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Tuberculosis is still one of the top 10 causes of death worldwide, particularly with the emergence of
multidrug-resistant tuberculosis. As the most effective first-line anti-tuberculosis drug, pyrazinamide also
develops resistance due to the mutation in the pncA gene. Among these mutations, seven mutations at
positions F94L, F94S, K96N, K96R, G97C, G97D, and G97S are classified as high-level resistance
mutations. However, the resistance mechanism of Mtb to PZA (pyrazinamide) caused by these mutations
is still unclear. In this work, we combined molecular dynamics simulation, molecular mechanics/
generalized-Born surface area calculation, principal component analysis, and free energy landscape
analysis to explore the resistance mechanism of Mtb to PZA due to F94L, F94S, K96N, K96R, G97C,
G97D, and G97S mutations, as well as compare interaction changes in wild-type and mutant PZA-bound
complexes. The results of molecular mechanics/generalized-Born surface area calculations indicated
that the binding free energy of PZA with seven mutants decreased. In mutant systems, the most
significant interactions with His137 and Cys138 were lost. Besides, PCA and FEL confirmed significant
variations in the protein dynamics during the simulation specifically by altering the Fe?* binding and its
destabilization. Furthermore, mutants also flipped the B-sheet 2, which also affects the binding of Fe?*
and PZA. In the G97D mutant, reported as most lethal, mutation causes the binding pocket to change
considerably, so that the position of PZA has a large movement in the binding pocket. In this study, the
resistance mechanism of PZA at the atomic level is proposed. The proposed drug-resistance mechanism
will provide valuable guidance for the design of anti-tuberculosis drugs.

Introduction

Drug resistance is a significant challenge for potent drugs
ineffective in the TB therapy. Pyrazinamide (PZA) is a core drug
used in Mycobacterium tuberculosis (hereafter called Mtb)
treatment. It has a proven synergistic effect along with rifampin
(RIF) and isoniazid (INH) to shorten the Mtb treatment duration
span from 9 to 6 months." Due to the complex underlying
mechanism and complicated molecular basis, drug resistance
by Mtb is of great concern. Bacterial pyrazinamidase enzyme
(PZase) converts PZA into its active form pyrazinoic acid (POA),?
which inhibits the Mtb growth at low pH values.” POA mainly
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targets the vital RpsA ribosomal protein S1 of M. tuberculosis.* It
also inhibits the fatty acid biosynthesis pathway by down-
regulating the FASI gene expression.* POA also binds to aspar-
tate decarboxylase (PanD)and inhibits the mycobacterial
coenzyme A biosynthesis.? PZase is encoded by the pncA gene of
Mycobacterium tuberculosis (Mtb). Among predisposing genetic
factors, the pyrazinamide resistance is driven by mutations in
pyrazinamidase (pncA), which hinder the drug activation.®”
Genotypic prediction suggests high sensitivity (91.3%) in pyr-
azinamide resistance due to mutations in the upstream of the
pncA gene.*® Previous observations also suggest pncA muta-
tions as significant (72-99%) contributors to the PZA resis-
tance.’ The pncA gene is a potent antibiotic target and is absent
in mammals.

Mutations in PZase span from the coding region to the
promoter region. Unlike other drugs, the INH and PZA drug
resistance is more restricted to a specific small genomic region.
Previously, Miotto et al. presented a comprehensive grading of
mutations in the Mtb multi-drug-resistant.'® In this study, seven
high-confidence re-current mutations in the metal binding site
and PZA binding of PZase, namely F94L, F94S, K96N, K96R,
G97C, G97D, and G97S were studied. These mutations
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dramatically affect the enzyme activity, and they were observed
in the majority of investigations. The three-dimensional struc-
ture of PZase consists of six parallel B-sheets surrounded by a-
helices.™ In the present study, we tried to analyze the molecular
mechanism behind the PZA drug resistance in each mutation,
namely, F94L, F94S, K96N, K96R, G97C, G97D and G97S.
Mutations occurring in the pncA gene are associated with
structural changes and are ultimately linked to pyrazinamide
(PZA) resistance."” In this regard, in silico techniques such as
molecular docking and MD simulation were widely utilized to
study protein dynamics in various environments.*'* Compu-
tational methods are of great interest to explore biological
mechanisms such as drug binding,"”” DNA/RNA dynamics, and
interaction and protein dynamics feature determination.'®*®
They unveil conformational changes caused during the binding
of the drug and target protein.?** Previous studies have also
reported the drug resistance mechanism in Mycobacterium
tuberculosis.”

In order to better explain the resistance mechanism, we
analyzed mutations already known to have a stronger effect on
the structure and function of the protein. The wild-type and
mutant pncA interactions were studied to differentiate between
the conformational changes in the presence of PZA. MD simu-
lation of 200 ns was carried out to unveil the mechanism of drug
resistance and conformational changes in PZase caused by
these mutations. Native and mutant PZases in both the apo and
PZA bound states were studied. The AutoDock Vina was used to
dock PZA in the WT and three mutant PZases. The resultant
conformation from the AutoDock was subjected to energy
minimization. Subsequently, the minimized structures were
simulated using the AMBER14 software package. Moreover, we
performed multiple analyses on wild-type and mutants to know
the role of these mutations in the mechanism of PZA resistance.
Such investigations will aid in the better understanding of TB
diagnosis, drug resistance mechanisms, and future therapeutic
designs.

Material and methods
Retrieval of PZase and PZA

The three-dimensional structure of the PZase enzyme from
Mycobacterium tuberculosis was retrieved from the PDB data-
bank using the PDB ID 3PL1." The structure was checked for
any missing atoms and chain breaks. The crystal water mole-
cules were removed from the structure. The MOE structure
preparation module was used to assign a correction protonation
state and add any missing atoms. As there is no mutant crystal
structure available for PZase, the PyMOL software was used to
create PZase mutants.” The mutagenesis module was used with
default parameters to generate each mutant. The structure of
the PZA molecule was downloaded from the PubChem database
with accession ID CID1046.

Molecular docking

The structure of the PZA molecule was downloaded in the 2D
format from the PubChem database. The Open Babel software,
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version 8, was used to minimize the structure. To minimize the
structure of the PZA molecule, universal force field was used.
For the optimization purpose, the conjugate gradient algorithm
was used. The minimized and optimized structure of PZA was
docked into the binding pocket of the PZase enzyme using the
AutoDock server.? The default value for cluster RMSD, 4 A, and
the docking type were set to the protein-small ligand as the
analysis parameter. The resultant top scoring complexes were
subjected to molecular dynamics simulation using the Amber14
software. For interaction visualization molecular operating
environment (MOE).*

Molecular dynamics simulation

Molecular dynamics simulation was performed to check the
stability of the PZA molecule in the active site of wild-type PZase
and mutant PZase. Amber14 was used for MD simulation.*®
FF14SB force field was used to define the protein. Eight systems
WT, F94L, F94S, K96N, K96R, G97C, G97D, and G97S were
subjected to MD simulation. Each system was solvated in
a rectangular shape water box with a TIP3P water molecule.
Subsequently, the counter ions were added to neutralize each
system. The two steps of the energy minimization protocol were
employed to remove the bad clashes in the system. In the first
step, the steepest descent algorithm was used for 6000 cycles. In
the second step, the conjugate gradient algorithm was used for
3000 cycles. After minimization, each system was heated up to
300 K. Subsequently, each system was equilibrated in two steps:
in the first step, the systems were equilibrated at a constant
pressure of 1 atm with a weak restraint. In the second step, the
system was equilibrated without any restraint. Finally, the
production step was run for 100 ns. The temperature of the
system was controlled with a Langevin thermostat.”” The long-
range electrostatic interaction was treated with the particle
mesh Ewald algorithm with a cutoff distance of 10.0 A.”® The
SHAKE algorithm was used to treat the covalent bond.* The
GPU-supported PMEMD.CUDE performed the production step
of molecular dynamics simulation for each system, and the
CPPTRA] package was used to analyze the trajectories in Amber
14.3°

Principal component analysis and Gibbs' free energy
calculation

Principal component analysis was carried out to capture the
high-amplitude fluctuations.*® Cpptraj package was used to
calculate the covariance matrix considering Co. Next, the
covariance matrix was diagonalized to calculate the eigenvec-
tors and eigenvalues. For high-amplitude fluctuations, the
whole trajectory containing 5000 snapshots was used. The
direction of motion is shown by the eigenvectors and the cor-
responding eigenvalues show the mean square fluctuation. The
first principal component PC1 and the second principal
component PC2 were plot against each other to monitor the
motion. The lowest energy stable state of each system was
captured through free energy landscape analysis (FEL). The
minimal energy stable state is shown by the deep valleys, while
the intermediate conformations are shown by boundaries
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between deep valleys.>* The g sham module of Gromacs was
used to construct the FEL. In the present study, the first two
principal components were used to calculate the FEL based on
the following equation:

AG(PC1, PC2) = Ky In P(PC1, PC2)

where PC1 and PC2 are the reaction coordinates, Ky the Boltz-
mann constant and P(PC1, PC2) the probability distribution of
the system along the first two principal components.

Binding affinity calculations

The binding free energy of WT and mutant PZases with the PZA
molecule was calculated through the MMPBSA.py script.**™*
The last 10 ns equilibrated trajectory containing 500 snapshots
was used to calculate the binding free energy. The binding free
energy was calculated using the following equation:
AGbind = AGcomplex - [AGreceptor - AGligand]

where AGping is the binding free energy, and AGcomplex
AGhreceptor, and AGiigana the binding free energy of the complex,
protein, and ligand, respectively. The following equation was
used to calculate the value of each component:

G = Gpond + Gele + Gyaw * Gpol + anol - TS

where Gpond, Gele, and Gyqw are the energies of bond, electro-
static, and van der Waals interactions. Gpo and Gppo show polar
and nonpolar contributions. The generalized Born (GB) implicit
solvent method with SASA was used to calculate G0 and Gppor-

Results

Binding modes of Fe** and PZA to the wild and mutant
receptors

Using PDB ID 3PL1, the crystallized apo structure PZase was
downloaded from the protein databank. Mutants F94L, F94S,
G97C, G97D, G97S, K96N, and K96R were created by means of
the mutagenesis module in the PyMOL software. All the struc-
tures were minimized prior to molecular docking to eliminate
bad contacts between the newly mutated residues and also
among other residues. Following the minimization process, the
docking process was completed. As defined previously His71,
Lys96, His137 and Cys138 were defined in the docking grid. Two
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Fig. 1 (A) PZA-bound structure of pncA. (B) Binding of Fe** and its
coordinated residues.
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residues, namely, His137 and Cys138 were reported to be
involved in hydrogen bonding interactions with the oxygen
atom of PZA. The complex structure of wild-type PZase and PZA
is given in Fig. 1(A), while the Fe*" binding pattern is given in
Fig. 1(B). In the present study, similar results were obtained.

The docking scores of all the complexes, including the
wild type and mutants, are given in Table 1. It can be seen
that the docking score for the wild type was reported to be
—5.21 keal mol . As given in Fig. 2, the interaction pattern of
the wild type is different from that of the mutants. Among the
key interactions formed by the His71 residue of the wild type
with the nitrogen atom of the main scaffold of PZA. The PZA
tail formed three interactions with Lys96, His137 and Cys138.
The binding of the wild type with PZA shows stronger inter-
actions with the most important residues. The docking score
for the F94L mutant was reported to be —4.69 kcal mol . The
only two interactions formed by F94L include His71 and
Cys138. In the case of F94S, the docking score was reported to
be —4.73 keal mol . Residues Lys96 and Tyr103 were actively
involved in the hydrogen bonding. Thus, this group of
mutations affect the binding of PZA differently than the wild
type. In the second group, three mutations G97C, G97D and
G97S were investigated. The docking score for G97C substi-
tution was reported to be —4.14 kcal mol ', with three
interactions with Lys96, Tyr103 and Cys138 residues. The
G97D mutant docking score was reported to be
—3.22 kecal mol™'. Among the total number of hydrogen
bonds formed by the G97D mutant complex includes Lys96
and Tyr103. Herein, the key interaction with Cys138 is lost.
The substitution G97S significantly affected the overall
binding of PZA. The docking score for G975,
—4.94 keal mol ', was reported with only one interaction
with Tyr103. This group of mutations significantly affected
the binding of PZA. In the case of the K96N mutant, the
docking score was reported to be —3.97 kcal mol ™", while for
K96R, the docking score was reported to be —4.26 kcal mol .
The K96N formed three key interactions with His71, Lys96
and Tyr103. The K96R mutations formed two key interactions
with Lys96 and Tyr103. Hence, the docking results confirm
that this specific substitution has an impact on the binding
of PZA. The top scorer conformations were subjected to MD
simulation to check the effect of the dynamics of the muta-
tion on the PZase structure and binding strength with the
PZA drug.

Table1 Molecular docking scores of the wild and mutant complexes.
All the energies are given in kcal mol™

S. no Complex Docking score

1 wild —5.21 keal mol™*
2 F94L —4.69 kecal mol !
3 F94S —4.73 keal mol ™t
4 G97C —4.14 kecal mol !
5 G97D —3.22 keal mol™
6 G978 —4.94 kecal mol*
7 K96N —3.97 keal mol™
8 K96R —4.26 kcal mol ™!

© 2021 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Binding patterns of the wild type and each mutant are shown. The mutants were grouped into three groups based on the substitution
position.

Dynamics stability of the wild and mutant systems mutations in place of G97, while two mutations in K96 can be
seen. In the first group, in the case of F94L, the stability fol-
lowed the same pattern as wild types until 60 ns. The RMSD
gradually increased up to 3.0 A but then suddenly decreased
and continued the same pattern until 125 ns. Later on, the
complex reported consistent perturbation, and the stability
converged significantly. It can be clearly seen that the RMSD
significantly converged after 125 ns and remained unaltered
until 200 ns. In the case of F94S, the structure showed
a continuous increase in the RMSD until 170 ns. Afterward,
significant convergence was observed. The average RMSD for
the first 150 ns remained to be 2.5 A, while for the remaining 50
ns, it increased up to 6.0 A. Thus, these two mutations (F94L
and F94S) induced structural de-stability during the simulation
and caused internal structural perturbation.

In the second group (G97C, G97D, and G97S), the mutation
recurrence occurred three times. During the 200 ns simulation
time, the complex G97C system remained stable for the first 120

The dynamic behaviour of the wild and mutant (PZA bound)
systems was accessed by the 200 ns simulation trajectory anal-
ysis. To determine the impact of mutations related to the
structure-function features, different aspects were estimated.
For the stability index, root-mean-square deviation (RMSD) of
all the systems, including the wild type and seven mutants, was
calculated. Since the start of the simulation, the RMSD of the
wild-type systems has increased up to 5 A. This trend was
observed until 25 ns. Afterward, the system equilibrated, and
the RMSD remained uniform until 200 ns. In this system (wild
type), the average RMSD was observed to be 4.5 A; however, no
significant convergence was observed. A little stability drift
between 140 and 150 ns was observed, which shows that the
wild-type system remained stable during this 200 ns simulation
time. For the mutants, we grouped the mutations based on the
residue number. Two mutations reported in place of F94, three
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Fig. 3 Dynamics stability of the wild-type and mutant systems. The x-axis shows the time in nanoseconds, while the y-axis shows RMSD in A.
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No. of Residues

Fig. 4 Residual flexibility of the wild-type and mutant systems. The x-
axis shows the total number of residues, while the y-axis shows RMSF
in A.

ns. The average RMSF for the 120 ns remained to be 2.5 A;
however, the structure reported significant convergence after-
ward. This structural perturbation remained consistent, and the
RMSD was reported to be 4.0 A. In the case of G97D, a powerful
de-stability effect was observed. For the first 10 ns, the RMSD
increased up to 2.5 A and then suddenly decreased. The systems
showed a stable pattern for 20-50 ns, but then, a great pertur-
bation was observed. The RMSD gradually increased up to 6.0 A
between 50 and 140 ns, and significant convergences were re-
ported. Between 150 and 175 ns, the RMSD decreased and
remained uniform but increased again and remained higher
until 200 ns. This result (G97D) indicates the apparent effect of
mutation-induced destabilization and, eventually, the impact
on the binding of PZA. In the case of G97S, the RMSD remained
uniform. The structure attained stability at 4.0 A; however, no
significant convergence was reported until 160 ns. Afterward,
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acceptable convergences between 160 and 200 ns with a lower
RMSD were also reported.

In the third group, two replacements for K96 were reported.
During the simulation, K96N showed a stable behaviour until
90 ns. However, a small convergence was observed between 90
and 100 ns. This system remained stable, and the average RMSD
for this complex was reported to be 2.0 A. In contrast, the K96R
system remained unstable. Initially, for the first 75 ns, the
average RMSD was reported to be 3.0 A; however, a strong
convergence between 75 and 100 ns with an increment in the
RMSD was observed. Afterward, the RMSD decreased, and
acceptable convergence until 200 was reported. RMSDs of all the
systems are given in Fig. 3.

Structural and residual flexibility of the wild-type and mutant
systems

Root-mean-square fluctuation (RMSF) of all the systems,
including the wild type and mutants, was calculated to under-
stand the residual flexibility pattern of each system. In all the
systems, a more similar pattern of flexibility was observed;
however, the differences were spotted in the flexibility values.
For the wild type, the lower RMSF values were reported. In the
case of the first 50 residues, a similar pattern of flexibility was
reported except for F94S, which showed a little higher fluctua-
tion between 25 and 35 residues. For all the systems, the region
between 50 and 75 fluctuated higher than any other region. The
complex G97D reported to be highly destabilizing was found to
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Fig.5 Structural compactness of the wild-type and mutant systems. The x-axis shows the total number of frames, while the y-axis shows Ry in A.
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Fig. 6 Fractions of the first ten eigenvectors. Using the MD trajectory,
the fraction of motions was calculated and given in percentage against
the eigenvector numbers.

have an unusual flexibility drift between 50 and 75 ns. After-
ward, no significant flexibility drift was reported. These results
significantly justify that the binding of PZA and the reported
substations differently affected the residues' internal dynamics.
RMSFs of all the systems are given in Fig. 4.

Structural compactness of the PZA-bound wild-type and
mutant systems

In order to comprehend how these complexes behaved during
the simulation time and how it impacted the structural
compactness during molecular dynamics simulation, we
calculated the radius of gyration (R,) as a function of time
(Fig. 5). Structural compactness of the wild-type and mutant
systems is a defined feature that could help us grasp our
understanding on how the internal dynamics are affected. In
the case of the wild type, the average R, value was reported to be
16.5 A. Initially, until 15 ns, the R, value increased from 15.5 A
to 17.0 A. Afterward, the R value remained flat, and with time
a gradual decrease in the R, value was observed. In the mutants,
this pattern was significantly different. As can be seen, the F94L
mutant shows a higher R, value than the wild type. The initial R,
value was reported to be 16.0 A until 110 ns; however, significant
convergence was observed, and the R, value increased from 16.0
A to 17.0 A. The increased value remained uniform until 200 ns.
In the case of F94S, the R, value gradually increased until 200
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ns, but no major convergence was observed except between 175
and 200 ns. In the other group of mutations, G97C started with
a higher R, value (17.0 A) than the others. The R, value
remained uniform until 60 ns; however, significant convergence
between 60 and 120 ns was reported. Afterward, the R, value
increased greatly, and the average R, value for the last 80 ns
remained to be 17.5 A. In the case of G97D, the results are firmly
in agreement with the RMSD results. The system significantly
reported RMSD convergence.

Similarly, here, the R, value for G97D also remained very
uncertain. The R, value started from 16.5 A and remained
uniform until 50 ns, but significant convergence was observed,
and until 150 ns, the R, value was reported to be 17.5 A. After-
ward, the R, remained lower at 16.0 A between 150 and 175 ns,
but again increased uncertainly up to 17.0 A. In the case of
G978, the R, value remained uniform until 200 ns. The average
R, value for G97S was reported to be 17.0 A. The K96N system
reported a continuous increment in the R, value from 16.0 Ato
16.5 A. A uniform R, value for K96R was observed until 150 ns,
and then suddenly, the R, value decreased, and the average R,
value for the rest of the simulation time remained to be 16.0 A.
Overall, these results clearly explain how differently the internal
dynamics of each system is impacted by the mutation and
eventually contributed to the PZA resistance. The R, values of all
the systems are given in Fig. 5.

Dimensionality reduction and clustering of the protein
motions

Principal component analysis (PCA) was conducted to explain
the protein motion and clustering of the associated structural
frames. PCA is a statistical approach that incorporates a smaller
number of uncorrelated variables called principal components
into several correlated variables. The eigenvectors were
measured and provided in Fig. 6 to comprehensively explain the
effect of the substitution on the protein motion.

From the PCs, we can understand the overall and internal
motions. In the wild type, the total contributed variance by the
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PC2) were used for the projection of motion in the space phase at 300

© 2021 The Author(s). Published by the Royal Society of Chemistry

-600-450-300-150 0 150 300 450 600

PC1

-600-450-300-150 0 150 300 450 600

PC1

type and the four mutants. The first two principal components (PC1and
K.

RSC Adv, 2021, 11, 2476-2486 | 2481


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d0ra09326b

Open Access Article. Published on 11 January 2021. Downloaded on 2/10/2026 8:53:39 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

View Article Online

RSC Advances Paper

10.00

. Native

07.50

05.00

02.50
= 00.00 {

PC2

-2.50

i
S
B2
=
)
o3
=

-7.50

Frame Number = 5336
Time (ns) = 106

-10.00

-50 0 50
PC1

100

Fig. 8 Structural rearrangement of Fe?* and the other regions in the protein: wild type. The lowest energy conformation from the wild type
(frame number 4557) was extracted and compared with the native state. The circle represents the lowest energy conformation.

first three eigenvectors to the total motions was reported to be
52%. While in the case of F94L and F94S, the variance by the
three eigenvectors was observed to be 55% and 42%, respec-
tively. In the other group of mutations such as G97S, G97D, and
G97C, the variance by the first three eigenvectors was reported
to be 44%, 71%, and 47%, respectively. This confirms that G97D
as shown in RMSD, RMSF, and R, is also the most lethal
mutation here too. In the case of K96N, the contributed variance
by the first three eigenvectors to the total motions was reported
to be 42%, while in the case of K96R, it was recorded to be 41%.
The other eigenvectors are shown localized or overall motions.
Hence, it is confirmed that the mutation has also impacted the
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total trajectory motion and, thus, the internal dynamics
behaviour. To further gain convincible attributes, the first two
PCs, i.e. PC1 and PC2, were drawn against each other. Different
colours (red to blue) reflect the conformational transition from
one to another. Each dot in Fig. 7 depicts a single frame of the
trajectory. As compared to the WT, the mutant complexes
covered a greater region of the phase space. Together, both of
these observations suggest that mutations had a substantial
influence on the structure that has contributed to the PZA drug
resistance.
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Fig. 9 Structural rearrangement of Fe?* and the other regions in the proteins: F94S and F94L mutants. The lowest energy conformation from
each trajectory was extracted and compared with the native state. The circle represents the lowest energy conformation.
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Fig.10 Structural rearrangement of Fe?* and the other regions in the proteins: G97C, G97D and F94S mutants. The lowest energy conformation
from each trajectory was extracted and compared with the native state. The circle represents the lowest energy conformation.

Destabilization of Fe** ion by mutation-induced influenced by the mutations. As given in RMSD and RMSF, the
conformational changes stability of each system is differentially affected, while the
residual flexibility also showed variations. As presented in
Fig. 8, the wild type possesses a similar topology to that of the
native state. The lowest energy conformation was attained at
109 ns (frame number 4660). The only metastable state extrac-
ted from the wild-type trajectory is given below, which shows

Three histidine residues and one asparagine residue coordinate
the Fe®" ion. Li/Merz ion parameters for the divalent Fe** ion
were used to generate the topology. Mutation-induced Fe**
destabilization during simulation was determined using the
free energy landscape. It was found that Fe*" is greatly
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Fig. 11 Structural rearrangement of Fe2* and the other regions in the proteins: K96N and K96R mutants. The lowest energy conformation from
each trajectory was extracted and compared with the native state. The circle represents the lowest energy conformation.
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that the protein topology did not alter significantly during the
simulation.

However, as presented in Fig. 9, the mutant systems F94L
and F94S showed destabilization of the Fe*" ion. The structural
coordinates extracted from the simulation trajectory at 106 ns
(frame number 5336) represent the lowest conformation of
F94L, while for F94S the structural coordinates are extracted
from the simulation trajectory at 91 ns (frame number 4515). In
the case of F94L and F94S, the Fe** ion is significantly affected
by the transformation of the conformation.

In the same way, in G97C, G97D, and G97S, a significant
effect was observed, and the lowest energy conformation state
for G97C was attained at 70 ns (frame number 3500). As given in
RMSD and RMSF, the structural dynamics are not significantly
affected by the F97C mutation, and hence, the effect is obvious.
The results are uniform, and thus F94C is a comparatively less-
lethal mutation than the others. However, as reported above,
G97D was significantly involved in structural destabilization
and Fe”' rearrangements. Along with the Fe>" replacement and
distortion of the coordination, the B-sheet 2 also flipped and
thus caused a displacement of Asp49 residues, which forms Fe**
coordination along with the three histidine residues. The lowest
conformational state of G97D was extracted at 170 ns (frame
number 8857) after attaining the equilibrium.

In the case of G97S, the lowest energy conformation was
extracted (frame number 6702) and compared with the native
state. The comparison revealed that here the Fe** ion, along
with the B-strand 2, is affected in a lower proportion than the
other. Hence, these results indicate that the destabilization of
the Fe>* ion and the structural rearrangement of the protein
may be the possible reasons behind resistance to PZA. The FEL
graphs of G97C, G97D and F94S are given in Fig. 10.

The other group of mutants also produced a different effect.
In the case of K96N and K96R, the lowest energy conformation
was extracted (frame number 2507 and 4302) and compared
with the native state. The comparison revealed that here the
Fe** ion, along with the B-strand 2, is affected in a lower
proportion by K96N than by K96R. Hence, these results indicate
that the destabilization of the Fe*" ion and the structural rear-
rangement of the protein may be the possible reasons behind
the resistance to PZA. The FEL graphs of K96N and K96R are
given in Fig. 11.

MMGBSA analysis to estimate the binding affinity

The MM-GBSA approach was employed to assess the binding
affinity of the receptor and ligand."* The last 10 ns trajectory,
500 snapshots, was used for the exploration of the dominant
forces between the protein and ligand. The binding free ener-
gies of the seven mutants (F94L, F94S, G97C, G97D, G97S, K96N
and K96R) and WT systems were calculated from the retrieved
snapshots. The total binding free energies, AGping, of WT and
mutants (WT/-8.13, F94L/-5.17, F945/-6.81, G97C/-4.31, G97D/-
2.03, G97S/-0.25, K96N/-5.09, and K96R/-5.21) were calculated,
and they are expressed in kcal mol ™" (Table 2).

The total energies of mutants compared to the WT indicate
that these mutations drop the binding strength of PZA. The
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Table 2 Binding affinity comparison between the wild type and
mutant systems. All the energies are given in kcal mol™?

Complex vdW Elec Apg SASA AGhpind
wild —19.25 —23.37 23.48 -3.19 —8.13
Fo4L —15.37 —14.21 17.15 —5.24 —5.17
Fo4S —2.34 —79.44 77.25 —2.28 —6.81
G97C —2.20 —71.50 80.71 —1.58 —4.31
G97D —2.48 —98.95 85.20 —2.16 —2.03
G978 —0.80 —0.85 0.13 —0.04 —0.25
K96N —3.09 —92.37 97.70 —2.13 —5.09
K96R —3.65 —91.22 91.24 —3.12 —5.21

contribution of vdW, Elec, and 4ps energies to the binding
energies of the mutants compared to the WT was significantly
low. It explores that the mutated proteins have a weak binding
power to PZA. The mutations which are not involved in the
direct interaction with PZA affect the orientation of the active
site residues involved in direct contact with PZA.

Discussion

PZA was effectively used against Mtb, as the first-line drug
during the treatment of TB. However, drug resistance poses
a serious challenge to the global eradication of tuberculosis.
The major and primary cause of development of resistance is
mutation in the pncA gene. However, mutations in the rpsA and
panD genes also contribute to the development of resistance to
the PZA drug at a lower level. However, combined mutations in
the pncA, rpsA and panD genes are also reported.***>* New
findings have helped to detect novel pncA gene mutations.*
Here, we investigated the high confidence-current mutations in
the pncA gene to explore the associated mechanism of resis-
tance against PZA. In the present study, we studied the resistant
mechanism of seven recurrent mutations F94L, F94S, G97C,
G97D, G97S, K96N and K96R included in high-confidence
mutations. The data provide insights into the PZA resistance
mechanism, which would be helpful in designing new anti-
tuberculosis therapeutic approaches and strategies. Our anal-
yses suggested different RMSD and RMSF values for native and
mutant PZase, which reflects the stability of the native protein
over mutants. A similar finding has also been reported in
previous studies on native and mutant (W68R, W68G and K96R)
PZase.">*

The docking results indicate the involvement of His137 and
Cys138 in the formation hydrogen bonds with PZA, which has
been reported in previous studies. The calculated docking score
for the wild type was —5.21 kecal mol *, whereas the docking
scores for mutants, F94L (—4.69 kcal mol™'), F94S
(—4.73 kcal mol™), G97C (—4.14 kcal mol "), G97D
(—3.22 kcal mol™"), G97S (—4.94 kcal mol '), K96N
(—3.97 kcal mol™") and for K96R (—4.26 kcal mol "), were
different from that of the wild type. The variation in these values
indicates the effect of these substitutions on binding with PZA.
The estimated RMSD values for wild-type as well as mutant-type
systems are used to check the stability of the systems. The

© 2021 The Author(s). Published by the Royal Society of Chemistry
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RMSD value for the wild-type system increased to 5 A (at 25 ns),
and after attainment of the equilibrium, the RMSD value
remains uniform until 200 ns, whereas in mutant-type systems,
fluctuations and perturbations were observed in all seven
mutant systems. On the basis of residue numbers, these
mutants are placed in three groups: F94 (F94L and F94S), G97
(G97C, G97D, and G97S) and K96 (K96N and K96R). The fluc-
tuations and perturbations (highest in G97D) indicate destabi-
lization, which has an impact on the binding of PZA.

The Rg pattern for the wild type and mutants is different. For
the wild type, initially R, increases from 15 Ato 17 A and then it
remains flat with a slight decrease at the end, whereas different
patterns of increase/decrease are observed in mutants, partic-
ularly in G97D. These patterns suggest that the internal
dynamics of each system is impacted by the mutation and
eventually contributed to the PZA resistance. RMSD, RMSF, PC
and Rg inferences suggest that G97D is the most lethal muta-
tion and can contribute to the development of drug resistance.

Using computational modeling approaches, we first investi-
gated the impact of these substitutions on the binding of the
PZA drug. The initial results revealed that these recurrent
mutations significantly affected the binding affinity as
compared to the wild type. Previous studies have also reported
similar results and suggested that the mutations near the active
site and in the distal parts may affect the protein activity.** In
the mutant form, a reduction in the number of hydrogen bonds
is observed, which affects the protein-ligand interactions. The
molecular shifts associated with these mutations reduce the
interactions between PZase and PZA, eventually leading to the
development of PZA drug resistance.

Furthermore, we also explored the possible mechanism of
the drug resistance caused by these mutations using biophys-
ical methods. From 200 ns simulations, we revealed that the
wild type remained stable, whereas in the mutant form (G97D),
the protein destabilized significantly. AS reported earlier that
the Fe®" ion influences the catalysis of this enzyme activity;*>*
however, mutations can alter these activities. In the current
research, novel mutations (F94L, F94S, G97C, G97D, G97S,
K96N and K96R) in the pncA gene are shown to have a metal ion
effect (Fe>) on PZase, which is likely to influence the enzyme
activity associated with the conversion of PZA into POA. The
modification of the function of the enzyme during the conver-
sion of PZA into POA leads to the development of resistance to
PZA drugs.

In order to verify the effect of mutations on the function of
PZase and to discover the factors responsible for the resistance
provided to PZA drugs, comprehensive analyses were carried
out. By altering the stability, flexibility and function of the
enzyme, these mutations influence the activity of PZase during
the conversion of PZA into POA. In latent TB therapy, mutations
due to the modification of amino acid residues led to the
unavailability of POA required for bacteriostatic and bacteri-
cidal activities. These findings provide insights into the mech-
anism of drug resistance due to mutations that alter protein
properties and may thus contribute to the design of new
medicines for the treatment of tuberculosis.

© 2021 The Author(s). Published by the Royal Society of Chemistry
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Conclusion

In summary, this study provides a deep insight into the mech-
anism of resistance caused by recurrent mutations. Our analysis
suggests that G97D is the most destabilizing and highly resis-
tant mutation, which significantly affects the protein dynamics.
These results provide a structural insight, which could aid the
development of new anti-tuberculosis drugs.
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