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Abstract
Virtual screening is a useful in silico approach to identify potential leads against various targets. It is known that carbapenems
(doripenem and faropenem) do not show any reasonable inhibitory activities against L,D-transpeptidase 5 (LdtMt5) and also an
adduct of meropenem exhibited slow acylation. Since these drugs are active against L,D-transpeptidase 2 (LdtMt2), understanding
the differences between these two enzymes is essential. In this study, a ligand-based virtual screening of 12,766 compounds
followed by molecular dynamics (MD) simulations was applied to identify potential leads against LdtMt5. To further validate the
obtained virtual screening ranking for LdtMt5, we screened the same libraries of compounds against LdtMt2 which had more
experimetal and calculated binding energies reported. The observed consistency between the binding affinities of LdtMt2 validates
the obtained virtual screening binding scores for LdtMt5. We subjected 37 compounds with docking scores ranging from − 7.2 to
− 9.9 kcal mol−1 obtained from virtual screening for further MD analysis. A set of compounds (n = 12) from four antibiotic
classes with ≤ − 30 kcal mol−1 molecular mechanics/generalized born surface area (MM-GBSA) binding free energies (ΔGbind)
was characterized. A final set of that, all β-lactams (n = 4), was considered. The outcome of this study provides insight into the
design of potential novel leads for LdtMt5.
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Introduction

The alarming rise of multi and extensively drug-resistant tuber-
culosis (TB) has become a serious global health threat [1]. The
emergence of resistant strains is partly due to poor patient com-
pliance to the extensive treatment regimen [2, 3]. Thus, the iden-
tification of new anti-TB leads, particularly LdtMt5, that can short-
en the treatment regimen and target the resistant TB strains is
urgently needed.Mycobacterium tuberculosis possesses a pepti-
doglycan (PG) layer that encapsulates the cytoplasmic mem-
brane and is essential for cellular growth and viability [4]. The
peptidoglycan structure of Mycobacterium tuberculosis (M.tb)
from a stationary-phase culture revealed a high content (80%)
of non-classical 3→ 3 cross-links generated by L,D-
transpeptidation [5]. The classical 4→ 3 cross-links are predom-
inantly formed by the D,D-transpeptidation activity of penicillin-
binding proteins (PBPs) during the exponential phase of growth
[6–9]. L,D-transpeptidases (Ldts) and PBPs are structurally
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similar [10] and contain the catalytic active sites with cysteine
and serine residues, respectively [11]. Five Ldt paralogues have
been identified forM.tb, LdtMt1, to LdtMt5. Reported experimen-
tal and theoretical studies revealed that both LdtMt1 and LdtMt2

can be inactivated by carbapenems, a class of β-lactam antibi-
otics [5, 6, 8, 12, 13]. These two enzymes, also have distinct
functions in vivo [5, 9]. It has been shown that LdtMt1 may have
a role in adaptation to the non-replicative state of the bacilli [5],
while LdtMt2 is essential for virulence in a mouse model of acute
infection [9]. ForM.tb, LdtMt5 is required for properly maintain-
ing cell wall integrity [4] and a more recent study also revealed
that four L,D paralogues, with the exception of LdtMt3, are active
in in vitro peptidoglycan cross-linking assays, and that all but
LdtMt5 are inhibited by carbapenems [7].

The single crystal X-ray structure of the extra-cellular portion
of LdtMt5 was recently published [4]. Modest enhancement in
susceptibility of M.tb to certain carbapenems (doripenem and
faropenem) was observed presumably due to synthetic lethality,
as these β-lactams may inactivate other targets. Meanwhile, a
meropenem-adduct crystal structure was reported which supports
the idea that very slow acylation of LdtMt5 occurs overmany days.
The structures of apo-LdtMt5 and its meropenem-LdtMt5 adduct
(Fig. 1) demonstrate that, despite the overall structural similarity
to LdtMt2, the LdtMt5 active site residues are different [4].

The presence of a structurally divergent catalytic site and a
proline-rich C-terminal subdomain suggests that this protein
may have a distinct role in PG metabolism, perhaps involving
other cell wall–anchored proteins. Also, M.tb lacking a func-
tional copy of LdtMt5 displays aberrant growth and is more
susceptible to killing by osmotic shock, select carbapenem
antibiotics and crystal violet [4]. The β-lactam and
oxazolidinone compounds will most likely be able to form
covalent bonds with the catalytic cysteine of LdtMt5 probably
due to the carbonyl and amide functional group in the struc-
tural backbone. Hence, in case any promising inhibitors from
the other classes are identified, they will most likely act as
competitive [14] inhibitors.

Carbapenems gave insignificant binding of LdtMt5 experimen-
tally using isothermal titration calorimetry (ITC). Carbapenems
are considered the last-resort antibiotics to treat resistant bacterial
infections in humans [15–23]. This fact motivated us to perform a
virtual screening of five classes of known TB antibiotics (Fig. 1).
Virtual screening with both AutoDock Vina and Schrödinger
Maestro software programs was performed as a benchmark for
the automated docking. Molecular dynamics and binding free
energy studies were performed on each of the screened com-
pounds from the five classes of anti-TB agents. To the best of
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Fig. 1 The rendering of MERO-LdtMt5 crystal X-ray structure (PDB
code: 4ZFQ). Shown is a β-hairpin flap (312–330), Lc loop (338–358)
and active site pocket in CPK form [HIS287 (342), THR302 (357),
ASN303 (358), and CYS305 (360)] and meropenem (inhibitor) in stick

form [4] (top) and the 2D scaffold structures of (1) β-lactam, (2)
diarylquinoline, (3) oxazolidinone, (4) rifamycin, and (5) quinolone clas-
ses of TB antibiotics (bottom)
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our knowledge, a computational model to identify and rank the
different anti-TB agents against LdtMt5 has not yet been reported.

Materials and methods

The following in silico approaches were used to screen five
classes of known TB antibiotics (Fig. 1) against LdtMt5. The
automated docking process was performed using Autodock
Vina [24] and Schrödinger Maestro [25] programs which im-
plement the quasi-flexible docking method to perform the
screening [26]. The docked energies followed by visual in-
spection of the inhibitor pose were performed to ensure the
close proximity of the selected compounds with the catalytic
cysteine. This was followed by molecular dynamics
simulations/MD trajectory analyses using CPPTRAJ module
[27] implemented in Amber 14 [28] package on GPU-
accelerated PMEMD engine.

System preparation

The 3D crystal structure of the meropenem-bound LdtMt5

(PDB code: 4ZFQ [4]) was retrieved from the Protein Data
Bank [29]. The missing residues (the β-hairpin flap is missing
having the loop LC and the ex-CTSD being disordered) [4] of
the LdtMt5 enzyme were refined using MODELLER v9.15
[30]. Assignment of the protonation states of the enzyme

residues at pH = 7 was performed by recalculating the stan-
dard pKa values of the titratable amino acids using the empir-
ical propKa server [31], similar to a study on LdtMt2 [32].
These protonation states of the titratable residues were used
for the virtual screening and for the subsequent modelling.

The chemical compounds used for the screening were re-
trieved from the ZINC [33] database. This database is avail-
able for free download (http://zinc.docking.org) in different
formats usable for computational studies [33]. Compounds
from five classes of known TB antibiotics were subjected for
the initial screening based on their mode of action. Each
scaffold of the five classes was drawn using the 2D Sketcher
tool implemented in ZINC GUI. A structural similarity index
of 99% was set for all compounds except for rifamycin in
which ligand mining could only be performed at a similarity
index of 50%. All the screened compounds obeyed Lipinski’s
rule [34] of drug-likeness to filter the compound molecules
and Veber’s criteria for oral bioavailability of drug candidates
[35]. The considered Lipinski’s parameters [34] are as fol-
lows: molecular weight; xlogP; net charge; rotatable bonds;
polar surface area; hydrogen donors; hydrogen acceptors; and
polar and apolar solvation (Table 1).

Virtual screening using AutoDock Vina

AutoDock Vina is a program for molecular docking and virtual
screening. The prepared 3D structure of LdtMt5 [4] in PDB for-
mat was converted to pdbqt format using raccoon [24], likewise
the library of compounds downloaded from ZINC database in
mol2 format was converted to pdbqt format. Virtual screening
using automated docking involves the preparation of the receptor
(this includes assigning of Kollman charges [36] and Gasteiger
partial charges [37] to all atoms and assignment of AD4 types to
atoms of the protein structure), ligands and a config file in which
grid center, a grid box size, and a docking run number are
assigned.AutoDock tools 1.5.6 [38]were employed to determine
the proper size of the grid box for the potential binding site for the
lead compounds and the receptor grid center was set on Cys305
(360) (active site reactive residue) [4]. The grid box was deter-
mined as the center (X = 3.9, Y =− 39.5, Z= 12.1) and dimension
(X = 45, Y = 45, Z = 45) with the grid spacing of 0.375 Å were

Table 1 Parameters set for all screened compounds which were
subjected to Lipinski’s rules and Veber’s drug-like filter

Parameter Minimum Maximum

Molecular weight (g/mol) 32 500

xlogP − 4.00 5

Net charge − 5 5

Rotatable bonds 0 10

Polar surface area (Å2) 0 140

Hydrogen donors 0 5

Hydrogen acceptors 0 10

Polar solvation (kcal mol−1) − 400 1

Apolar solvation (kcal mol−1) − 100 40

Table 2 The selected five
categories of antibacterial
compounds from ZINC database

Class Mode of action Number of screened
compounds

β-lactam Cell wall biosynthesis (inhibition of transpeptidase and
inhibition
of β-lactamase by clavulanic acid)

2707

Diarylquinoline ATP synthesis inhibition (subunit c of ATP synthase) 4309

Oxazolidinone Protein synthesis inhibition 3065

Rifamycin RNA synthesis inhibition (inhibition of RNA polymerase) 2678

Quinolone DNA synthesis inhibition (inhibition of gyrase) 7
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considered for each of the following atom types: A, C, H, HD,N,
OA, and SA representing all probable atom types in the target
enzyme. Created, finally, was a conf.txt file which includes re-
ceptor in pdbqt format, a grid center with x, y, z coordinates, a
grid box size in Å, and a docking run number of 10. The virtual
screening was carried out using the python script, VS.bash exe-
cutable on AutoDock Vina on Linux Ubuntu on a Dell CPU.
Docked results were ranked based on the binding affinities and
visual inspection to ensure an acceptable drug/enzyme interac-
tion is present. Visual inspection of the selected ligands inside the
enzymewas performed using theDiscovery Studio [39] software
program.

Virtual screening using Schrödinger Maestro

Schrödinger Maestro software program was applied for the
docking studies. Protein/ligand preparation and virtual screen-
ing were all performed in the Maestro 11.2 graphical user
interface [25]. The Protein Preparation Wizard [40] of the
Schrödinger Maestro software program was used to prepare
the 3D protein structure. The pre-processing of the protein was
performed which includes assigning of bond orders; adding of
hydrogens; creating zero-order bonds to metals; creating di-
sulphide bonds; deleting crystallographic waters beyond
5.00 Å from hetero groups; and generating hetero states using
Epik [41]: pH 7.0± 2.0. In the 3D protein structure refinement,
the alignment of H-bonds was done using PROPKA pH 7.0
and waters with less than three hydrogen bonds to non-waters
were removed. Restrained minimization was performed to
converge heavy atoms to RMSD of 0.30 Å.

The 2D structures of the compounds were imported onto
the Schrödinger Maestro project table and they were convert-
ed into a 3D model using the pre-set option. The LigPrep
module [25] was used to refine the structures using default
parameters. Ionization was performed to generate possible
states at target pH 7.0± 2.0 using Epik [41] and tautomers
were generated. The compounds were subjected to OPLS3
[42] (optimized potentials for liquid simulations) force field
for energy optimization. For ligand preparation, the system
was set to retain specified chiralities to 10 per ligand and the

Table 3 The top 10 ligands per class based on the lowest docked
energies were chosen for AutoDock Vina against LdtMt5 (The optimal
ligands in the active pocket, highlighted in blue, were selected for
further MD analysis). The docked 3D structures (PDB format) for all
the lead compounds in complex with LdtMt5 are provided as
supplementary information

Antibiotic class Ligand identity Docking score (kcal mol−1)

β-lactam

1 ZINC 01662030 − 8.4

2 ZINC 02475683 − 8.4

3 ZINC 02475684 − 8.4

4 ZINC 01662029 − 8.3

5 ZINC 02462884 − 8.3

6 ZINC 03791246 − 8.3

7 ZINC 01412853 − 8.3

8 ZINC 01385054 − 8.2

9 ZINC 01412838 − 8.2

10 ZINC 01412839 − 8.2

Rifamycin

1 ZINC 19569373 − 8.6

2 ZINC 03197606 − 8.4

3 ZINC 14828615 − 8.4

4 ZINC 01551761 − 8.4

5 ZINC 13125731 − 8.2

6 ZINC 13125732 − 8.2

7 ZINC 14693083 − 8.2

8 ZINC 15216498 − 8.2

9 ZINC 33832153 − 8.2

10 ZINC 39227187 − 8.2

Oxazolidinone

1 ZINC 03921583 − 8.7

2 ZINC 03921580 − 8.5

3 ZINC 00586642 − 8.4

4 ZINC 00003190 − 8.3

5 ZINC 00594969 − 8.3

6 ZINC 03785925 − 8.3

7 ZINC 03921504 − 8.3

8 ZINC 05774946 − 8.2

9 ZINC 03791902 − 8.2

10 ZINC 03921352 − 8.2

Diarylquinoline

1 ZINC 00022457 − 9.0

2 ZINC 00022456 − 8.7

3 ZINC 00057310 − 8.2

4 ZINC 00075863 − 8.2

5 ZINC 00097351 − 8.2

6 ZINC 00152025 − 8.2

7 ZINC 00236246 − 8.1

8 ZINC 00254016 − 8.1

9 ZINC 00118842 − 8.0

10 ZINC 00192295 − 8.0

Quinolone

Table 3 (continued)

Antibiotic class Ligand identity Docking score (kcal mol−1)

1 ZINC 80595608 − 8.0

2 ZINC 80595598 − 7.9

3 ZINC 80595612 − 7.9

4 ZINC 78317542 − 7.6

5 ZINC 80595606 − 7.6

6 ZINC 79236395 − 7.4

AutoDock Vina top-ranked docking scores were considered, and the
values are between − 7.4 and − 9.0 kcal mol−1
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output format was Maestro from Schrödinger software pro-
gram. The grid box was positioned at the center and the re-
ceptor grid center was set on Cys305 (360) (active site reactive
residue) [4] with grid spacing minimum distance of 1 Å and
maximum distance of 3.5 Å. The X, Y, and Z coordinates were
− 31.88, 23.5, and − 46.48 respectively. Default settings of
Maestro 11.2 were used for other parameters such as con-
straints, rotatable groups, and sites.

Using a predetermined receptor grid, quasi-flexible
docking [14, 26, 43] was performed via the Glide [44]
mode of Schrödinger Maestro (Schrödinger, Inc). The sys-
tem was set to resume post-docking minimization, setting
the number of poses per ligand to 5. For filtering, default
settings were employed and this includes applying the
Epik state penalty parameters [25] for docking and the
scaling of ligand van der Waals radii for non-polar atoms
using the scaling factor 0.80 [45, 46] and partial charge
cut-off 0.15 [45, 46]. Ligand docking was done using the
three incremental stages of ranking accuracy, i.e., high-
throughput virtual screening (HTVS), Glide simple preci-
sion (SP), and Glide extra precision (XP) [25]. The
docking score (Glide GScore) from Glide extra precision
(XP) was used to evaluate specific protein-ligand interac-
tions within the active site of the enzyme.

The difference with these programs lies in the docking
algorithm in which Schrödinger Maestro uses the Glide
module which employs the Monte Carlo algorithm [47]
that makes random moves and accepts or rejects each
conformation based on Boltzmann probability while
AutoDock Vina utilizes the AutoDock module. This pro-
gram applies the genetic algorithm [48], which maintains
a selective pressure towards an optimal solution, with

Table 4 The Schrödinger Maestro top ligands per class based on the
lowest Glide docking score against LdtMt5 (The optimal ligands in the
active pocket, highlighted in blue, were selected for further MD analysis).
The docked 3D structures (PDB format) for all the lead compounds in
complex with LdtMt5 are provided as supplementary information

Antibiotic class Ligand identity Docking score (kcal mol−1)

β-lactam

1 ZINC 03788344 − 9.9

2 ZINC 03788344 − 9.7

3 ZINC 03788344 − 9.4

4 ZINC 03788344 − 9.2

5 ZINC 03808350 − 8.8

6 ZINC 03788344 − 8.9

7 ZINC 03808351 − 8.7

8 ZINC 03808352 − 8.7

9 ZINC 03826440 − 8.4

10 ZINC 03826440 − 8.4

11 ZINC 03788344 − 8.4

12 ZINC 03785001 − 8.2

13 ZINC 03785029 − 8.2

14 ZINC 03808350 − 8.1

15 ZINC 03784242 − 7.9

Rifamycin

1 ZINC 06483425 − 9.3

2 ZINC 06483423 − 9.3

3 ZINC 06483425 − 9.2

4 ZINC 06483423 − 9.2

5 ZINC 13532137 − 8.0

6 ZINC 59077219 − 7.9

7 ZINC 59077220 − 7.9

8 ZINC 59077221 − 7.9

9 ZINC 59077222 − 7.9

10 ZINC 59077219 − 7.9

11 ZINC 59077220 − 7.9

12 ZINC 59077221 − 7.9

Oxazolidinone

1 ZINC 00108966 − 8.0

2 ZINC 00108966 − 8.0

3 ZINC 00108973 − 8.0

4 ZINC 00108973 − 8.0

5 ZINC 00108966 − 7.9

6 ZINC 00108966 − 7.9

7 ZINC 00108973 − 7.9

8 ZINC 00108973 − 7.9

9 ZINC 00052567 − 7.5

10 ZINC 00052568 − 7.5

11 ZINC 02512954 − 7.3

12 ZINC 02512954 − 7.2

13 ZINC 00108966 − 7.2

14 ZINC 00108966 − 7.2

Diarylquinoline

Table 4 (continued)

Antibiotic class Ligand identity Docking score (kcal mol−1)

1 ZINC 00096619 − 8.1

2 ZINC 00002447 − 7.7

3 ZINC 00002447 − 7.7

4 ZINC 00007109 − 7.5

5 ZINC 00060410 − 7.7

6 ZINC 00060410 − 7.7

7 ZINC 00060410 − 7.7

8 ZINC 00060410 − 7.7

9 ZINC 00060410 − 7.7

10 ZINC 00060410 − 7.7

Quinolone

1 ZINC 80595598 − 3.6

Schrödinger Maestro top-ranked docking scores were considered, and the
values are between − 7.2 and − 9.9 kcal mol−1 . The class Quinolone was
eliminated for further MD analysis because of its low docking score of −
3.6 kcal mol−1
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randomized information exchange permitting exploration
of the search space [26]. However, both software modules
(Glide and AutoDock) identify multiple top-ranked
docked poses per ligand. They both use hierarchical algo-
rithms that are an exhaustive systematic search for the
best ligand conformations within the protein active site;
therefore, visual inspection for one best conformation per
ligand, based on known interactions, was performed to
identify a single best conformation per ligand for MD
simulations.

Molecular dynamics simulation

MD simulations were performed to investigate the stabil-
ity and dynamics of the complexes using the AMBER 14
package on GPUs with 24 shared processors using CHPC
cluster. The ff99SB [49] force field and the general
AMBER force field (GAFF) [50] were utilized to describe
the protein and ligands, respectively. System solvation for
the complexes was performed in a 10-Å cubic box by
using the TIP3P water model. To neutralize the system
negative value, sodium ions were added accordingly.

The protein-ligand complexes were parametrized by the
Leap [50] module of Amber 14 package. All simulations
were performed using a 2-fs timestep (based on a study
with similar protein size) and the rest of the process was
also based on the same study [32]. The Particle Mesh
Ewald (PME) [51] summation method was used to calcu-
late the electrostatic forces with space cut-off of 12 Å.
Using the SHAKE algorithm [52], all bonds were
constrained to hydrogen (H) atoms. A two-stage energy
minimization process, which is characterized by 2500
steps of steepest decent minimization and 2500 steps of
conjugated gradient, was carried out to get rid of steric
clashes. The solute molecule was first restrained at
500 kcal mol−1 whereas the water molecules and the ions
were relaxed. The harmonic restraint was removed on the
second stage; thus, the whole system was relaxed. Heating
of the system to a constant temperature of 300 K was
followed with a restraint of 10 kcal mol−1 for 200 ps, to
keep the solute fixed. Density equilibration for 50 ps was
performed and MD simulations ran at a constant temper-
ature and pressure (1 atm). The LdtMt5-ligand complexes
(n = 37) were simulated for 50 ns [53]. The post-dynamics
trajectory analysis including radius of gyration (Rg) and
root mean square deviation (RMSD) was evaluated on the
top 4 β-lactams with ≥ 30 kcal/mol. In addition to that,
MD simulations (Fig. S1) were also performed in tripli-
cate with different starting structures (varying initial
atomic coordinates and velocities) [32, 54, 55] to validate
the simulations.

Binding free energy calculation

MM-GBSA is a widely accepted method to compare the
binding affinities and to gain rational insights about inhib-
itors by analysing the binding mechanism [56]. The aver-
age binding free energies (ΔGbind) of the protein-ligand
complexes were calculated for the last 10 ns using the
MM-GBSA method [57]. Counter ions and water mole-
cules were removed. Entropy penalty (-TΔS) for the com-
plexes was obtained using normal mode analysis (nmode).
The PTRAJ and CPPTRAJ modules [27] were used to
analyse the MD trajectories.

Results and discussion

Data set preparation

A total of 12,766 antibacterial lead compounds in five catego-
ries listed in Table 2 were derived from ZINC database and
were screened.

Fig. 2 Virtual screening workflow to the ten final lead compounds and
further elucidation on four most potent β-lactams
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Ligand-based virtual screening and docking

Structural parameters were set to filter the compounds for
screening based on Lipinski’s rule-of-five (Table 1). Virtual
screening of ligands was performed on a set of 98 docked
poses and then considered for further visual inspection of the
interaction [14] to determine the optimal ligand conformation
per compound in the active pocket of LdtMt5. A total of 46 top-
ranked poses were obtained using AutoDock Vina (Table 3)
and 52 from Schrödinger Maestro (Table 4). From there, a
total of 37 compounds (13 from AutoDock Vina, Table 3
and 24 from Schrödinger Maestro Table 4) were selected for
MD simulations and binding free energy calculations. Twelve
out of the 37 compounds showed favourable binding energies
greater than 30.0 kcal/mol. Further MD analysis was then
carried out on the most potent 4 β-lactams with the binding
free energies of ≥ 30.0 kcal/mol. Figure 2 shows the virtual
screening workflow down to identify the final 4 potential β-
lactam compounds.

The docking (consensus) scores for AutoDock Vina of the
10 top-ranked compounds across all classes lie between − 7.4
and − 9.0 kcal mol−1 (Table 3). The Schrödinger Maestro top-
ranked docking scores were also considered, and the values
are between − 7.2 and − 9.9 kcal mol−1 (Table 4). The docking
scores of both software programs seem to be within the same
range and both software programs optimize the ligand confor-
mation during docking.

Binding free energy analysis

Our group has reported that MD studies provide comparable
binding free energies for LdtMt2 with several inhibitors [32]
to experiment. Based on the calculated docking scores, the
complexes showing the best score and best ligand conforma-
tions within the protein active site were subjected to further
molecular dynamics simulations using the AMBER 14 pack-
age. Similar protocol was carried out by John et al. and Islam
et al. [53, 58]. With a cut-off-predicted binding energy
(ΔGbind) of ≤ − 30 kcal mol−1, a final set of lead compounds
(n = 12) (marked in bold) from four antibiotic classes was
selected from Tables 5 and 6.

Two different classes of compounds were obtained as the
best binders from utilizing the two docking programs.
AutoDock Vina identified two lead compounds in terms of
highest binding, both monobactams and these compounds
showed greater predicted binding energies compared to the
three carbapenems which were identified using Schrödinger
Maestro (Table 7). The percentage of molecules saved during
HTVS, SP Docking, XP Docking output respectively for each
class of compounds is presented in Table S2.

The final set of compounds (n = 12) had all parameters
within Lipinski’s and Veber’s constraints of drug-likeness
(Table 8). It is noteworthy that all the screened compounds
revealed a topological polar surface area (tPSA) > 150 Å2,
which is an indication of a high bioavailability [59].

Table 5 Binding free energies and their corresponding components for compounds against LdtMt5 screened by AutoDock Vina using the AMBER 14
package. The docked 3D structures (PDB format) for all the lead compounds in complex with LdtMt5 are provided as supplementary information

ZINC ID ΔEvdw ΔEele ΔGgas ΔGpolar ΔGnon-polar ΔGsolvation -TΔS ΔGbind

β-lactam

02475683 − 62.39 − 13.86 − 76.26 33.30 − 7.17 26.13 − 15.32 − 50.12

02462884 − 55.23 − 6.56 − 61.79 20.95 − 6.37 14.58 − 22.80 − 47.21

03791246 − 28.02 − 139.32 111.30 − 126.03 − 3.53 − 129.56 − 15.97 − 18.26

Rifamycin

14693083 − 43.81 − 9.19 − 53.00 26.13 − 4.02 22.11 − 12.88 − 30.89

13125731 − 32.74 − 8.25 − 40.99 21.78 − 3.29 18.50 − 14.19 − 22.50

13125732 − 28.82 − 4.69 − 33.50 18.10 − 2.92 15.18 − 16.11 − 18.32

Oxazolidinone

00003190 − 36.88 − 2.95 − 39.82 14.31 − 4.19 10.12 − 21.83 − 29.71

05774946 − 27.29 − 3.30 − 30.59 11.56 − 3.55 8.00 − 17.04 − 22.58

00594969 − 18.28 − 1.02 − 19.30 8.48 − 2.25 6.23 − 19.08 − 13.07

Diarylquinoline

00022456 − 49.94 − 6.26 − 56.20 15.94 − 5.44 10.50 − 20.66 − 45.70

00022457 − 48.58 − 9.79 − 58.37 22.60 − 5.36 17.24 − 7.89 − 41.13

00192295 − 34.01 − 2.33 − 36.35 14.32 − 3.21 11.10 − 14.01 − 25.25

Quinolone

79236395 − 18.16 − 134.36 − 152.50 143.18 − 2.05 141.13 − 19.58 − 11.38

78317542 − 20.75 − 274.87 − 295.61 287.88 − 2.59 285.30 − 24.24 − 10.31

Compounds in italics are the best binders within the − 30 kcal mol−1 ≤ screening threshold and compounds in normal text are below the threshold
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In light of the experimentally reported covalently bound inter-
actions between L,D-transpeptidases and β-lactams, the subse-
quent section of this study focuses on better understanding of
the binding interactions between the β-lactam class and LdtMt5.
To validate the virtual screening ranking and to compare the bind-
ing affinities, selected carbapenems known to inhibit LdtMt2 were
screened for both LdtMt2 and LdtMt5 (Table 9). According to the
consistent trend observed in Table 9 in terms of binding energies,
the docking scores obtained seem to be valid.

Trajectory analyses of β-lactam-LdtMt5 complexes

Root mean square deviation analysis

RMSD is a measure of accuracy, comparing the differences
between predicted values and observed values of a model

[62]. The average values of the β-lactam-LdtMt5 complexes
(A–D) (Fig. 3) are 1.91, 1.44, 1.40, and 1.25 Å respectively
which lies in the accepted range of < 2.5 Å [14] for stable
simulation.

The RMSD of the protein backbone and that of the ligand
are presented in Figs. S2 and S3 respectively. In particular, a
small and steady evolution of the ligand RMSD plot shows the
stability of the ligands in the active sites during the simulation
time.

Analysis of the radius of gyration

The radius of gyration is defined as the moment of inertia of
the C-α atoms from its center of mass and it is used as an
indicator of structural compactness of the protein-ligand com-
plex [63, 64]. Figure 4 shows the Rg plots for the β-lactam-

Table 6 Binding free energies and their corresponding components for compounds screened by Schrödinger Maestro using the AMBER 14 package.
The docked 3D structures (PDB format) for all the lead compounds in complex with LdtMt5 are provided as supplementary information

ZINC ID ΔEvdw ΔEele ΔGgas ΔGpolar ΔGnon-polar ΔGsolvation -TΔS ΔGbind

β-lactam

03784242 − 26.42 − 124.13 − 150.55 132.76 − 3.62 129.15 − 21.56 − 21.41

03785029 − 22.24 − 154.94 − 177.18 162.34 − 3.41 158.92 − 13.59 − 18.26

03785344 − 25.05 − 389.20 − 414.24 398.98 − 3.82 395.16 − 25.02 − 19.08

03785001 − 22.02 − 151.36 − 173.38 156.78 − 3.39 153.39 − 24.42 − 19.99

03808350 − 26.82 − 135.48 − 162.30 148.03 − 4.20 143.82 − 18.20 − 18.47

03808351 − 36.95 − 199.77 − 236.72 197.99 − 4.93 193.06 − 20.83 − 43.66

03808352 − 34.19 − 181.75 − 215.93 186.83 − 5.20 181.63 − 27.31 − 34.31

03826440 − 17.00 − 187.78 − 204.77 185.99 − 3.22 182.77 − 22.75 − 22.00

Rifamycin

06483423 − 38.83 − 13.74 − 52.57 26.44 − 4.38 22.06 − 18.46 − 30.51

06483425 − 43.36 − 4.38 − 47.74 16.48 − 5.23 11.24 − 15.33 − 36.50

13532137 − 43.36 − 11.64 − 55.00 25.37 − 5.23 20.14 − 18.39 − 34.87

59077219 − 10.14 − 46.00 − 56.16 50.52 − 1.82 48.70 − 15.97 − 7.45

59077220 − 14.16 − 159.16 − 173.34 164.83 − 2.77 162.07 − 22.80 − 11.27

59077221 − 18.66 − 94.97 − 113.65 103.45 − 3.24 100.20 − 21.54 − 13.44

59077222 − 14.33 − 188.31 − 202.66 177.90 − 2.59 175.31 − 24.29 − 27.35

Oxazolidinone

00052567 − 27.59 − 315.93 − 343.52 325.15 − 4.13 321.02 − 14.91 − 22.50

00052568 − 29.90 − 316.17 − 346.06 323.26 − 3.99 319.27 − 17.54 − 26.79

00108966 − 24.67 − 3.59 − 28.26 12.19 − 3.10 9.09 − 19.08 − 19.17

00108973 − 41.00 − 2.10 − 43.10 11.79 − 4.67 7.11 − 10.25 − 35.98

02512954 − 24.83 − 286.16 − 310.99 294.22 − 3.88 290.34 − 17.38 − 20.65

Diarylquinoline

00002447 − 44.25 − 262.29 − 306.55 277.55 − 5.66 271.89 − 14.10 − 34.65

00007109 − 30.08 − 5.67 − 35.75 14.03 − 3.46 10.57 − 12.81 − 25.18

00060410 − 28.62 − 4.15 − 32.78 11.46 − 3.64 7.83 − 11.78 − 24.95

00096619 − 31.93 − 6.65 − 38.57 16.66 − 3.95 12.71 − 16.85 − 25.86

Compounds in italics are the best binders within the − 30 kcal mol−1 ≤ screening threshold and compounds in normal text are below the threshold
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Table7 Identified lead compounds with their antibacterial class, ZINC ID, calculated binding energies and the corresponding chemical structure,
twelve in total. The docked 3D structures (PDB format) for all the lead compounds in complex with LdtMt5 are provided as supplementary information

Class ZINC ID ∆Gbind (kcal mol−1) Structure

β-lactam 02475683 -50.12

02462884 -47.21

03808351 -43.66

03808352 -34.31

Diarylquinolone 00022456 -45.70

00022457 -41.13
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00002447 -34.65

Oxazolidinone 00108973 -35.98

Rifamycin 06483423 -30.51

06483425 -36.50

13532137 -34.87

14693083 -30.89

Compounds in bold were screened by AutoDock Vina [24] and compounds in normal text were screened by Schrödinger Maestro [25]
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LdtMt5 complexes over a 50ns trajectory. The average Rg
values for complex A (02475683-LdtMt5), B (02462884-
LdtMt5), C (03808351-LdtMt5), and D (03808352-LdtMt5) re-
veal great overall similarity. The values are 29.38, 29.48,
29.68, and 30.46 Å respectively.

Binding free energy (ΔGbind) analysis of β-lactam-LdtMt5

complexes

In this study, the calculated binding energies of β-lactam de-
rivatives (meropenem and imipenem) against LdtMt2 from pre-
vious studies [32, 55] were used to validate the selection of
lead compounds which demonstrated the best binding affinity
for LdtMt5. We hereby calculated the binding free energies
(ΔGbind) of the selected β-lactam-LdtMt5 complexes using
the MM-GBSA method by extracting 1000 snapshots at

10 ps interval from the last 10 ns production MD trajectories.
The entropy (-TΔS) contributions were calculated using nor-
mal mode analysis [65, 66] by extracting 100 snapshots from
the MD trajectories. The contributing binding compo-
nents upon complexation, namely, ΔEvdw, ΔEele,
ΔGgas, ΔGpolar, ΔGnonpolar, and ΔGsolvation are shown
in Table 10. The results reveal binding free energies
of − 50.12 kcal mol−1 and − 47.21 kcal mol−1 for com-
plex A (02475683-LdtMt5) and complex B (02462884-
LdtMt5) respectively. The binding free energies of com-
plexes C (03808351-LdtMt5) and D (03808352-LdtMt5)
are − 43.66 kcal mol−1 and − 34.31 kcal mol−1. It was
observed that compounds with a greater binding affinity
(A and B) are characterized by a more negative van der
Waals value and they are less electronegative as com-
pared with the other compounds (C and D).

Residue-inhibitor interaction analysis

To further elucidate the possible intermolecular hydrogen
bonding and electrostatic interactions between β-lactam-
LdtMt5 complexes, we used the LigPlot program [67]. The
active site of LdtMt5 is defined by four conserved residues
[His287 (342), Thr302 (357), Asn303 (358), and Cys305
(360)] [4]. Figure 5 shows the schematic representations of
core amino acid residue interaction modes between the β-
lactam compounds (A–D) and LdtMt5. It is important to note
that the residue-inhibitor interaction of compound A with
LdtMt5 demonstrates close hydrogen bond interaction be-
tween the ligand and two active site residues Asn303 (358)

Table 8 Drug-like properties of the 12 potential leads from the ZINC database

ZINC ID xlogP Apolar desolvation
(kcal mol− 1)

Polar desolvation
(kcal mol− 1)

H bond
donors

H bond
acceptors

Net
charge

tPSA
(Å2)

Molecular weight
(g mol− 1)

Rotatable
bonds

*02475683 4.37 11.33 − 14.54 0 10 0 124 489.415 4

*02462884 4.53 12.58 − 14.66 0 8 0 105 445.406 4

*03808351 − 0.76 − 8.64 − 92.33 4 7 0 117 342.417 5

*03808352 − 0.76 − 8.61 − 86.43 4 7 0 117 342.417 5

ˠ00022456 4.06 1.31 − 14.65 0 5 0 64 324.343 2

ˠ00022457 4.49 1.62 − 14.46 0 5 0 64 338.37 2

00108973 0.69 − 1.15 − 18.45 1 6 0 67 267.329 4

00002447 1.43 − 1.02 − 53.74 4 6 1 96 333.408 7

06483423 0.98 − 7.89 − 15.73 5 8 0 136 334.28 3

06483425 0.98 − 7.88 − 15.31 5 8 0 136 334.28 3

13532137 0.92 − 3.03 − 13.32 5 7 0 127 318.281 2

14693083 3.22 5.51 − 13.4 2 6 0 97 328.32 0

Compounds in italics were screened by AutoDock Vina and compounds in normal text were screened by Schrödinger Maestro

*β-lactam

Diarylquinoline

Oxazolidinone

Rifamycin

Table 9 Comparison of the calculated binding energies for
carbapenems on LdtMt5 against the calculated and experimental [60, 61]
binding energies for LdtMt2

Carbapenem LdtMt2 ΔGexp

(kcal mol− 1)
LdtMt2 ΔGdocked

(kcal mol− 1)
LdtMt5 ΔGdocked

(kcal mol− 1)

Biapenem − 9.0[60] − 6.7 − 6.2

Imipenem − 9.8[61] − 6.5 − 5.5

Meropenem − 8.2[61] − 7.1 − 6.3

Tebipenem − 9.4[60] − 6.6 − 6.0

The ZINC IDs for biapenem, imipenem, meropenem, and tebipenem are
03784073, 03830927, 03808779, and 04072129 respectively
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and Cys305 (360), which can be a possible explanation for
the highest binding free energy observed. Compound B inter-
acts with the residue Asn263 (318) and a water molecule
which is within the active site (Fig. 5). The binding free

energies (Table 10) of both compounds (A and B) are within
the same range. Common between the other two compounds
(C and D) is the interaction with residue Arg242 (297) and
Gly304 (359). Compound C has other interactions with

Fig. 3 Time evolution of the root
mean square deviation (RMSD)
of the β-lactam-LdtMt5 complexes
of (A) 02475683-LdtMt5 (black),
(B) 02462884-LdtMt5 (red), (C)
03808351-LdtMt5 (green), and
(D) 03808352-LdtMt5 (blue) dur-
ing 50ns MD trajectories. The
docked 3D structures (PDB for-
mat) for all the lead compounds in
complex with LdtMt5 are provided
as supplementary information

Fig. 4 The radius of gyration
(Rg) of the β-lactam-LdtMt5 com-
plexes of (A) 02475683-LdtMt5

(black), (B) 02462884-LdtMt5

(red), (C) 03808351-LdtMt5

(green), and (D) 03808352-
LdtMt5 (blue) during 50-ns MD
trajectories. The docked 3D
structures (PDB format) for all the
lead compounds in complex with
LdtMt5 are provided as supple-
mentary information

Table 10 Calculated binding free energies and their corresponding components for the selected β-lactam-LdtMt5 complexes using the AMBER 14
package. The docked 3D structures (PDB format) for all the lead compounds in complex with LdtMt5 are provided as supplementary information

Compound ZINC ID ΔEvdw ΔEele ΔGgas ΔGpolar ΔGnonpolar ΔGsolvation -TΔS ΔGbind

A 02475683 − 61.93 − 14.22 − 76.16 33.47 − 7.14 26.34 − 15.32 − 50.12

B 02462884 − 55.30 − 6.57 − 61.88 20.97 − 6.36 14.61 − 15.97 − 47.21

C 03808351 − 36.95 − 199.77 − 236.72 197.99 − 4.94 193.06 − 20.83 − 43.66

D 03808352 − 34.19 − 181.75 − 215.93 186.83 − 5.20 181.63 − 27.31 − 34.31

Compounds in italics were screened by AutoDock Vina and compounds in normal text were screened by Schrödinger Maestro
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residues Glu284 (339), while compound D also interacts with
Val244 (299) (Table 10). Both compounds are unique in that
they interact with non-active site residues.

Results from virtual screening and docking studies demon-
strated that several lead compounds from different classes of
antibiotics potentially tend to bind to the active pocket of
LdtMt5. The binding free energies also demonstrate favourable
binding potential of our lead compounds. It is known that β-
lactams, specifically carbapenems, form covalent bonds with

the catalytic cysteine (305) residue of LdtMt5 due to the car-
bonyl functional group in the structural backbone. However,
results from the model as highlighted by the residue-inhibitor
interaction analysis seem to suggest that other compounds
may interact differently with LdtMt5. Instead of forming cova-
lent interactions, other potential inhibitors of LdtMt5 may per-
form competitive inhibition instead. It is also important to note
that the closer the inhibitor interacts with the active site resi-
dues, the higher the binding affinity it may have, as

Fig. 5 2D schematic representations of the hydrogen bond interactions
between LdtMt5 residues and the selected β-lactam compounds, ZINC ID
(A) 02475683, (B) 02462884, (C) 03808351, and (D) 03808352. All

structures are average conformations generated from the last 10-ns snap-
shots of each MD system
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demonstrated by compound A (Fig. 5). This is also supported
with the per-residue decomposition energy obtained through
MM-GBSA calculations showing interactions with binding
residues and some other important residues reported experi-
mentally [4] (Fig. S4).

Conclusions

In this study, virtual screening of compounds from the
ZINC database against LdtMt5 was investigated with
AutoDock Vina and Schrödinger Maestro software pro-
grams. The obtained docking scores presented a reason-
able number of lead compounds which can be utilized as
potential drug candidates against LdtMt5. Despite the lack
of overlap on the screened compounds using these two
different software programs, both provided reasonable
binding scores. The observed exclusiveness of each pro-
gram to a certain class of compounds strongly suggests
that the effectiveness of a computational technique is sub-
ject to the software program utilized. To improve the
chances of getting a Blead compound^, different programs
with alternative search algorithms need to be employed
for the screening of compound libraries. It is essential to
verify virtual screening results with MD free energy cal-
culations as was demonstrated before [14]. The screened
lead compounds were subjected to the MM-GBSA ap-
proach. A set of compounds (n = 12) from four antibiotic
classes with ≤ − 30 kcal mol−1 was obtained.

The computational model presented in this study is robust
in that its accuracy was validated at both the docking stage as
well as the MD simulation stage. Such benchmarking offers
baseline comparisons of experimental and computational data
from a paralog of the enzyme under study which brings about
comparable extrapolations applicable to the natural system.
The model as expressed through the docking affinities and
binding energy calculations from MD simulations, demon-
strated strong binding ligands. It should also be noted, how-
ever, that the residue-inhibitor interaction analysis further re-
vealed that apart from the already known interactions, other
compounds interact with other active site residues of the tar-
get. This certainly paves the way to explore other β-lactam
binding mechanisms and expresses the importance of molec-
ular dynamics simulations in revealing other possible interac-
tions within the active site of other transpeptidases. We there-
fore conclude that pharmacophore-based virtual screening
and molecular dynamics simulations are essential tools which
will continue to play a significant role in drug design and
identification of novel ligands.
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