eight active ligands (pKi> 8.6)
was mixed with three hundred decoy molecules retrieved
from the Schrodinger database. To evaluate the ability of
identification of actives from inactive and for the accurate
ranking of inhibitors, robust initial enhancement and enrich-
ment factors were calculated (Table 3 and Supplementary
Figure S1).

Further, Y-randomization/scrambling test is performed
to validate the generated QSAR model is reliable and not
inferred by chance. This test is usually performed on the
training set data as recommended by Tropsha et al. 2003.
Firstly, the models are created by randomizing the activ-
ity data (dependent variable), while keeping the molecular
descriptors unchanged (independent variable). After per-
forming 10Y-randomization tests, the consequent models
obtained are relied up on to have lowR? and cross validated
Q? values, which confirm that the generated models are reli-
able (Supplementary Table S3).
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Table 2 Phase 3D-QSAR

- PLS SD R?
PLS statistical results of the

P Stability

Q2

RMSE

Pearson-R

selected pharmacophore model
DHHRR_1

1 0.6638
2 0.3412
3 0.1601
4 0.0867

0.5101
0.8762
0.974

0.9927

6.07e—05 0.936

0.207

0.95

0.8466

71.8 1.05e—10
261.9
682.2

0.698
0.587
0.522

0.5309 0.73
0.6496 0.63
0.6616 0.62

0914
0.9277
0.9324

8.61e—17
4.54e-21

PLS partial least square, SD standard deviation, R? regression coefficient, F test stastistic for F tests, P level
of significance, Q7 cross-validated correlation coefficient, RMSE root-mean-square error, Pearson-R Pear-
son product-moment correlation coefficient

Predicted Activity4 vs. Activity
9.0 - | §

8.5 Y
8.0 - f
7.5 »a

7.0

6.5 4

Predicted Activity4

6.0 - s
5.5 - /

5.0 4,

7 8 9
Activity

v\
N\,

o

b Predicted Activity4 vs. Activity
9.0

8.5

8.0

7.5 A

7.0 4

Predicted Activity4

6.5

6.0 4

5.5 T T T T
5.5 6.0 6.5 7.0 7.5 8.0 8.5 9.0

Activity

Fig.2 a The plot of the correlation between the experimental and
predicted activity (pKi) of pyrrolopyrimidine-based inhibitors using
pharmacophore-based QSAR model of training set. b The plot of the
correlation between the experimental and predicted activity (pKi)
of pyrrolopyrimidine-based inhibitors using pharmacophore-based
QSAR model of test set with best fit line y=0.89x 1.12 (R*=0.90)

Table 3 Results of Enrichment factor (EF) analysis for the generated

3D-QSAR models

Pharmacophore model

AUC

RIE

ROC

DHHRR_1
DHHRR_2
HHRRR_1
HHHRR_1
DHRR_1

0.99
0.99
0.99
0.99
0.99

15.60
15.60
15.60
15.60
15.60

1.00
1.00
1.00
1.00
1.00

Moreover, the presence of systematic errors in the devel-
oped model DHHRR_1 and its prediction quality were
assessed by the mean absolute error (MAE)-based criteria
method (https://dtclab.webs.com/sofware-tools). The MAE-
based criteria are determined using the Xternal Validation
plus 1.1 tool which was established by DTC software labs.
Further, this tool is also able to compute all the external vali-
dation parameters using MAE-based criteria. Additionally,
this criterion categorizes the prediction quality of model
into ‘good’, ‘moderate’ and ‘bad’ based on their values of
absolute error (AE) standard deviation and MAE. In turn,
the absolute error standard deviation (cAE) are defined as
follows: (1) good predictions (MAE + 3XcAE <0.2 X train-
ing set range and MAE <0.1 X training set range), (2) bad
predictions (MAE +3XcAE > 0.25 X training set range and
MAE > 0.15 X training set range) and (3) moderate predic-
tions (the predictions which do not fall under either of the
above two criteria). Usually, MAE-based criterion is deter-
mined by eliminating 5% of compounds possessing high AE
values in order to overcome the possibility of outlier predic-
tions. To find out external test sets comprising of small num-
ber of badly predicted data, 95% of MAE-based criteria data
is used, whereas 100% of MAE-based criteria data is used
to penalize the predictivity of the generated model. Further,
Xternal validation plus 1.1 tool by Roy et al. is also used to
describe number of negative prediction errors (NNE), num-
ber of positive prediction errors (NPE), the mean of positive
prediction errors (MPE), the absolute value of average pre-
diction errors (AE), the average absolute prediction errors
(AAE) and absolute value mean of negative prediction errors
(MNE) in order to find out the presence of systematic error
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Fig.3 a 3D QSAR contour plot
visualization generated for the
favourable and unfavourable
hydrogen bond donor effects in
active compounds. b 3D QSAR
contour plot visualization
generated for the favourable and
unfavourable hydrogen bond
donor effects in inactive com-
pounds. ¢ 3D QSAR contour
plot visualization for the gener-
ated favourable and unfavour-
able hydrophobic interactions
in active compounds. d 3D
QSAR contour plot visualiza-
tion for the generated favourable
and unfavourable hydrophobic
interactions in inactive com-
pounds. e 3D QSAR contour
plot visualization generated for
the favourable and unfavour-
able hydrogen bond donor
effects in compounds 10 and
16. £. 3D QSAR contour plot
visualization generated for the
favourable and unfavourable
hydrogen bond donor effects

in compounds 3 and 4. g 3D
QSAR contour plot visualiza-
tion for the generated favourable
and unfavourable hydrophobic
interactions in compounds 10
and 16. h 3D QSAR contour
plot visualization for the gener-
ated favourable and unfavour-
able hydrophobic interactions in
compounds 3 and 4
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prediction (Roy et al. 2017 and Zhao et al. 2017). The results
are said to be satisfied if any one or more of the prediction
errors follow the rules defined by this method. The predic-
tive ability of the developed model DHHRR_1 is observed
to be good (Supplementary Table S4).

Molecular docking studies

X-ray crystal structure of F. tularensis ParE (pdb.4HY 1,
Resolution: 1.58 /o\) was selected for the modelling study.
The preparation of protein was performed using a Protein
Preparation Wizard module of Schrédinger 2019-2 (Sidhu
et al. 2019,; Sastry et al. 2013). The addition of hydrogens
removed the crystallographic water molecules. Missing side
chains were incorporated using Prime (Schrodinger 2019-2)
(Jacobson et al. 2004). OPLS3e forcefield was employed for
energy minimization keeping root mean square deviations
(RMSDs) of heavy atoms at 0.30 A (Roos et al. 2019) 10 A
radius around the bound ligand was used to define the active
site and a grid box was generated keeping the co-crystallized
ligand at the centre. The 33 ligands prepared using LigPrep
were docked with extra-precision (XP) mode (Supplemen-
tary Table S5) using Glide (Friesner et al. 2006) keeping
other options default. The selection of best-docked pose of
each ligand was based on the Glide score, Glide energy and
Glide Emodel energy values.

Binding free energy calculations

PRIME Molecular Mechanics-Generalized Born Surface
Area (MM-GBSA) approach (Schrodinger 2019-2) was used
to calculate the binding free energy for all the protein—ligand
complexes. OPLS3e force field with VSGB 2.0 solvation
model was applied for the energy minimization. This method
integrates a physics-based correction and optimized implicit
solvation for hydrogen bonding, self-contact interactions,
7—n interactions and hydrophobic interactions (Supplemen-
tary Table S6).

Molecular dynamics (MD) simulation

The docked complex of most active compound 16
(pKi=9.00) in complex with 4HY1 was selected for per-
forming the MD simulation with OPLS3e forcefield using
the Desmond software (Schrodinger 2019-2). The molecular
system was solvated with TIP4P water molecules with an
approximate 10 A buffering distance between the protein
and the edges of the orthorhombic box. The solvated sys-
tem comprises of 16,649 water molecules, 55,887 atoms,
1,174,189 A3 final box volume. Appropriate counter Na*
ions were added to neutralize the system. Minimization of
the solvated system by limited memory Broyden-Fletcher-
Goldfarb-Shanno was achieved with a ten steepest descent

steps and three vectors until a gradient threshold of 25 kcal/
Mol/A was reached (Guo et al. 2010). The short-range
columbic interactions with 9.0 A radius cut-off and for
long-range electrostatic interactions smooth particle mesh
Ewald method at a tolerance of 1e—09 was used (Essmann
et al. 1995). The temperature of 300 k and a pressure of
1 bar was maintained by using Nose—Hoover thermostat and
Martyna—Tobias—Klein barostat (Martyna et al. 1992, 1994),
respectively. Under an isothermal-isobaric ensemble (NPT)
conditions, the molecular system was simulated for 50 ns
with a time step of 2 fs. A REPSA integration algorithm with
multiple time steps was applied for bonded, far non-bonded,
and near non-bonded interactions (2, 2 and 6 fs, respectively)
and frames were composed for every 100 ps (Tuckerman
et al. 1992). The analysis of trajectory poses and 3D struc-
tures were generated using the Maestro graphical interface.

Results and discussion
3D-QSAR study

To derive 3D-QSAR models, Phase (Schrédinger 2019-
2) was employed. Based on the site score, volume, vector,
matches, inactives, and survival score the best five hypoth-
eses were selected. Among them, the best-fitted five featured
models DHHRR_1 exhibited vector value (1.000), highest
survival (5.891), selectivity score (2.103), survival inactive
(2.412), volume score (0.885), site (1.000) scores (Table 1).
This model consists of one hydrogen bond donor, two
hydrophobic features and two ring features (Fig. 1a, b). The
hypothesis DHHRR_1 alignment over inactive compounds
(Fig. 3b, d) and active compounds (Fig. 3a, c) exposed
that angles and distances are the key attributes (Supple-
mentary Table S2(a) and (b)) for ParE inhibitory activity.
The generated model DHHRR _1 is statistically significant
with a high degree of confidence, implicated by the high-
est variance ratio (F=682.2) and a smallest significance
level of variance ratio (4.54e—21) (Table 2). In addition,
the model exhibited a greater degree of confidence, based
on the higher value of the QSAR model stability 0.522 on a
maximum scale of 1, which is having a Pearson coefficient
(r) of 0.9324, root-mean-square error (RMSE=0.62) and a
lower standard deviation (SD=0.0867). The high coefficient
of determinations (R>=0.9927) for training set molecules
was used to predict the relevancy of the generating model.
PLS factor four was used along with a higher cross-validated
correlation coefficient (Q2 =0.6616) exhibited the validity
and model’s ability in predicting the experimental data of
test set inhibitors (Supplementary Table S1). Among them,
compounds 2 and 14 showed moderate deviations from the
predicted QSAR model with residual values of 1.051 and
1.129, respectively.
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To validate the predictive ability of model DHHRR_1,
enrichment analysis was performed (Supplementary
Table S7-S9 and Figure S1). The top 5% of the database
along with decent enrichment values, can be used to recover
50% of the actives. RIE was calculated for the generated
models to estimate the contribution of actives ranking in the
enrichment analysis. The hypothesized DHHRR_1 model
exhibited higher RIE value 15.06, implicates the superior-
ity ranking over random distribution. The area under curve
(AUC) and ROC plots were generated to evaluate the per-
formance of the pharmacophore models. The generated
hypothesized model DHHRR_1 attained a better value of
ROC (1.00) and AUC (0.99) (Table 3 and Supplementary
Figure S1).

To examine the robustness and reliability of the model,
Y-randomization test was employed. Y-scrambling test
assures that the created model is reliable and not inferred
by chance; and also validates the sufficiency of the training
set molecules. This test compares the randomized scores
generated with the scores of non-randomized data. If the
predicted activity of the randomized model is identical to the
original model, then the set of observation is not sufficient
to support the generated model. After several repetitions,
the new QSAR models were reported to have low R and Q°
values (Supplementary Table S3). The results obtained con-
firmed that the model DHHRR_1 is measurably noteworthy
and vigorous. Further, these results are in agreement with
all the statistical parameters such as RMSE, Pearson cor-
relation coefficient.

The total 8 external test set compounds covering a
response range of 0.852 logarithmic units and the predic-
tion quality was found to be ‘good’ in accordance with
MAE-based criteria (Supplementary Table S4). However,
after elimination 5% data with predicted residuals MAE and
MAE + 3 X ¢AE are exhibiting at 0.5310 and 1.5705, respec-
tively. The threshold values utilized to judge the model
predictions are 0.8526 (0.1 X training set range), 1.2789
(0.15 x training set range), 1.7052 (0.2 X training set range)
and 2.1315 (0.25 X training set range). According to Roy
et al. the generated QSAR model is reliable by the MAE-
based criteria which further relied on the prediction errors.
Additionally, to determine any possible systematic errors in
the predicted model, it is very important to analyse the pre-
diction errors of the compounds used as test set. In our study,
the NPE/NNE (0.4286), NNE/NPE (2.333), | MPE/MNE |
(0.2043), | MNE/MPE | (4.8938), AAE- | AE| (0.0936)
were calculated. The value of R? (between observed values
and predicted values) was found to be 0.8385.

Contour plots analysis

To identify the effect of the spatial arrangement of struc-
tural features of the ligands responsible for ParE inhibitory
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activity, contour maps were analysed. Blue cubes and Red
cubes were used to show the favourable and unfavourable
contributions for their inhibitory property against ParE. The
best-fitted 3D-QSAR model DHHRR_1 of most active com-
pounds 10 and 16 (pKi=9.00 and 9.00 respectively) and
the less active 3 and 4 (pKi=5.69 and 5.92 respectively)
was used for comparison. The favourable and unfavourable
pharmacophoric features are designated in Fig. 3a—h. The
hydrogen bond donating features was analysed for both
active compounds 10 and 16 by visualizing contour plots
and were represented in Fig. 3e and for inactive compounds
3 and 4 were depicted in Fig. 3f. The presence of blue cubes
around position four of the pyrrolopyrimidine scaffold shows
the favourable contribution of electron-donating groups at
this position (Fig. 3a). Whereas the existence of electron-
donating group (D5 pharmacophoric feature) at position
two of pyrrolopyrimidine is unfavourable as it is showing
a negative contribution to the inhibitory activity (Fig. 3b).
The appearance of blue cubes at the NH group of pyrrole
ring in the contour plot of 10 and 16 (Fig. 3e) shows the
preference of hydrogen bond donating group at this posi-
tion. While in the case of inactives 3 and 4, the presence of
red cubes at position two of pyrrolopyrimidine indicates the
non-preference of donating group with unfavourable con-
tribution (Fig. 3f). The hydrophobic group in this hypothe-
sized model is a significant feature influencing the inhibitory
activity against ParE. 3D-QSAR contour plot visualization
for the generated favourable and unfavourable hydrophobic
features was represented for both actives (Fig. 3¢) and inac-
tives (Fig. 3d). Hydrophobicity or non-polar feature was
analysed for both active compounds 10 and 16 (Fig. 3g).
In this model, we emphasized the presence of two hydro-
phobic groups, namely H8 and H10. The presence of blue
cubes at position five of pyrrolopyrimidine, indicates the
preference of hydrophobic feature. Here, the presence of a
chlorine atom at this position is significantly contributing to
ParE inhibitory activity. Another hydrophobic feature at the
position six of pyrrolopyrimidine molecule also necessitates
significant activity. Moreover, ethyl group as a hydrophobic
feature is found to be essential for the inhibitory activity as
evident by the pKi (8.65-9.00) of highly active compounds.
The appearance of blue cubes at position four of pyrrolopy-
rimidine moiety was observed to be indispensable for the
inhibitory activity against F. tularensis ParE, indicating a
positive contribution of the hydrophobic group at this posi-
tion. However, for the hydrophobic contour map, the appear-
ance of red cubes at the position two of pyrrolopyrimidine
is observed to be non-crucial for the activity. Inactive com-
pounds 3 and 4 contour maps showed the negative contribu-
tion of hydrophobic groups (red cubes) at position six of the
pyrrolopyrimidine molecule (Fig. 3h). However, in these two
compounds presence hydrophobic at position seven of pyr-
rolopyrimidine groups exhibited little positive contribution,
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which is occupied by a chlorine atom. Further, the presence
of red cubes around the thiol group in compounds 3 and
4 indicated the unfavourable contribution of hydrophobic
groups at position two of the pyrrolopyrimidine scaffold.

Molecular docking studies

The validation of the docking protocol has been achieved
by redocking the co-crystal ligand (pdb.4HY1) into the
binding pocket of the F. tularensis ParE enzyme. A simi-
lar conformational orientation of docked ligands with that
of co-crystal (RMSD =0.2643 A) indicated the accuracy
of the docking protocol (Supplementary Figure S2). All
the ligands exhibited similar binding poses in the catalytic

Fig.4 a Glide XP-docked
poses of inhibitor 10, in the
catalytic pocket of ParE (PDB
ID: 4H1Y). b Glide XP-docked
poses of inhibitor 16, in the
catalytic pocket of ParE (PDB
ID: 4H1Y)

ASP 68

pocket, revealed by the comparative examination of docking
results (Supplementary Table S5 and Figure S3 and S4). The
hydrogen bonding and hydrophobic interactions with Asn41,
Gly72, Asp68, Argl31 and Arg71 amino acid residues pre-
sent in the C-terminal and N-terminal regions of the binding
pocket played a crucial role in ligand binding. The binding
poses of selected, highly active inhibitors 10 and 16 and
low active inhibitors 3 and 4 were analysed and the results
obtained were compared. From the docked poses of inhibitor
10 (Fig. 4a), the NH of pyrrole moiety, which is fused to the
pyrimidine nucleus, formed hydrogen bond with the car-
bonyl oxygen of Asn41 (rNH---O=C, 1.75 A). Further, the
molecule was stabilized by charged interaction (n-cationic)
between the ring nucleus of pyrrole and the protonated NH,

ARG 131
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group of Lys7. In addition, this molecule also established
hydrogen bonding interactions with amino acid residues
Asp68, Thr162 Gly70 and Gly72. Another most active
inhibitor, 16 (Fig. 4b), displayed four hydrogen-bonding
interactions with 4HY 1. The NH, group present at position
three of the pyrrolidine ring which is fused with pyrimidine
nucleus established a hydrogen bonding interaction with the
carbonyl oxygen of Asn41 (rNH,---O=C, 2.09 A).

Further, the NH group of the pyrrole nucleus established
a hydrogen bonding interaction with the carboxyl oxygen of
Asp68 (rNH:---O=C, 1.85 A). The oxygen of naphthyridine-
1-oxide displayed two hydrogen bonds with the protonated
NH, group of Argl31 (rO---NH, 2.99 10\) and one more with
the NH, group of Argl31 (rO---NH, 2.09 A). In addition,
the 16/4HY 1complex also showed one n-cationic interaction
between the ring nucleus of pyrimidine and the protonated
NH, group of Arg71. The docking poses of these molecules
revealed that the interactions are dominant in the N-terminal
domain of the enzyme. This result is in agreement with the
earlier report that ATPase activity is mainly confined to the
N-terminal domain of the ParE enzyme, which is solely
responsible for the bactericidal activity.

The lowest active ligand 3 exhibited three hydrogen bond-
ing interactions between Met73 and nitrogen of pyrrolopy-
rimidine nucleus via water bridge. A water bridge interac-
tion was also observed between nitrogen at position one of
pyrrolopyrimidine moiety and Thr162 residue. Addition-
ally, a hydrogen bonding interaction was observed between
Asn41 and nitrogen of the pyrrolopyrimidine nucleus (Sup-
plementary Figure S17). Another low active ligand 4 also
displayed similar hydrogen bonding interaction with Met73.
This inhibitor exhibited three hydrogen bonding interactions
with Asp68, Gly72, Arg71 residues (Supplementary Figure
S18). It is evident that the extensive hydrogen-bonding net-
work is responsible for the stability of the high active ligands
10 and 16 within the binding pocket of the ParE enzyme.

Binding free energy of the ligands 1-33/4HY1 docked
complexes was ranked using Prime MM-GBSA approach.
The binding free energy (AG;,q) values were found to be
between — 54.27 and — 122.59 kcal/mol. It is evident from
the results (Supplementary Table S6) that van der Waals
energy (AG, 4w — 46.85 to — 77.07 kcal/mol) is a major
favourable contributor, while coulomb energy (AGc,, 0.04
to — 73.77 kcal/mol) term is moderately favouring the
inhibitor binding. In most of the active inhibitors lipophilic
(AGp, 14.60 to — 25.54 kcal/Mol) and solvation (AG,
7.7 to 49.55 kcal/mol) energy terms strongly disfavour the
inhibitor binding.

MD simulation analysis

To investigate the stability and dynamic behaviour of 4HY'1
bound with highly the high active ligand 16, the 16/4HY 1
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complex was subjected to a 50 ns molecular dynamics
simulation using Desmond incorporated with Schrodinger
suite 2019-2. From the thorough analysis of the trajectory
frames, the metrics of root-mean-square deviation (RMSD)
for Ca, backbone and heavy atoms of protein and ligand
were depicted in Fig. 5a. The overall RMSD of Ca, back-
bone and heavy atoms were observed to be in the range
1.59-3.96, 1.44—3.93 and 1.73-3.98 A respectively. Dur-
ing the equilibration phase, the RMSDs of Ca atoms, back-
bone atoms inhibitor complex increased till 14 ns and then
converged after 30 ns phase. Fluctuations in the RMSD of
Co atoms were observed in the range of 1.94-3.96 A dur-
ing 14-20.5 ns. After the equilibration phase, the RMSD
of Ca atoms stabilized in the range 3.96-2.82 A during
20-50 ns. The root-mean-square fluctuations (RMSF) of the
ParE protein residues obtained throughout the MD simula-
tion study are depicted in Fig. 5b. The Ca, backbone and
heavy atoms of loop residues (Lys98-Ser107) exhibited high
RMSF values 2.35-4.69 A, 2.45-4.82 A and 2.94-5.28 A,
respectively. The RMSF plot revealed that the Ca atoms,
backbone and heavy atoms of critical binding amino acid
residues within the catalytic site showed a lower degree of
fluctuations with RMSF values in the range of 0.53-1.56 A,
0.56-1.51 A and 0.58-1.23 A, respectively. During MD
simulation radius of gyration (rGyr) of Ca (red-diamond)
and backbone (blue-circle) atoms of the specified protein-
inhibitor complex (Supplementary Figure S5) was found to
be stable, which indirectly indicates a low degree of flexibil-
ity in the protein structure. In addition, it is also implicated
that the protein-inhibitor complex is in more relaxed confor-
mations (stabilization), resulted from the effect of solvency.
The RMSD of ligand (Fig. 5a) exhibited conformational
variations from 14 ns and was then stabilized from 20 ns
throughout the simulation time. Further, this plot revealed
that the RMSD of binding pocket residues copes well with
the inhibitor movement. Interactions like hydrogen bonding
n-cationic and z— stacking were observed with the stable
key residues Ile38-Glu44, Val66-Asp76, 11e89-Ser107 and
Valll5 (Fig. 5b). However, no interactions were observed
in the regions Leul2-11e35, Leu47-Ser95-Gly114, Ser116-
Gly161 and Phe166-Lys377. The other interacting residues
Arg71, Argl31 and Ile38 also exhibited low RMSF values
for Ca, backbone and heavy atoms in the range of 0.56—1.15,
0.06-1.19 and 0.71-1.26 A, respectively.

MD simulation trajectory analysis exhibited similar bind-
ing interactions as speculated by the XP docking interactions
(Supplementary Figure S4). The NH pyrrole group of pyrro-
lopyrimidine scaffold of compound 16 showed two hydrogen
bonds, one each with Asn41 (fNH,---O=C, 2.09 z&, 66%) and
Asp68 (rNH---O=C, 1.85 1&, 100%). Two water-mediated
hydrogen bonds between NH of pyridopyridine and Argl31
(CO---NH, 2.99 A 67%) and NH, of pyrrole andAsn41
(>C=0---NH, 2.09 A, 39%), Asp68 also exhibited one
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Fig.5 a RMSD (A) of the simulated positions of 4H1Y, Ca and
backbone atoms from those in the initial structure. b Protein RMSF
values of inhibitor 16/4H1Y complex during MD simulation. ¢ It rep-

more key interaction with NH of pyrrolopyrimidine scaffold
(C=0--NH, 1.99 A, 99% cross-bridged via water molecule).
Asp68 is considered to be a critical interacting residue and
is available throughout MD study (Supplementary Figure
S6) and established two high-frequency hydrogen bonding
interactions, one directly with the NH of pyrrole of pyr-
rolopyrimidine scaffold (100% of MD trajectory) and the
other with NH of the pyrimidine group of pyrrolopyrimi-
dine through a water molecule (99% of MD trajectory). This
high-frequency hydrogen bonding interaction is due to the
less conformational flexibility of Asp68 (y=10°) (Sup-
plementary Figure S7(a)). Hydrogen bonding interaction
was also observed between the nitrogen of naphthyridine
1-oxide and carbonyl moiety of Argl31 via water molecule
(67% of MD trajectory). This intermediate hydrogen bond-
ing frequency is due to the moderate conformational flex-
ibility of Argl31 (w=50°) (Supplementary Figure S7(c))
side chain. In addition, oxygen of naphthyridine-1-oxide
showed two hydrogen-bonding interactions with Argl31.
The amino substituent of the pyrrolidine molecule exhibited
a low-frequency hydrogen bonding interaction (39% of MD
trajectory) with Asn41. This intermittent hydrogen bond-
ing arises due to the moderate conformational flexibility of
Asn4l (y=20°) (Supplementary Figure S7(b)). The NH of
pyrimidine moiety of pyrrolopyrimidine moiety established
a water molecule mediated hydrogen bonding interaction

Q D> “3 M N J D > v %l D \J 0 ) \J S 4 *
; 2 » b » © © A A A A A & CENY 9 o ©
N /R v &7 s A Q7
R R A A R S MR

Hydrophobic Mlonic B Water bridges|

resents the interaction of ligand 16 with different residues in the cata-
lytic pocket of 4H1Y during MD simulation

with the side chain OH of Thr162 (-NH---H-O-H---OH, 43%
of the MD trajectory). The moderate conformational flex-
ibility of Thr162 (w=40°) (Supplementary Figure S7(f)) is
responsible for this moderate frequency hydrogen bonding
interaction. One of the oxygen atoms which is associated
with N-oxide formation formed a water-mediated hydrogen
bonding interaction with Glu45 (35% of MD trajectory),
while nitrogen of the pyridine ring established a strong fre-
quency hydrogen bonding interaction with Glu10 (80% of
MD trajectory). The moderate frequency hydrogen bonding
interaction is due to comparatively less conformational flexi-
bility of Glu45 (y=30°) (Supplementary Figure S7(d)). The
amino group present position three of pyrrolidine nucleus
formed a moderate frequency water-mediated hydrogen bond
with Asn41 (39% of MD trajectory). The nitrogen at posi-
tion one of pyrrolopyrimidine scaffold established a water
molecule mediated hydrogen bond with the carbonyl group
of Gly72 ({NH---H-O-H---O=C<, 98% of MD trajectory).
This higher frequency of hydrogen bonding is due to the
less conformational ability of Gly72 (y=18°) (Supplemen-
tary Figure S7(e)) during the simulation trajectory. The two
pyridine rings of 1,5-naphthyridine moiety exhibited one
m-cationic interaction each with the charged residue Arg71
(90% and 33% of MD trajectory). In addition, the nitrogen of
N-oxide (side chain linked via sulphur) formed a strong salt
bridge interaction (80% of MD trajectory) with Glu10 of the
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N-terminal domain. The results obtained in the MD simula-
tion study are in good agreement with the docking studies.

In addition, 100 frames were extracted from simulation
trajectory files; the clustered structure of 16/4HY 1 was cre-
ated with the trajectory clustering module (Schrodinger
2019-2). This generated structure of 16 unveiled two hydro-
gen-bonding interactions with Asn41, Asp68 residues (Sup-
plementary Figure S8) (RMSD =0.65 A) which are in good
agreement with the critical interactions visualized in the
ligand interaction diagram of MD simulation (Supplemen-
tary Figure S9) and the results obtained in molecular docking
studies. It is clearly understood that Asn41, Asp68 residues
are critical for the inhibitor stabilization within the catalytic
pocket. Further, inhibitor 16 showed an average radius of
gyration (rGyr) 4.25 A and an average RMSD 0.395 A after
14 ns of MD study, representing less conformational changes
and inhibitor stability during the simulation. The observed
polar surface area (PSA) (104.10-152.34 Az) and stable
solvent accessible surface area (SASA) (83.24-153.7 Az)
demonstrated the inhibitor stabilization within the bind-
ing pocket. Fewer changes in the molecular surface area
(MolSA) (364.2-368.5 AZ) during simulation indicated
the stability of 16 during MD simulation (Supplementary
Figure S6). Further, similar orientations was observed for
conformations of 16 after MD study and XP-docking pose
(RMSD: 1.811 10%) (Supplementary Figure S10(a)); confor-
mations of 16 DHHRR_1 and XP-docking pose (RMSD:
2.752 A) (Supplementary Figure S10(b)); conformations of
16 DHHRR_1 and MD pose (RMSD: 2.937 A) (Supplemen-
tary Figure S10(c)).

Moreover, we computed thermal binding free energy
for 102 trajectory frames for 50 ns using the module ther-
mal_mmgbsa.py Script. It is evident that AGy;, 4 is constant
throughout the MD simulation study, with an average of
— 67.69 kcal/mol. However, the van der Waals energy (aver-
age AG, 4w — 54.51 kcal/mol) and lipophilic energy (average
AGjp0, — 18.115 keal/mol) are observed to be the major
contributors for the ligand binding, whereas the covalent
energy (average 2.1325 kcal/mol) disfavours the binding.
(Supplementary Figure S11). It is evident that the binding
free energies obtained with the 16/4HY 1 complex are in
agreement with the binding free energy value calculated by
the MM-GBSA approach.

In silico high throughput virtual screening

The generated pharmacophore model, DHHRR _1 was used
as a query to screen approximately 22 lakhs molecules from
the chemical database libraries (Timtec, Specs, Enamine
etc.). The first 2000 molecules were separated based on fit-
ness and phase screen score and clustering were performed
using the module, Canvas in Schrodinger 2019-2. The Macro
model atom types of overlapping volumes and ‘average’
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linkage method was used to calculate the clusters. The Kel-
ley index is a criterion to select an optimal number of clus-
ters. The Kelley measure balances the normalized “spread”
of the clusters at a particular level with the number of clus-
ters at that level. The number of clusters to be formed was
25, and it is evident from the Kelley penalty curve that equal
distribution of clusters was observed within the particular
level (Supplementary Figure S12). The dendrogram for 2000
virtual hits provided the necessary information about the
merging distance of the hits based on cluster indices (Sup-
plementary Figure S13). Distance matrix or dissimilarity
between the clusters (Supplementary Figure S14) based on
the cluster order was calculated for the hits obtained through
high throughput virtual screening (HTVS). Among 2000 vir-
tual hits, 70 molecules were selected based on the virtual
score. The extra-precision-docking was performed and the
result is provided in the supplementary Table S10. These
molecules were subjected to binding free energy calcula-
tion by the MM-GBSA approach. Ten molecules H1-H10
(Supplementary Figure S19) are selected based on the bind-
ing pose, glide score, glide emodel and glide energy values
(Supplementary Table S10). In addition, the activity was
predicted for these ten virtual 1 hits and was result is sum-
marized in Supplementary Table S10. The virtual hit H1
(glide score — 5.811 kcal/mol, AGy;,q — 37.65 kcal/mol) fit-
ted well within the catalytic pocket of 4HY 1(Supplementary
Figure S15). The thieno[2,3-d]pyrimidin-4(3H)-one moiety
of the compound H1is buried between the charged residues
and the carbonyl function accepted a hydrogen bond from
the protonated NH, of Argl31. The NH of thieno[2,3-d]
pyrimidin-4(3H)-one scaffold formed hydrogen bonding
interaction with Gly72 residue of the N-terminal domain.
The -NH of H1 also exhibited two hydrogen-bonding inter-
actions one each with Asn41 and Gly72 via water molecules.
This compound also showed a m-cationic interaction with
the thieno [2,3-d] pyrimidin-4 (3H)-one moiety and Arg71
(Supplementary Figure S15). The thieno[2,3-d]pyrimi-
din-4 (3H)-one scaffold present in compound H2 (AGy;, 4-
59.58 kcal/mol, G,,..-5.709 kcal/mol)is surrounded by the
polar residues (Supplementary Figure S16). The substituent
4-fluorobenzene is embedded with the hydrophobic groups
of the binding pocket. This moiety is also involved in the
hydrogen bonding interaction with Vall15 and Asn41. Fur-
ther, 4-fluorobenzene also exhibited a n-x interaction with
the His94 residue.

Conclusion

In the current study, pyrrolopyrimidine based analogues
were subjected to a combined computational approach
to investigate the structural relationship and molecular
mechanism responsible for ParE inhibitory activity. The
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hypothesized model DHHRR_1 established a cross-vali-
dation coefficient (Q?=0.66) and also a high coefficient of
determination (R*=0.99) validated by using decoy data set
and enrichment study. Contour plot analysis exposed essen-
tial pharmacophoric features necessary for ParE inhibition.
The results demonstrated that the ligands 1-33 occupied the
N-terminal domain of binding pocket and showed hydropho-
bic, electrostatic, and hydrogen bonding interactions with
Asp68, Asn41, Argl31, Thr162, Gly72 and Glu45 residues
of the ATP-binding pocket. Further, from the binding free
energy calculation, Van der Waals energy is observed to be
the major contributor, whereas coulombic energy moder-
ately favours the binding. From the 50 ns MD simulation
trajectory analysis, the pose of 16/4HY 1 complex exhibited
similar modes of interactions which are in well agreement
with XP-docking results. Hydrogen bonding, hydrophobic,
m-cationic interactions played an essential role in the ligand
stabilization during MD study. Trajectory clustering dis-
played low (RMSD = 0.65A) with the conformational struc-
ture of 16 after MD simulation study. Model DHHRR _1 was
used for in silico high throughput virtual screening against
chemical database library. Further, these hits were subjected
to extra-precision docking and binding free energy calcula-
tion by the MM-GBSA approach. Ten virtual hits HI-H10
with high binding affinity against 4HY 1 are identified.
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