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Deazaflavin-dependent nitroreductase (Ddn) is a crucial enzyme involved in mycolic acid biosynthesis,

a vital component of the cell wall in Mycobacterium tuberculosis (MTB)—the bacterial pathogen

responsible for tuberculosis. Over the past two decades, nitroimidazole oxazine scaffold (NOS)

derivatives have been investigated as potential therapeutic agents targeting Ddn in MTB, with a focus on

enhancing drug efficacy, minimizing toxicity, and combating drug resistance. In this study, we performed

an extensive theoretical investigation combining three-dimensional quantitative structure–activity

relationship (3D-QSAR) studies, all-atom molecular docking, and atomic-level molecular dynamics (MD)

simulations. Additionally, we analyzed the binding free energies and their decomposed terms between

inhibitors and Ddn to elucidate the structure–activity relationships (SARs) and mechanisms of a series of

NOS derivatives developed for MTB inhibition. The CoMFA and CoMSIA models demonstrated strong

performance, with cross-validation coefficients (Rcv
2) of 0.591 and 0.629, respectively, and prediction

coefficients (Rpred
2) of 0.7698 and 0.6848 for CoMFA and CoMSIA, respectively. These models effectively

predicted the minimum inhibitory concentration (MIC) values of the compounds against MTB based on

the NOS scaffold. Molecular docking followed by MD simulations was employed to validate the binding

modes of these derivatives at the active site of Ddn, providing detailed insights into their interaction

patterns. Notably, our analysis revealed that residues Tyr65, Ser78, Tyr130, Tyr133, and Tyr136 played

critical roles in determining the potency of the compounds by contributing significantly to their binding

energies. These findings provide valuable guidance for the rational design of novel NOS inhibitors with

enhanced potential as effective anti-tuberculosis agents.
1. Introduction

Mycobacterium tuberculosis (MTB) is reported as the third most
signicant infectious disease with respect to global morbidity
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and mortality caused by a single infectious agent.1,2 Despite the
availability of multiple chemotherapy treatments,3,4 the global
rise of multidrug-resistant tuberculosis (MDR-TB) and exten-
sively drug-resistant (XDR) strains presents an urgent and
pressing challenge.5 In response, the BpaL strategy, comprising
the combination of Bedaquiline (BDQ), Pretomanid (PA-824),
and linezolid, has been proposed for the treatment of MDR-
and XDR-TB.6–8 Notably, FDA-approved nitroimidazole drugs
such as PA-824 (ref. 6) and delamanid (OPC-67683),8 exhibit
signicant therapeutic efficacy. However, their widespread use
raises concerns about the development of potential drug resis-
tance, particularly concerning the target protein, deazaavin-
dependent nitroreductase (Ddn).9,10 Consequently, the devel-
opment of novel drugs to tackle these challenges is imperative,
especially considering that BpaL and DLM currently constitute
the nal line of defense against M/XDR-TB.

In response to these challenges, three drugs, namely PA-824,6

OPC-67683,8 and CGI-17341 (CGI),11 have demonstrated the
capacity to inhibit drug-resistant MTB growth. These drugs,
which share a common NOS (Fig. 1A), primarily target Ddn in
MTB; however, it was believed that NOS inhibitors also target
RSC Adv., 2025, 15, 22745–22763 | 22745
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Fig. 1 Background of the NOS inhibitors (A). Key NOS-based drugs and their targets. (B) Composition of the MTB cell wall. PM: plasma
membrane, PG: peptidoglycan, AG: arabinogalactan, MA: mycolic acids and LAM: lipoarabinomannan. (C). The redox cycle of cofactor F420 and
the NOS targets of the NOS based inhibitors. (D). The binding information between the Ddn and the representative NOS inhibitor, PA-824, from
the molecular docking result.
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the F420H2-dependent quinone reductase (FQR) family of
enzymes, such as F420-dependent glucose-6-phosphate dehy-
drogenase 1 (FGD1) and FGD2 enzymes, thereby disrupting the
redox cycle of cofactor deazaavin F420 (F420) and interfering
with cell-wall formation metabolism pathways in MTB.12,13 For
instance, both the shortage of F420 caused by PA-824 inhibiting
Ddn and the direct inhibition of FGD2 by PA-824 would disrupt
the keto mycolic acid synthesis.6,8,14 Recently, both Batt15 and
Abrahams16 reported that the activated form of PA-824 and OPC-
67683 processed initially by Ddnmight directly interact with the
decaprenylphosphoryl-2-keto-b-D-erythro-pentose reductase
(DprE2) enzyme, with the latter being responsible for gener-
ating arabinogalactan (AG) or lipoarabinomannan (LAM) for the
cell wall in MTB (Fig. 1B), although Abrahams also reported that
the overexpression of DprE2 would exhaust the dose of PA-824
and result in anti-PA-824 activity. Notably, under anaerobic
22746 | RSC Adv., 2025, 15, 22745–22763
conditions, MTB relies on Ddn to catalyze menaquinone,
producing oxygen gas and free radicals (O2 or Oc), which are
essential for ATP synthesis.14 These drugs swily convert NOS
into several products, including nitrogen oxides (NO products)
upon binding with the Ddn and F420H2.17,18 The NO captures
the O2 and Oc, and further inhibits mycobacterial growth,14

suggesting the potential of NOS inhibitors to enhance the
sensitivity of other drugs. Consequently, NOS-based drugs hold
considerable promise for the treatment of drug-resistant
MTB.19,20

While structural biology techniques,21 have provided
insights into the crystal structure of Ddn with its cofactor F420
(Fig. 1C), challenges remain in studying NOS-drug interactions
due to compound instability during catalysis. Despite theoret-
ical studies21–23 identifying key residues such as Tyr65, Tyr130,
Tyr133, Tyr136, and Ser78 (Fig. 1D) involved in binding PA-824,
© 2025 The Author(s). Published by the Royal Society of Chemistry
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the structural basis for the structure–activity relationship (SAR)
of these drugs remains elusive. Furthermore, while NOS deriv-
atives have been synthesized and studied,19,20 their general
medical applicability is hindered because of their systemic
toxicity, specic binding mode, and unresolved capability of
drug catalysis with Ddn. Developing better inhibitors based on
NOS derivatives is currently a key direction for treating MDR
and XDR-TB patients.24 On one hand, these typical patients
would face the dilemma of no new drugs becoming available if
the current NOS drugs failed; on the other hand, developing
completely new inhibitors is signicantly time-consuming
work. Accordingly, the critical need to develop a robust quan-
titative structure–activity relationship (QSAR) proles that can
be used to predict the drug efficiency of NOS inhibitors,
particularly towards Ddn, is emphasized for the design of
potent and selective NOS-based MTB drugs.

Traditionally, SAR studies have relied on labor-intensive
compound synthesis and biological assays.25 However, the
adoption of computational approaches offers an efficient
means to predict SAR while minimizing the physical costs
involved.26 Recently, several NOS inhibitors have emerged as
potential anti-MTB agents. In this study, we leverage three-
dimensional QSAR (3D-QSAR) techniques, including compara-
tive molecular eld analysis (CoMFA) together with the
comparative molecular similarity indices analysis (CoMSIA)
methods27,28 to examine the intrinsic relationship underlying
the structures and the drug efficiencies as determined by the
minimum inhibition concentration (MIC) experiments.24,29–34

Beyond the 3D-QSAR approach, we further employ atomic
molecular docking, the key results of which were further
examined in all-atom molecular dynamics (MD) simulations to
anticipate stable binding conformations of Ddn-NOS inhibitors
and discern the functions of the pivotal key amino acid residues
in terms of governing the binding process and initiating drug
catalysis. Ultimately, this study not only enhances our under-
standing of NOS-based inhibitors but also provides a valuable
toolset for predicting and designing more effective anti-
tuberculosis drugs. By integrating 2D and 3D QSAR modeling
with molecular dynamics simulations and binding free energy
analyses, our study provides structural and energetic insights
that may facilitate the rational design of more effective inhibi-
tors against drug-resistant strains ofMycobacterium tuberculosis,
particularly in regions burdened by MDR-TB and XDR-TB.

2. Materials and methods
2.1. Data sets and biological activity

The dataset of antitubercular compounds was taken from
available sources.29–31,33 The antitubercular activity MIC against
H37Rv was converted into pMIC values (pMIC = −logMIC). The
range of pMIC values was from 3.0216 to 7.4089, indicating that
a broad dataset with uniform density was employed that was
suitable for 3D-QSAR investigations. The entire dataset was
partitioned into a training set consisting of 43 compounds to
generate the model and a separate test set comprised of 15
compounds for model validation. The selection of compounds
for the test set was based on their similarity to the compounds
© 2025 The Author(s). Published by the Royal Society of Chemistry
in the training set, in terms of both structure and activity. The
structures and biological activities of these compounds are lis-
ted in Table 1.

2.2. The in silico molecular preparations of NOS inhibitors

All the molecular preparations of NOS inhibitors were con-
ducted with Sybyl-X 1.1 (Tripos Associates, St. Louis, MO).
Initially, the compounds were assigned the Gasteiger–Huckel
charges,35 then the structural conformation was minimized by
the Tripos molecular force eld (FF) with 0.05 kcal mol−1 Å−1 by
the Powell method for the criterion of energy gradient conver-
gence.36 Lastly, with the lowest energies, the 3D conformations
of the compound were prepared for construction of the 3D-
QSAR models.

2.3. Molecular alignment for NOS inhibitors

Constructing a suitable 3D-QSAR model relies greatly on the
molecular alignment and template selection process.37 Two
alignment rules were employed in the current study to derive
rational models: template ligand-based alignment and docking-
based alignment. The template ligand-based alignment refers
to selecting the most potent compound (Cp28, PA-824, pre-
tomanid) as the template for the alignment, and all the other 52
compounds were aligned to the common part of the molecule
(Fig. 2A, blue parts) by the use of the “database alignment”
module; the superimposed structures of the aligned molecules
are depicted in Fig. 2B. In the docking-based alignment, the
diverse models were derived from the best docking conforma-
tions that were ranked by total scores (described in molecular
docking method). Fig. S1† shows the result of docking-based
alignment.

2.4. 3D-QSAR on the NOS inhibitors by CoMFA and CoMSIA

To build the 3D-QSAR models on the NOS inhibitors, the ideal
methods such as CoMFA and CoMSIA were performed in this
work.28,38 CoMFA analysis involves computing the biochemical
properties in terms of steric elds, electrostatic elds hydro-
phobicity, and hydrogen bond donor and acceptor elds. The
compounds that were aligned were initially positioned within
a 3D cubic container, with a grid spacing of 2.0 Å. To calculate
the steric (Lennard-Jones 6-12 potential) and electrostatic
(Coulomb potential) eld energies, an sp3 hybridized carbon
atom with a +1.0 charge and a van der Waals radius of 1.52 Å
was utilized as the probe. To enhance analysis and minimize
noise, the default cutoff energy and column ltering were
adjusted to 30 kcal mol−1 and 2.0 kcal mol−1, respectively. The
CoMFA-STD technique was subsequently employed to rescale
the CoMFA elds.

In the CoMSIA analysis, ve similarity elds were computed:
steric, electrostatic, hydrophobic and hydrogen bond donor and
acceptor elds. These elds were calculated using a probe atom
with a radius of 1 Å, a charge of +1, a hydrophobicity of +1,
a hydrogen bonding donor of +1, and a hydrogen bond acceptor
of +1. Furthermore, an attenuation factor of 0.3 was applied.

The partial least-squares (PLS) method39 was utilized for the
generation of valid CoMFA and CoMSIA models. Initially,
RSC Adv., 2025, 15, 22745–22763 | 22747
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Table 1 The shared molecular structures of the NOS inhibitors, the unique R groups and the pMIC values converted from the MIC (mM) values.
The Ome refers to the methoxymethane group, and SMe refers to the methylthio group

Structure Compound R1 R2 R3 pMIC

1 CH2(4-OCF3-Ph) H H 5.8508
2 CH2(4-CH3-Ph) H H 6.3565
3a CH2(4-F-Ph) H H 5.4595
4a CH2(3-OCF3-Ph) H H 6.4522
5 CH2(3-CH3-Ph) H H 6.6753
6 CH2(3-CF3-Ph) H H 6.7508
7 CH2(2-OCF3-Ph) H H 5.5491
8 CHMe(4-F-Ph) H H 5.7812
9 CH2CH2(4-OCF3-Ph) H H 4.6629
10 CH2CH2(4-CH3-Ph) H H 4.8722
11a CH2(4-OCF3-Ph) CH3 CH3 5.5817
12 CH2(4-CH3-Ph) CH3 CH3 5.1931
13 CH2(3-OCF3-Ph) CH3 CH3 5.5817

Structure Compound X R4 R5 pMIC

14 O H 6.0969

15a C H 4.6021

16 N H 6.0969

17 N CHO 5.4949

18 N COCH3 5.2041

19 N CH3 5.2041

20a S H 4.3010

21 O H 7.3010

22a O H 6.5086

23a O H 6.1079

24 O H 6.8239

25a O H 6.6990

26 O H 6.7959

27 O H 7.1079

28 O H 7.4089

22748 | RSC Adv., 2025, 15, 22745–22763 © 2025 The Author(s). Published by the Royal Society of Chemistry
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Table 1 (Contd. )

Structure Compound X R4 R5 pMIC

29 O H 7.1079

30 O H 6.7959

Structure Compound R6 pMIC

31 6.4685

32 6.6198

33 6.6383

34 6.4949

35 6.7212

36 6.6990

37a 6.6990

38 6.7447

39a 6.7447

40 5.7878

Structure Compound R7 R8 pMIC

41a 2,4-Dichloro H 3.9734
42a 2,4-Dichloro Br 5.2775
43 2,4-Diuoro H 3.0216
44 2,4-Diuoro Br 3.7341
45 4-F Br 3.4100
46a 4-Cl Br 3.7316
47 4-NO2 Br 3.7452
48 H Br 3.9876
49 2,4-Dimethyl Br 3.4230
50 2,4-Dichloro Ome 5.8209
51 2,4-Diuoro Ome 4.8737
52 4-F Ome 4.2447
53 4-Cl Ome 4.2687

© 2025 The Author(s). Published by the Royal Society of Chemistry RSC Adv., 2025, 15, 22745–22763 | 22749
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Table 1 (Contd. )

Structure Compound R7 R8 pMIC

54a 4-NO2 Ome 4.2845
55 4-Phenyl Ome 5.8314
56 2,4-Dichloro SMe 4.3157
57a H Ome 4.5170
58 2,4-Dimethyl Ome 4.2600

a Selected as the test set.

Fig. 2 (A) Cp28 is chosen as the template in the template ligand-based
alignment. The shared common part of the molecule is highlighted in
blue. (B) Alignment of the training and test sets of compounds on
Cp28.
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a leave-one-out (LOO) approach was employed to determine the
optimal number of components (Nc) and the cross-validation
correlation coefficient (Rcv

2). Subsequently, the non-cross vali-
dation was performed using the determined Nc, yielding the
non-cross validation correlation coefficient (Rncv

2), standard
error of estimate (SEE), and F statistical values. Furthermore,
the robustness of the derived CoMFA and CoMSIA models was
assessed through external validation using a test set of
compounds. Generally, the selection of the best model is based
on high values of Rcv

2, Rncv
2, and Rpred

2 (Rcv
2 > 0.5, Rncv

2 > 0.6,
and Rpred

2 > 0.6), as well as a low SEE value.40,41
2.5. Molecular docking

Molecular docking procedures were conducted by using Auto-
Dock soware 4.0.2 (The Scripps Research Institute, La Jolla,
USA).42 The initial conformation of Ddn was obtained from the
crystal structure (PDB entry: 3R5W) deposited in the Protein
Data Bank. The receptor preparations involved the removal of
water molecules from the PDB le, repair of missing atoms in
the receptor (including Ddn and the reductive form of the
cofactor F420), and addition of hydrogen atoms with Kollman
22750 | RSC Adv., 2025, 15, 22745–22763
charges43 for all atoms. For the inhibitors, hydrogen atoms were
added to neutralize the ligands and Gasteiger partial charges35

were assigned to all atoms. All single sp3 bonds were allowed to
move freely, whereas the aromatic rings were set rigidly. The
docking box was dened with dimensions of 80× 58× 83 Å and
a grid spacing of 0.375 Å to adequately cover the docking space.
Other docking parameters were consistent with our previous
works.44 The nal docking pose of each compound from the 58
NOS inhibitors was selected based on the lowest binding free
energy (total score, Table S2†) and the appropriate positioning
of the nitroimidazodiazine moiety. The redock of PA-824 was
used as the docking parameter validation, in which the criterion
is to reproduce the docked pose of the nitroimidazodiazine
moiety of PA-824, similar to the previous theoretical studies.21,32
2.6. MD method

Herein, only the representative compounds (Cp28, Cp38, Cp39,
and Cp43) bound with Ddn and F420 systems, namely Ddn–
F420–Cp28, Ddn–F420–Cp38, Ddn + F420–Cp39, Ddn + F420–
Cp43, were performed with MD calculations to save computa-
tional power. Each of the nal docking poses from the four
docking processes was further put forward toMD simulations to
study the binding stabilities and the most stable binding states,
which were obtained for further calculations of the binding free
energies in between Ddn + F420 and the ligands.

2.6.1. MD inputs. The nal docked poses of Ddn + F420–
Cp28/38/39/43 complexes were subjected to MD simulations.
The force eld parameters for the ligands and F420 were
generated using GAFF in Antechamber of AmberTools 23.45,46

The partial atomic charges for the inhibitor atoms were ob-
tained using the RESP protocols47 aer calculating the electro-
static potential at the HF/6-31G* level of quantum mechanical
calculations.48,49 The parameters for dening the standard
residues in the protein were set to AMBER 14SB force eld50

before using pdb2pqr to set the protonation states of the
proteins at pH 7. Counter ions (Na+) were added in each system
to neutralize the overall charge, and a solvated TIP3P periodic
box was used to saturate the system, each with a thickness of 16
Å on the six facades.51 The nal systems of the four complexes
were nearly 100 × 85 × 80 Å3 (∼75 000 atoms).

2.6.2. MD process. The MD simulations were conducted
with AMBER v 21 (ref. 52) using PMEMD.cuda.MPI. The 10 000
steps of minimization were carried out on each system before
© 2025 The Author(s). Published by the Royal Society of Chemistry
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the system equilibration stage. The equilibration stages con-
sisted of 500 ps heating, 500 ps of density equilibration process,
and 5 ns of constant pressure at 1 atm at room temperature (300
K). The SHAKE algorithm53 was applied to constrain the
hydrogen atoms in a reasonable sphere of moving. The
constraints (10 kcal mol−1 Å−2, 8 kcal mol−1 Å−2, 5 kcal mol−1

Å−2) were set to all the receptor and ligand atoms along the
three stages of the equilibration. Lastly, the production phase
was performed for 200 ns by 3 replicates, and the sampling
pools for MD analysis were saved as every conformation per 10
ps.

2.6.3. Combined principal component analyses. We per-
formed combined principle component analysis (CPCA) for all
of the heavy atoms of the complexes and for the local atoms in
the catalytic moiety (including the heavy atoms of Tyr65, Ser78,
Tyr130, Tyr133, Tyr136 and the nitroimidazodiazine rings) by
using Gromacs v 5.11 to investigate the essential overall
dynamics of the complex and the stable binding states with the
probability-based free energy potential.54 The atomic displace-
ment covariance matrixes for all heavy atoms PCA and for local
catalytic atoms PCA were created by COVAR of Gromacs. In the
essential dynamic analysis (EDA), each of the rst PC vectors of
the two PCAs were employed to differentiate the noteworthy
motions of both the system and the pocket. The trajectories of
the sampling pool during the production phase (600 ns in total
of each system) were projected onto a subspace determined by
PC1overall and PC1local.

2.6.4. Free energy enumerations of microstates. The
weighted-histogram analysis (WHAM) approach55,56 was utilized
to estimate the local free energy the F(a) for each microstate
a within the entire conformational sampling space. This esti-
mation was based on a specic set of microstates that repre-
sented the observed congurations within the PC1overall &
PC1local subspace. In this case, the local free energy of a micro-
state a was specically described as follows:

FðaÞ ¼ �T log

P
i

na
i

P
j

e
1
T

�
f j � Va

j
� (1)

In the trajectory i, the frequency of the observed microstate a is
denoted as na

i. The normalization constants, fj, are determined
self-consistently using the WHAM method.56 To account for the
variation of the bias across different conformations assigned to
the same cluster a, a correction method was applied here.56 The
bias potential acting on microstate a, Va

i are estimated as
follows:

Va
i ¼ VG

iðSaÞ ¼ 1

tsim � teq

ðtsim
teq

dt
0
VG

i
�
Sa; t

0
�

(2)

The total production simulation time denoted as tsim is the
duration of the MD simulation. On the other hand, teq repre-
sents the nal frame of the equilibrium phase, which signies
the point at which the bias potentials reached stability.
Consequently, the 2D scattered map was transformed into a 2D
free energy enumerations of microstates (FEEM) heat map and
© 2025 The Author(s). Published by the Royal Society of Chemistry
also 3D LFEL surface map by the use of Gromacs v5.11 (ref. 54)
and Mathematica v11.3.57

2.6.5. Calculating the binding free energy between Ddn +
F420 and the compounds. The binding free for each system was
determined by employing the MM/PB&GBSA method.58–60 These
calculations were performed using the nearest poses that
exhibited a similar low free energy potential as the FELmap. For
the selection of these snapshots, we used an in-house python3
script to extract the nearest poses in a given metastable state
shown in FEL map. The (DGb) were obtained by applying the
following equations:

DGb = DGcom − (DGrec + DGlig) (3)

DGcom/rec/lig = DH − TDS (4)

DH = DEgas + DGsol (5)

DEgas = DEint + DEvdw + DEele (6)

DGsol = DGPB/GB + DGNP (7)

DGNP = gSASA + b (8)

The DGcom, DGrec and DGlig are the free energies of the complex
(Ddn + F420 + ligand), the receptor (Ddn + F420), and the ligand
(Cp28/38/39/43), respectively (eqn (3)). The enthalpy changes,
DH, can be determined by combining the internal energy of the
gas phase (DEgas) with the solvation free energy (DGsol) (eqn (5)).
The product of the simulated environmental room temperature,
(T), and the entropy of themolecule (DS), either for the complex,
receptor, or ligand (com/rec/lig), is equal to the conformational
entropy (TDS).58 The standard gas phase energy DEgas consists of
the internal energy (DEint), van der Waals interactions (DEvdw),
and electrostatic energies (DEele) (eqn (6)). In this case, DEint is
assumed to be zero since only complex MD simulations were
performed as previously described.44,61–63 The solvation energy
DGsol is calculated by adding the non-polar energy (DGNP) onto
the electrostatic energy (DGPB/GB) (eqn (7)). The DGPB can be
obtained by calculating the Poisson–Boltzmann function using
the default cavity RADII from the molecular mechanical force
eld parameters. The interior solute was set to 1 and exterior
solvent to 80 for the dielectric constant. The DGGB is computed
using the pairwise generalized Born model64,65 with the
parameters that were originally described by Tsui66 and Case.67

The solvent accessible surface area (SASA) is calculated by the
LCPO method.68 The values for surface tension g and b are
established as 0.00542 kcal mol−1 Å−2 and 0.92 kcal mol−1,
respectively, as are widely used.69,70
3. Results and discussion
3.1. 3D-QSAR statistical results

In this study, different combinations of steric, electrostatic,
hydrophobic and hydrogen bond donor and acceptor elds
were computed to generate diverse models. A summary of these
combinations is provided in Tables S1 and S3.† Our statistical
analyses reveal that the models derived from template ligand-
RSC Adv., 2025, 15, 22745–22763 | 22751
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Table 2 Statistical results of the optimal CoMFA and CoMSIA models
based on template ligand-based alignment

Parameters CoMFA CoMSIA

Rcv
2 0.732 0.809

Rncv
2 0.991 0.993

SEE 0.122 0.113
F 654.454 456.734
Rpred

2 0.7212 0.7597
SEP 0.660 0.591
Nc 6 10

Field contribution
S 0.899 0.381
E 0.101 0.254
H — —
D — 0.365
A — —
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based alignment outperform those based on docking-based
alignment. Consequently, we focus on those models derived
from template ligand-based alignment for the subsequent
discussions.

The CoMFA statistical results are presented in Table 2. The
model exhibits strong internal validation performance, as
indicated by a high Rcv

2 value of 0.732 for the training set with
Nc (components) of 6, a non-cross-validation coefficient Rncv

2 of
0.991, a high F value of 654.454, and a low SEE of 0.122. These
results suggest that the generated CoMFA model is reliable.
Additionally, the model demonstrates outstanding predictive
ability, with an Rpred

2 value of 0.7212, highlighting the robust-
ness of the CoMFA model. A graphical representation of the
observed versus predicted pMIC values for the entire dataset is
presented in Fig. 3A. The data points closely align with the
straight line of the derived optimal CoMSIA model (steric +
electrostatic + hydrogen bond donor elds), detailed in Table 2,
which demonstrates an Rcv

2 value of 0.809 (ten optimal
components), a high non-cross-validated coefficient Rncv

2 of
0.9930, an SEE of 0.113, and a signicant F value of 456.734,
collectively validating the reliability of the CoMSIA model and
conrming that the experimental values are consistent with the
predicted values, with small variance. The eld contributions
are 38.1%, 25.4%, and 36.5% for steric, electrostatic, and
hydrogen bond donor elds, respectively. This distribution
Fig. 3 Correlation plots of the actual pMIC versus the predicted values

22752 | RSC Adv., 2025, 15, 22745–22763
underscores the prominent roles played by the steric and
hydrogen bond donor elds in Ddn binding. Additionally, the
CoMSIA model displays excellent predictive capability, with an
Rpred

2 value of 0.7597. A plot of the observed values vs. and
predicted values is depicted in Fig. 3B. The blue squares and red
triangles are distributed on both sides of the line Y= X, and it is
evident that more points lie either on the best t line or are very
close to it, conrming that the experimental values closely align
with the predicted values with small variance, reaffirming the
superior predictive ability of the CoMSIA model.
3.2. 3D-QSAR contour maps

In this study, 3D-QSAR contour maps were utilized to elucidate
the structural requirements for optimizing and designing novel
compounds. The well-known, highly potent compound Cp28
(PA-824, pretomanid) served as the template for contour map
analysis. To validate the model rigorously, we analyzed the most
potent compounds separately within other structural series.

3.2.1. CoMFA-steric contour maps
3.2.1.1 Cp28 (Fig. 4A). A conspicuous green contour at the

R4 position suggested the necessity of bulky groups, explaining
why Cp17 (–CHO) exhibited higher activity than Cp9 (–CH3) at
this site. Interestingly, the absence of a corresponding substit-
uent in the most active Cp28 at the same location implied
a potential for structural modication based on steric eld
information to enhance its activity. Notably, a large yellow
contour adjacent to the –NH–C–C group in the R5 substituent
foretells increased potency with smaller substituents, as exem-
plied by Cp26 surpassing Cp25. Similarly, a substantial green
contour at the R5 substituent indicated higher potency with
larger groups, reecting the higher activity of Cp24 compared to
Cp23.

3.2.1.2 Cp6 (Fig. 4B). A substantial green region near the R1

substituent advocated for the introduction of bulky groups,
correlating with enhanced activity in Cp2 (CH2(4-CH3-Ph))
compared to Cp3 (CH2(4-F-Ph)). Yellow contour maps envelop-
ing R1 and R2 substituents suggested the affinity for smaller
substituents in these regions. The reduced activity of Cp1 rela-
tive to Cp11 was attributed to the higher steric effect of CH3

compared to H in this region. This trend was consistent with
Cps2 and 12, as well as Cps4 and 13.
calculated from the optimal CoMFA (A) and CoMSIA (B) models.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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3.2.1.3 Cp39 (Fig. 4C). No effective contour map informa-
tion was available for the R6 substituent in this skeletal series,
precluding detailed discussion.

3.2.1.4 Cp55 (Fig. 4D). The prominent yellow contour
around the R7 substituent implied a preference for smaller
groups at this position, explaining why Cp48 (H) exhibits higher
activity than Cp47 (4-NO2). Additionally, an irregular contour in
the R8 substituent suggested a preference for larger substitu-
ents, providing insight into the higher activity of Cp50 (–OMe)
compared to Cp42 (Br).

3.2.2. CoMFA-electrostatic contour maps
3.2.2.1 Cp28 (Fig. 5A). Two red contours near the R4

substituent indicate that electronegative groups in these
regions enhance activities. In contrast, the most potent Cp28
lacked negative groups at this position, suggesting the potential
introduction of negatively charged groups for improved activity.
A small blue contour near the end of the R5 substituent illus-
trated that electropositive groups contribute to higher activity,
explaining why Cp24 stays in the pocket better than Cp25.

3.2.2.2 Cp6 (Fig. 5B). A blue area near the 40 position of the
R1 substitution suggested that increasing the electropositive
property improves activity. Consistent with this, Cps2 (4-CH3)
and 3 (4-F) validate the phenomenon. Another small blue
contour around the 30 position of R1 substitution and near R2

and R3 substituents implies a preference for electropositive
atoms in these regions.
Fig. 4 The CoMFA-steric contour plots for Cpd28 (A), Cpd6 (B), Cpd39 (
indicate regions where bulky groups increase activity, while yellow cont
activity.

© 2025 The Author(s). Published by the Royal Society of Chemistry
3.2.2.3 Cp39 (Fig. 5C). A blue contour around the –NO2

group suggests a favorable region for electropositive groups,
allowing modications to enhance activity based on charge
characteristics.

3.2.2.4 Cp55 (Fig. 5D). A small blue contour near the 40

position of R7 indicates acceptability for electropositive groups,
providing insights into the activity order of ligands. Addition-
ally, a red contour near the R8 substituent suggests improved
activities with electronegative groups, explaining why Cp42 (Br)
outperforms Cp41 (H).

3.2.3. CoMSIA steric and electrostatic contour maps. The
CoMSIA steric and electrostatic eld distributions, as depicted
in Fig. 6A and B, were generally consistent with the eld
distributions observed in the CoMFA contour maps (Fig. 4A and
B). Therefore, further discussion on this matter is not necessary.

3.2.4. CoMSIA hydrogen bond donor contour maps
3.2.4.1 Cp28 (Fig. 7A). A cyan contour map is close to the NH

group of R5 substituent, indicating that hydrogen bond donor
substituents at this position can increase the activity, which
explains why Cp26 (with an NH group) exhibits better activity
than Cp20 (with group O). In addition, the purple contour
located at the NH end of the R5 substituent suggests that
hydrogen bond donor groups were unfavorable. Consequently,
modications were needed at this position for the most potent
Cp28.
C) and Cpd55 (D), respectively. The green contours (80% contribution)
ours (20% contribution) indicate regions where bulky groups decrease

RSC Adv., 2025, 15, 22745–22763 | 22753
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Fig. 5 The CoMFA-electrostatic contour plots for Cpd28 (A), Cpd6 (B), Cpd39 (C) and Cpd55 (D), respectively. The blue contours (80%) indicate
regions where electropositive groups increase activity, while red contours (20%) indicate regions where electronegative groups increase activity.
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3.2.4.2 Cp6 (Fig. 7B). Purple contours observed near R2 and
R3 substituents are indicators that hydrogen bond acceptor
groups are necessary for better activity. By analyzing this series
of compounds, we found that no hydrogen bond receptor
groups were located at the two substituents, thus future modi-
cations could be applied according to the purple contour map.
Additionally, a purple contour is observed over the 60 position of
the R1 substituent, illustrating that hydrogen bond acceptor
groups will increase the activities.

3.2.4.3 Cp39 (Fig. 7C). A cyan contour map was positioned
at the –NH substituent for this series of compounds, which
reveals that the hydrogen bond donor group is advantageous to
the activity. Meanwhile, a purple contour map observed around
Fig. 6 (A) The CoMSIA-steric contour plots. (B) The CoMSIA-electrostat

22754 | RSC Adv., 2025, 15, 22745–22763
the COO group indicates that a hydrogen bond acceptor group
would enhance the activity. Additionally, there were no
hydrogen bond donor groups distributed around the R6

substituent, implying that the hydrogen bond interaction has
little effect on its activity.

3.2.4.4 Cp55 (Fig. 6D). A purple contour was identied near
the R7 position, suggesting that hydrogen bond acceptor groups
would be favorable for the activity. This may explain why Cp54
(4-NO2) showed higher activity than Cp53 (4-Cl). In addition,
a cyan contour was observed around the R8 substituent, which
indicates that the addition of hydrogen bond donor groups in
this area would increase the activity. However, the substituent
of Cp55 at this site is –OMe, thus further structural modication
was expected for the improvement.
ic contour plots.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 7 The CoMSIA StDev*Coeff hydrogen bond donor contour plots for Cpd28 (A), Cpd6 (B), Cpd39 (C), and Cpd55 (D), respectively. The cyan
contours (80%) indicate regions where hydrogen bond donor groups increase activity, while purple contours (20%) indicate regions where
hydrogen bond donor groups decrease activity.
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3.3. MD simulations detected dynamics of the compound
binding systems

Following the construction of CoMFA and CoMSIA models, we
performed molecular docking of all compounds into the Ddn +
F420 binding site to gain 3D insights into ligand binding. The
majority of compounds adopted a binding conformation in
which the NOS moiety was positioned within the catalytic
pocket in the S-conformation, except for Cp39. Notably, the R-
conformation of NOS, as exhibited by Cp39, is known to have no
effect on pathogen killing, rendering Cp39 less effective in this
docked conformation. Subsequently, we conducted molecular
dynamics (MD) simulations for the four ligand-binding systems
(Cp28/38/39/43) to sample the dynamic behavior of the systems
and identify themost stable binding states, which could provide
valuable information for the 3D-QSAR analysis.

3.3.1. MD stability and drug catalysis analyses. During the
MD production phase, the complex systems exhibited limited
turbulence, as assessed by computing root mean square devia-
tion (RMSD) (Fig. S1†) over the course of the simulations.
Notably, when focusing on the uctuations of F420 (Fig. S1†), it
became evident that the tail atoms displayed more pronounced
© 2025 The Author(s). Published by the Royal Society of Chemistry
uctuations compared to the heavier atoms within the Ddn
protein. This behavior is likely attributed to the protrusion of
the tail section of F420 from the protein into the surrounding
bulk solvent. Interestingly, the NOS moiety demonstrated
remarkable stability within all four systems. However, the
system containing Cp39 presented a noteworthy observation
where the NOS moiety underwent multiple instances of ip-
ping. This observation holds particular interest due to the
pivotal role of C4 within the NOS, which is essential for
abstracting a proton (H5) from F420 during the initial step of
drug catalysis (Fig. 8A). Therefore, to further assess the capa-
bility of the systems to initiate the rst step of drug catalysis, an
examination of the pre-reaction states was undertaken for all
four systems (Fig. 8B), involving an analysis of reaction
distances and angles (Fig. 8C and D) across the production
phase trajectories. The results indicated that Cp28 exhibited
a higher likelihood of adopting conformations conducive to
initiating the reaction, followed by Cp38 and Cp43. In contrast,
Cp39 encountered challenges in maintaining a consistent
conformation. Nonetheless, the intermittent ipping motion
could occasionally position C4 in proximity to the proton,
RSC Adv., 2025, 15, 22745–22763 | 22755
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Fig. 9 The RMSF plot of the Ddn in the four MD systems. The atomic fluctuations are converted as the B-factors of the heavy atoms in the Ddn.
The secondary structure is denoted by the cartoon representations.

Fig. 8 Analysis of reactional distance and angle for drug catalysis initiation. (A) Schematic representation of the initial step in NOS drug catalysis,
with emphasis on key atoms and electron transfer processes (highlighted in red). The reaction coordinates involve the transfer of the H5 atom
from F420 to the C4 position of the nitroimidazoxazine moiety, accompanied by a slight upward tilting of the hydrogen originally attached to C4
to accommodate the transition from sp2 to sp3 hybridization at the carbon center. (B) Detailed 3D structures of the F420 plane and NOS are
depicted with stick and sphere representations. Reactional distance (Dkey) and angle (Akey) are indicated. (C) Plot of Dkey and Akey for Cp28 and
Cp43, with population density histograms displayed along the axes. (D) Corresponding analysis of Dkey and Akey for Cp38 and Cp39. Confor-
mations capable of initiating the first step of drug catalysis are outlined within blue dashed frames.

22756 | RSC Adv., 2025, 15, 22745–22763 © 2025 The Author(s). Published by the Royal Society of Chemistry
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potentially facilitating the drug metabolism of Cp39 (Fig. 8D,
black dash frame). Nevertheless, the substantial dynamics
observed in the conformations of the ligand may suggest
a weaker binding interaction of Cp39 within the system.
Fig. 10 The combined principal component analysis (CPCA) coupled wi
depicted. (A) Represents the free energy landscape with MD data distribu
while (B) illustrates the same for the Cp43 system. A reference energy
conformation in each respective system. Subsequently, conformational
stable states, as shown in the right segment of each panel. The porcupin
features black arrows that signify the movements along each Principal Co
(PCAs), with arrow length proportional to the atom displacement in the
plot representing the most stable state, and are color-coded according

© 2025 The Author(s). Published by the Royal Society of Chemistry
Fig. 9 illustrates the root mean square uctuation (RMSF) on
the Ddn in the four MD systems, showing that the rst 30 amino
acids displayed signicant uctuations, consistent with
predictions from previous theoretical studies.22,71,72 This
phenomenon may explain why the N-terminal helix remains
th stable state cluster analysis of systems containing Cp28 and Cp43 is
tion and the most stable conformational states within the Cp28 system,
of 0 kT was assigned to the most populated and frequently visited
states with energies below 2 kcal mol−1 were identified as the most
e plot, located near the X- and Y-axes of the energy distribution plot,
mponent 1 (PC1) of the overall and local principal component analyses
essential dynamics. All identified states are superimposed beneath the
to the provided legends for clarity.

RSC Adv., 2025, 15, 22745–22763 | 22757
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unresolved in crystallography studies. In contrast, the inhibitor
and F420 binding domains (residues 60–70, 76–90, and 125–
140) exhibited relatively low uctuations.
Fig. 11 The CPCA analysis on Cp38 (A) and Cp39 (B) systems. The desc

22758 | RSC Adv., 2025, 15, 22745–22763
3.3.2. Drug-binding dynamics analyses. We furthered our
investigation into the structural dynamics of the four biological
systems by employing combined principal component analysis
(CPCA) on both the overall heavy atoms and the local catalytic
riptions are the same as in Fig. 10.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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heavy atoms, including Tyr65, Ser78, Tyr130, Tyr133, Tyr136,
F420, and the NOS segment of the ligands, over the course of the
production phase simulations. The PC1overall essential
dynamics illustrated the coordinated motion of the N-terminal
helix (H1) with loop1, while beta-sheets (B3-4) exhibited
counter-rotational movement, imparting a near-rigid character
to the NOS binding moiety (Fig. 10 and ESI Videos 1–8†). In the
CPCA, we transformed the PC1overall and PC1local data into
probability-based free energy landscapes, revealing an
intriguing nding. In the case of Cp28, only two distinct
microstates were observed, both closely aligned with the NOS
moiety. Minor uctuations were identied exclusively in the
benzyl tail region of the ligand, positioned within the kink
groove formed by helices 1 and 2. This observation suggested
that the movement of helix 1 played a pivotal role in guiding the
tail into these two distinct conformations.

In contrast, Cp43 exhibited three major microstates, with
considerable variations observed in the NOS moiety among
them. State 1 of Cp43, characterized by a free energy difference
of 1.24 kcal mol−1, closely resembled the NOS moiety posi-
tioning observed in Cp28. However, states 2 and 3 each lost
a hydrogen bond with either Tyr65 or Ser78. It was deduced that
this variation in NOS interaction could be attributed to the
relatively small R group of Cp43, which might not be long
Fig. 12 Detailed binding interactions in Cp28 and Cp43 systems and
interactions between the most stable state 1 of Cp28 and Ddn, with Ddn
representations, respectively, while F420 is omitted for clarity. (B) Depic
histogram illustrating the binding free energy decomposition on the key r
Cp39, and Cp43.

© 2025 The Author(s). Published by the Royal Society of Chemistry
enough to effectively insert into the kink groove formed by helix
1 and 2. Therefore, we deduced that this is why Cp43 is less
effective than PA-824. Thus, the length and chemical composi-
tion of the tail were identied as critical factors for stabilizing
the compound within Ddn.

For the recently developed Ddn inhibitors, Cp38 and Cp39
(Fig. 11), our investigation revealed distinct dynamics. In the
Cp38-containing system, we identied only two stable micro-
states. Both of these states correctly positioned the NOS
segment within the Ddn pocket, similar to what was observed in
the Cp28-containing system. Nevertheless, we observed some
minor protrusions beyond the Ddn pocket in the Cp38-
containing system, suggesting potential off-target interactions
(Fig. 10A). This observation raises questions about the speci-
city of Cp38 in its binding to Ddn. Conversely, the Cp39-
containing system presented a more intricate scenario with
six metastable states. Among these states, Cp39 exhibited
notable ipping (states 1 and 2, and states 5 and 6) and
signicant movement (states 3 and 4) in comparison to the
other compounds. This high molecular dynamic variability of
Cp39 may suggest that its inhibitory efficiency is less robust
than that of the other three compounds (Cpd28, Cpd43, and
Cpd38) (Fig. 12).
binding free energy decomposition histogram plot. (A) Illustrates the
, key residues, and the compounds depicted in new cartoon and stick
ts the interactions between Cp43 and Ddn of state 1. (C) Displays the
esidues responsible for binding Ddn in systems containing Cp28, Cp38,
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3.3.3. Binding free energies and decomposition analyses.
To examine in greater depth the intricate binding properties of
the four ligands, we conducted molecular mechanics/
generalized Born surface area (MM/PBSA) calculations and
energy decomposition analyses on the four molecular dynamics
(MD) systems (Table S4†), and then compared our ndings with
those of previous experimental studies.21–23 Our investigation
conrmed the preference of Ddn + F420 for Cp28
(−7.24 kcal mol−1) over Cp43 (−0.43 kcal mol−1), consistent
with earlier experimental results.21–23 Both Cp28 and Cp43
formed three pairs of hydrogen bonds with Tyr65, Tyr130, and
Ser78 in the NOS plane. Additionally, the tail atoms of Cp28
established a hydrogen bond with Lys79, while residues 17, 20,
and 23 contributed signicantly to the overall binding affinity
compared to the remaining residues (Fig. 11). Consequently, we
surmised that optimizing the R4–R5 group in terms of length
and chemical properties to accommodate the kink groove
created by H1 and L1 is pivotal for future drug design based on
the NOS moiety.

Binding free energies of the newly developed ligands, Cp38
and Cp39, were also calculated (−6.82 kcal mol−1 and
−4.64 kcal mol−1). However, the binding affinity of Cp39 did
not align with the results of a previous minimum inhibition
concentration (MIC) study.30 We speculate that Cp39 might
perform less effectively than the other ligands in inhibiting
Ddn, possibly due to challenges in either initiating the rst step
of drug catalysis or mitigating the entropy contributions
(29.14 kcal mol−1) in the Ddn binding process. An alternative
explanation could be that Cp39 possesses inhibitory capabil-
ities when interacting with other NOS-favorable targets, such as
DPRE2(16), in its activated form, similar to the active form of
PA-824, thereby resulting in an overall inhibitory effectiveness
akin to that of Cp38. Regarding the contributions of key resi-
dues to the binding process, our analysis indicated that the four
conserved tyrosine residues (Tyr65, Tyr130, Tyr133, and Tyr136)
did play a role in inhibitor binding. These might be the reason
why mutants such as Tyr133Phe, Tyr136Phe73 are the highly
drug-resistance types against PA-824. However, the most
substantial contributions to the binding energies involved
Phe8, Leu9, Phe17, ILE18, and Met21, located in L1 and H1.
These residues also serve as key driving forces in enhancing the
unfavorable entropy of smaller NOS inhibitors, as identied
from the metastable states of the free energy landscape in
CPCA. Thus, the free energy decomposition analysis under-
scores the signicance of the inhibitor moiety in L1 and H1 for
designing efficient Ddn-targeting drugs. As part of the L1 was
missing in the crystal structure,21 it is generally a difficult task to
develop an optimized compartment structure binding with L1,
nevertheless targeting the identied key residues (Phe8, Leu9,
Phe17, ILE18, and Met21) in L1 might provide a hint for
advancing this task. Surprisingly, we observed that Ser78 and
Lys79 appeared to hinder inhibitor binding, despite their
interactions with NOS and the F420 tail (rich in hydroxy chain
groups), respectively. This could be attributed to the frequent
oscillations of NOS and the random swinging motion of F420
tail atoms, as observed in our MD trajectories.
22760 | RSC Adv., 2025, 15, 22745–22763
4. Conclusion

Our study employed a comprehensive approach, encompassing
CoMFA and CoMSIA models, molecular docking, together with
molecular dynamics simulations, to provide vital insights into
the quantitative structure–activity relationships of the
compounds under investigation. Our results underscore the
efficacy of employing template ligand-based alignment for
model generation. The CoMFA and CoMSIA models showed
strong statistical performance, with a notable focus on the steric
eld and hydrogen bond donor eld. The contour maps derived
from 3D-QSAR models provided indispensable information
regarding the structural prerequisites essential for augmenting
compound activity (large, electronegative groups at R4 substit-
uent, minor, electropositive and hydrogen bond donor groups
at R5 substituent for Cp28 are favorable for the activity).
Through molecular dynamics simulations, we revealed stable
binding states of the compounds, with Cp28 emerging as the
most stable, while Cp39 displayed certain degrees of instability,
which may inuence its inhibitory effectiveness. Furthermore,
our analysis of the results from the four MD systems revealed
that the R groups of the NOS-based inhibitors demonstrated
a predilection for insertion into the kink area formed by L1 and
H2, thereby conferring stability to the entire inhibitor within
Ddn. This positioning also promotes the NOS plane's alignment
for subsequent drug catalysis. As a consequence, we anticipate
that future renements in the design of R4 and R5 groups for
NOS inhibitors, such as elongating the R chain and incorpo-
rating positively charged groups to facilitate interactions and
hydrogen bonding with Lys79, will be instrumental in
enhancing the binding affinity of NOS inhibitors to Ddn. An
additional noteworthy observation pertains to the NO2 compo-
nent of the NOS, which exhibited an unfavorable tendency to
bind with the conserved Ser78. The persistent breaking of the
hydrogen bond pair (Ser78-NO2@O) across all MD systems,
along with negative contributions to inhibitor binding as
revealed by energy decomposition, suggests the potential for an
upgrade of the NOS structure itself in future drug design for
combating anti-MTB. Ideally, the future NOS derivatives based
on our prediction model might serve as an alternative or
secondary treatment option to PA-824 or delamanid, when drug-
resistance mutants of Ddn develop. However, we are aware of
the limitations of the project, including pure bio-informatics
predictions, and have not considered the difficulty of synthe-
sizing the novel NOS inhibitors. Future NOS development will
rely on the wet-lab experimental work to solve these problems.
In summary, our study offers a solid foundation for designing
potent Ddn-targeting inhibitors based on the NOS scaffold. The
insights gained from this work provide actionable guidance for
ongoing efforts in anti-tuberculosis drug development and pave
the way to addressing the challenges posed by drug-resistant
MTB strains.

Data availability

The data supporting this article have been included as part of
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