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Abstract

Tuberculosis (TB), caused by Mycobacterium tuberculosis (Mtb), remains a global health
burden, particularly due to multidrug-resistant (MDR) and extensively drug-resistant
(XDR) strains. Rifampicin, a frontline anti-TB drug that inhibits RNA polymerase, has
been central to therapy, but rpoB mutations compromise its efficacy. This highlights the
need for Rifampicin analogues that target alternative enzymes to sustain therapeutic ef-
fectiveness. In this study, a structure-based computational approach was employed to
screen Rifampicin analogues against enoylacyl carrier protein reductase (InhA), a vali-
dated enzyme in the biosynthesis of mycolic acids. A library of 399 analogues was re-
trieved from SwissSimilarity and evaluated using ADMET analysis, with the best candi-
dates showing favourable pharmacokinetic profiles and compliance with Lipinski’s Rule
of Five. Molecular docking identified ZINC000013629834 (-10.90 kcal/mol) and
ZINC000253411694 (-10.36 kcal/mol) as superior to Rifampicin (-9.05 kcal/mol), with
ILE21, SER20, and THR196 consistently stabilizing interactions. Molecular dynamics sim-
ulations confirmed the stability of the complexes, with RMSD values of 0.167 nm, 0.175
nm, and 0.297 nm for ZINC000013629834, ZINC000253411694, and Rifampicin, respec-
tively. MM/PBSA analysis showed comparable binding free energies. These findings sug-
gest that optimized Rifampicin analogues targeting InhA may overcome rpoB-associated
resistance and serve as promising leads for next-generation anti-TB drug development.

Keywords: tuberculosis; multidrug resistant; molecular docking; molecular dynamics;
pharmacokinetics

1. Introduction

Tuberculosis (TB), caused by the intracellular pathogen Mycobacterium tuberculosis
(Mtb), continues to pose a formidable public health threat [1]. Despite being a preventable
and curable disease, TB remains one of the top 10 causes of death globally and the leading
cause from a single infectious agent [2]. According to the World Health Organization
(WHO), in 2023 alone, over 10 million people developed active TB, and approximately 1.3
million succumbed to the disease [3—6]. These numbers highlight the persistent burden of
TB in both high and low-income countries, compounded by socioeconomic inequalities,
limited access to healthcare, and diagnostic challenges.

ChemEngineering 2026, 10, 28

https://doi.org/10.3390/chemengineering10020028



ChemEngineering 2026, 10, 28

2 of 25

Beyond active disease, the burden of latent tuberculosis infection (LTBI) is even more
profound. As of 2014, it was estimated that nearly 1.7 billion people, roughly 23% of the
world’s population, harboured LTBI [7,8]. This silent reservoir poses a constant threat to
TB control efforts, as approximately 5-10% of infected individuals may progress to active
disease in their lifetime [9]. The majority of individuals with LTBI are concentrated in re-
source-limited regions, particularly in Africa, Southeast Asia, and the Western Pacific,
where 80% of cases are found and where TB transmission remains high due to weak
healthcare infrastructure and coinfections such as HIV [10,11]. While conventional first-
line anti-TB drugs, including isoniazid, Rifampicin, ethambutol, and pyrazinamide, have
been effective in combating drug-sensitive 1B, the emergence and spread of multidrug-
resistant (MDR-TB) and extensively drug-resistant (XDR-TB) strains have significantly
undermined global progress [12,13]. MDR-TB is defined as resistance to at least isoniazid
and Rifampicin, the two most potent TB drugs [14]. At the same time, XDR-TB includes
resistance to fluoroquinolones and second-line injectable agents [15]. These forms of drug
resistance demand longer, more toxic, and less effective treatment regimens, often with
poor treatment outcomes and increased economic burden.

Consequently, there is an urgent need for novel anti-tubercular compounds with new
mechanisms of action, favourable pharmacological profiles, and low resistance potential
[16]. Rifampicin resistance in M. tuberculosis primarily results from mutations within the
rpoB gene, which alter the Rifampicin-binding site on RNA polymerase and prevent ef-
fective drug engagement. In contrast, InhA remains structurally conserved in Rifampicin-
resistant isolates, making it an attractive alternative therapeutic target. Redirecting ri-
famycin-derived analogues toward InhA therefore represents a mechanistically distinct
strategy that may circumvent rpoB-mediated resistance while retaining desirable phar-
macological features of the parent scaffold.

Since ancient times, natural products have played a cornerstone role in antimicrobial
discovery, contributing to nearly 60% of existing antibiotics [17]. For instance, streptomy-
cin, the first anti-tuberculosis drug, was derived from a natural source [18]. These bioac-
tive compounds have provided crucial scaffolds for the development of clinically viable
therapeutics. The remarkable chemical diversity of natural products, spanning both ter-
restrial and marine ecosystems, continues to inspire the search for novel agents. Today,
researchers leverage this wealth of information to explore chemical space and design or
identify new analogues of known drugs [19,20].

The traditional drug discovery process, though effective, is often time-consuming,
costly, and characterized by high attrition rates. In recent years, the integration of compu-
tational approaches has significantly enhanced early-stage drug development by enabling
rapid virtual screening, target prioritization, and lead optimization. In silico techniques
such as molecular docking, pharmacokinetic profiling (ADMET), and molecular dynamics
(MD) simulations allow for the detailed evaluation of protein-ligand interactions, absorp-
tion, distribution, metabolism, excretion, and toxicity critical parameters in the selection
of drug-like molecules [21-23]. These tools not only reduce the cost and duration of the
discovery pipeline but also improve accuracy by mimicking biological environments and
molecular behaviour over time.

Moreover, combining molecular docking with MD simulations provides valuable in-
sight into the dynamic behavior and stability of protein-ligand complexes under physio-
logical conditions. Meanwhile, ADMET profiling helps to rule out compounds with poor
oral bioavailability or high toxicity early in the process, increasing the likelihood of down-
stream success. Together, these computational strategies form a robust framework for ra-
tional drug design and are particularly suited for screening large natural product libraries.

In this study, we harness a comprehensive in silico drug discovery pipeline to inves-
tigate the anti-tubercular structural analogues of Rifampicin. Specifically, we targeted
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InhA (enoyl-acyl carrier protein reductase) of M. tuberculosis, a key enzyme in the FAS-II
myecolic acid biosynthesis pathway and the primary protein used for structure-based
screening in this study. Through the integration of molecular docking, pharmacokinetic
modelling, and molecular dynamics simulations, this research seeks to uncover promising
rifampicin analogues that could serve as leads for future anti-TB drug development. Our
findings not only expand the chemical space for TB therapeutics but also support the
growing interest in natural products as a rich and untapped source of new pharmaco-
phores.

This study presents an early-stage computational screening designed to identify Ri-
fampicin analogues with potential inhibitory activity against InhA. The resulting hit com-
pounds offer a basis for future biochemical and biophysical validation.

2. Materials and Methods

2.1. Receptor Structure Preparation

The three-dimensional X-ray crystallographic structure of enoylacyl carrier Mycobac-
terium tuberculosis protein reductase (InhA), complexed with its native cofactor NADH and
the inhibitor isoniazid (PDB ID: 2IDZ), was obtained from the RCSB Protein Data Bank
[24]. The co-crystallized ligand positioned within the active site was utilized to guide the
identification of the binding pocket for virtual screening purposes. For computational ef-
ficiency, only chain A of the protein was retained, while additional chains, water mole-
cules, and heteroatoms were excluded. The protein structure was converted from PDB to
PDBQT format using MGLTools v1.5.7 [25] to facilitate docking simulations. UCSF Chi-
meraX 1.4 [26] was further used to pre-process and refine the receptor structure for down-
stream molecular dynamics simulations, ensuring the removal of unwanted residues and
the proper assignment of bond orders and hydrogen atoms.

2.2. Ligand Structure Preparation

A library of 400 drug-like compounds, including Rifampicin as the reference stand-
ard (gold standard), was retrieved from the SwissSimilarity platform [27]
https://www.swisssimilarity.ch/ (accessed on 10 August 2025) based on structural simi-
larity to known anti-tubercular agents. The compounds were downloaded in SDF format
and subsequently energy-minimized using Open Babel (obabel) v3.1.1 [28] with the Merck
Molecular Force Field (MMFF94) [29] to obtain geometrically stable conformations [30].
Following minimization, the structures were converted to PDBQT format by assigning
Gasteiger charges and defining rotatable bonds and torsional degrees of freedom. To en-
sure drug likeness, all compounds were evaluated against Lipinski’s Rule of Five, which
states that orally active drugs generally comply with the following criteria: molecular
weight < 500 Da, logP < 5, no more than 5 hydrogen bond donors, and no more than 10
hydrogen bond acceptors [31]. Compounds violating more than one criterion were ex-
cluded from further docking analysis.

2.3. Evaluation of the Drug-Likeness Properties of Selected Compounds

The evaluation of drug similarity properties of candidate compounds is a fundamen-
tal component of early phase drug discovery, as it provides critical information on their
potential pharmacokinetic behaviour in vivo [32]. While strong binding affinity and tar-
get-specific inhibitory activity are essential characteristics of lead compounds, they do not
guarantee success in drug development. Many promising molecules fail in later stages
due to suboptimal physicochemical or pharmacokinetic properties, such as poor absorp-
tion, low bioavailability, or metabolic instability. Drug-likeness screening helps eliminate
such compounds early in the pipeline, thereby improving the efficiency and success rate
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of downstream optimization efforts. In this study, a total of 399 small molecules structur-
ally similar to Rifampicin, a well-established antitubercular drug, were retrieved from the
SwissSimilarity platform. Rifampicin was included as a reference compound to bench-
mark structural and pharmacological characteristics. All compounds were subjected to
drug similarity evaluation using the SwissADME online tool [33] (http://www.swis-
sadme.ch/index.php, accessed on 11 August 2025), which calculates a range of commonly
used descriptors in medicinal chemistry. Specifically, the evaluation focused on molecular
weight (MW), hydrogen bond donors (HBD), hydrogen bond acceptors (HBA), and lipo-
philicity expressed as MLOGP. These parameters are recognized as key indicators of a
compound’s oral bioavailability and its ability to reach and remain at therapeutic concen-
trations at the site of action [33]. Additionally, all compounds were screened according to
Lipinski’s Rule of Five, a widely accepted set of criteria developed by Pfizer to estimate
the drug-likeness and oral bioavailability of small molecules [34]. Compounds that vio-
lated more than one of these rules were excluded from further analysis to increase the
likelihood of identifying candidates with favourable pharmacokinetic properties. This fil-
tration step was crucial in streamlining the compound library for molecular docking and
subsequent dynamic simulations, ensuring that only the most promising candidates with
drug-like characteristics were advanced for structure-based screening against Mycobacte-
rium tuberculosis targets. The integration of drug-likeness profiling at this stage strength-
ens the reliability of computational drug discovery workflows and enhances the transla-
tional potential of identified hits.

2.4. ADMET Profiling

The selected compounds were evaluated for their pharmacokinetic and toxicity pro-
files using the pkCSM web-based (http://biosig.lab.uq.edu.au/pkcsm/prediction accessed
on 11 August 2025) platform [32]. This analysis encompassed key ADMET parameters,
including gastrointestinal (GI) absorption, blood-brain barrier (BBB) permeability, central
nervous system (CNS) bioavailability, and potential as a substrate or inhibitor of P-glyco-
protein. In addition, cytochrome P450 enzyme interactions, specifically with CYP3A4 and
CYP2D6 isoforms, were assessed to predict possible metabolic liabilities and drug-drug
interaction risks. Elimination-related properties, such as total clearance (mL/min/kg), re-
nal OCT2 transporter inhibition, and mutagenicity (based on the Ames test), were also
examined to further evaluate compound disposition and genetic safety. Toxicological
endpoints critical to human safety, including the potential to inhibit the hERG potassium
channel (a key predictor of cardiotoxicity), likelihood of hepatotoxicity, and dermal sen-
sitization potential, were systematically analyzed. These in silico predictions served as an
essential early-stage filter to identify and exclude compounds with undesirable pharma-
cokinetic or toxicological characteristics, thereby prioritizing those with favourable drug-
like profiles for further computational and experimental investigation.

2.5. Molecular Docking

The molecular docking study proceeded by defining the binding site based on the
location of the native ligand within the crystal structure. A grid box was generated around
the predicted active site using MGLTools v1.5.7 [25], with its centre set at coordinates x =
-6.07 A,y =2.87 A, and z =22.63 A. The dimensions of the grid were specified as 50 A (x-
axis), 60 A (y-axis), and 50 A (z axis), ensuring complete coverage of the binding pocket.
The docking simulations were performed using AutoDock Vina v1.2.3 [35], with the ex-
haustiveness parameter set to 10 and a grid spacing of 1.0 A to balance speed and accu-
racy. The resulting binding poses were analyzed using BIOVIA Discovery Studio Visual-
izer 2021 v2021.1 [36] and UCSF ChimeraX 1.4 [37]. Compounds demonstrating strong
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binding affinities and favourable interaction profiles see (Table 1), within the active site
were shortlisted for subsequent molecular dynamics simulations.

Table 1. Molecular docking scores of the top ten virtually screened compounds from the ZINC da-

tabase [38], Native ligand and the reference compound Rifampicin.
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Rifampicin -9.05

2.6. Molecular Dynamics Simulation

Following molecular docking, the top two-ranked protein-ligand complexes (see Ta-
ble 1) plus Rifampicin were subjected to molecular dynamics (MD) simulations using
GROMACS 2018 [39]. Protein topology files were generated with the pdb2gmx utility,
while ligand parameters were derived from the SwissParam server (accessed 16 August
2025) [40,41] to ensure compatibility with the CHARMMS36 force field [42]. The processed
protein and ligand structures were combined to form complete complex systems. Each
system was placed in a cubic simulation box with a minimum margin of 1.0 nm from any
box edge and solvated with explicit TIP4P water molecules [43]. Before the production
run, energy minimization was carried out using the steepest descent algorithm (500 steps)
to remove steric clashes and optimize system geometry. The minimized systems under-
went a two-phase equilibration process: (i) constant number of particles, volume, and tem-
perature (NVT) equilibration at 300 K using the V-rescale (stochastic velocity rescaling)
thermostat [44], followed by (ii) constant number of particles, pressure, and temperature
(NPT) equilibration at 1 bar using the Parrinello-Rahman barostat [45] with the V-rescale
thermostat. The NVT and NPT phases were run for 250 ps and 500 ps, respectively, with
positional restraints applied to protein and ligand heavy atoms, allowing solvent mole-
cules to equilibrate freely. Long-range electrostatics were computed using the Particle
Mesh Ewald (PME) method [46], and covalent bond constraints involving hydrogen at-
oms were applied via the LINCS algorithm [47]. The production MD simulations were
performed for 100 ns with a 2 fs integration time step, recording trajectory frames every 1
ps without restraints. Post-simulation analyses included evaluation of structural and dy-
namic parameters: root mean square deviation (RMSD) of Ca atoms, root mean square
fluctuation (RMSF) of residues, radius of gyration (Rg), intermolecular hydrogen bond
profiles, Solvent Accessible Surface Area (SASA) and construction of the free energy land-
scape (FEL) for each complex.

2.7. Free Energy Landscapes

To evaluate the conformational stability, flexibility, and atomic motions of the InhA
protein and its ligand-bound complexes, we performed a principal component analysis
(PCA) to investigate their essential dynamics [48]. PCA was also used to construct free
energy landscapes (FELs) of InhA in the apo and complex states by applying a conforma-
tional sampling approach [49]. These FELs facilitated the identification of conformations
closer to the native state and were used to assess the stability and native-like configura-
tions of InhA before and after ligand binding.

2.8. Molecular Mechanics Poisson—Boltzmann Surface Area (MM/PBSA) Analysis

The Molecular Mechanics Poisson—-Boltzmann Surface Area (MM/PBSA) method is a
widely used computational approach for estimating the binding free energy of biomole-
cule complexes, particularly protein-ligand interactions that are not fully captured by mo-
lecular docking [50,51]. This method combines molecular mechanics energy terms with
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implicit solvent models to provide insights into the thermodynamic contributions govern-
ing molecular recognition and binding. In the present study, the g_mmpbsa tool was em-
ployed to calculate the binding free energies of InhA in complex with ZINC000013629834,
ZINC000253411694, and Rifampicin, according to the following equations:

AGbinding = Geomplex — Gprotein + Gligand @)
Gx=Emm + Gsol = TS (2)

EmM = Ebonded + Enonbonded = Ebonded + (Evdw + Eelec) 3)
Gsol = Gpolar + Gronpolar = Gpolar + (Y + S AS A +b) 4)

Here, Geomplex, Gprotein, and Giigand represent the free energies of the complex, protein,
and ligand, respectively. In Equation (2), the subscript x denotes the system under con-
sideration (protein, ligand, or complex). Emm is the average molecular mechanics energy
in vacuum, while TS is the entropic contribution (T = absolute temperature, S = entropy).
Since entropy calculations are computationally demanding, this term was omitted in the
g_mmpbsa implementation.

Equation (3) separates molecular mechanics energies into bonded and nonbonded
components, with the latter including both van der Waals (Evaw) and electrostatic (Eelec)
interactions. The solvation free energy (Gso) in Equation (4) was determined using an im-
plicit solvent model, which includes polar and nonpolar contributions. The nonpolar term
was estimated using the solvent-accessible surface area (SASA), where v is the surface
tension proportionality constant (set to 0.0072 kcal'mol--A-?) and b is the nonpolar solva-
tion parameter (set to 0.00 kcal'mol™) as also described by [52]. A total of 200 snapshots
were evenly extracted from the molecular dynamics trajectories and used to compute the
binding free energies of the protein-ligand complexes.

3. Results

3.1. Docking Validation and Benchmarking

To validate the robustness and reliability of the docking protocol employed in this
study, a benchmarking from experimental data and re-docking strategy was adopted us-
ing previously reported binding energy data that used the same approach. These litera-
ture data provide an appropriate reference framework for methodological validation.
First, reproduce the experimental values obtained from the isothermal titration calorime-
try (ITC) [53], we used targets and inhibitors used to their study to reproduce using mo-
lecular docking by AutoDock vina v1.2.3 as presented in Figure 1 and Table S1, with a
strong correlation of R?=0.83.

—6.5
g y = 0.725z — 2.2258 o
T —75) )
& R* =0.8323 o -
B .7 a
£ .7
g - R - |
) —8.5 -'m
ke ot
B L a
= —95) .;//
b= o
-10.5
—11.5 —10.5 -9.5 —8.5 =75 —6.5
Experimental (kcalmol ')

Figure 1. Docking protocol validation showing the relationship between the experimental data from

the ITC and those calculated via molecular docking using AutoDock vina. The strong correlation
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value (R? = 0.83) between the experimental and molecular docking values justifies the reliability of

the docking simulation used in the study.

In addition, a re-docking validation was performed using a highly cited molecular
docking study that employed AutoDock Vina v1.2.3 as the primary scoring function [54].
The docking protocol described in this reference was reproduced using identical Auto-
Dock Vina v1.2.3 settings. The re-docked ligand poses showed good agreement with the
reported docking conformations, and the reproduced docking scores exhibited a very
strong correlation with the published values (R?=0.94; Figure S1 and Table S2).

Overall, the strong agreement between reproduced docking scores and experimen-
tally reported values demonstrates the robustness and reproducibility of the employed
docking protocol. These results support the suitability of the method for predicting bind-
ing affinities and accurately simulating ligand-receptor interactions in the present study.

3.2. Molecular Docking Interaction

In this study, 399 structurally analogous compounds to the reference drug Rifam-
picin were retrieved from SwissSimilarity and evaluated for their binding potential
against Mycobacterium tuberculosis enoyl-acyl carrier protein reductase (InhA), a validated
target for tuberculosis therapy. The active site for molecular docking was defined based
on the cocrystallized structure of InhA in complex with the NH-NAD adduct, as reported
by Marcio et al. (2007) [55]. Key residues within the binding pocket included PHE54,
TYR43, ASP55, PHE64, GLU72, Val73, ILE74, TRP77, PHE117, CYS105, and TYR100. Mo-
lecular docking was performed using AutoDock Vina [35], and binding affinities were
calculated to assess ligand-target interaction strength and stability (Table S1). Among the
screened compounds, ZINC000013629834 displayed the most favourable binding energy
(-10.90 kcal/mol), suggesting a higher affinity for the binding site than the native ligand
(—9.38 kcal/mol). ZINC000253411694 and Rifampicin also exhibited strong binding affini-
ties of —10.36 kcal/mol and -9.38 kcal/mol, respectively (see Table 1). The top two candi-
dates, along with Rifampicin, were subsequently subjected to 100 ns molecular dynamics
(MD) simulations to evaluate the stability and persistence of their interactions with InhA
over time.

For ZINC000013629834, strong binding was primarily attributed to hydrogen bonds
with GLY96, SER94, THR196 and ILE21, supported by van der Waals interactions involv-
ing PHE97, ILE16, MET147, LYS165, PHE149, MET199, ILE194, TYR158, PRO193, ILE22,
GLY14, VAL65, GLN66, and ASP65. ZINC000253411694 formed hydrogen bonds with
ILE21, THR196, and SER20, in addition to m—mn stacking with PHE41, and van der Waals
interactions with VAL73, PHE66, LYS65, PHE64, ARG60, and GLY71. Similarly, Rifam-
picin established hydrogen bonds with MET98, ILE21, and SER94, complemented by van
der Waals contacts involving PHE97, THR196, GLY96, SER20, ALA22, MET147, LYS165,
PHE149, TYR158, and GLY192 (see Table 2).

Table 2. Molecular interactions of selected ligands with the InhA active site and the distances in

angstrom (A) for conventional hydrogen bonds.

Distance for H bonds

Compounds Interactions with InhA A)

Conventional Hydrogen Bond: GLY96,

SER94, THR196, ILE21
ZINCO00001362983 Van der Waals: ASP64, GLN66, VAL65, 32 18 29 and 3.2
4 GLY14, ALA22, PRO193, TYR158, ILE194, e '
MET199, PHE149, LYS165, MET147, ILE16,
PHE97

https://doi.org/10.3390/chemengineering10020028



ChemEngineering 2026, 10, 28 9 of 25

Carbon Hydrogen Bond: ILE95, SER20
Pi-Sigma: PHE41, ILE122
Conventional Hydrogen Bond: ILE21,

THR196, SER20
ZINC00025341169 Carbon Hyd;ogen Bond: ASP64 3.2, 2.8 and 3.0
4 Pi-Sigma: ILE95

Pi-Pi Stacked: PHE41
Pi-Alkyl: ILE16, ILE122, VAL65
Conventional Hydrogen Bond: MET98,
SER94, ILE21
Van der Waals: ALA191, GLY192, TYR158,
Rifampicin PHE149, LYS165, MET147, ALA22, SER20, 3.1,2.1and 2.9
GLY96, THR196, PHE97
Carbon Hydrogen Bond: ASP148, ILE194
Pi-Sigma: PRO193

Across the three ligands, ILE21, SER20, and THR196 consistently engaged in hydro-
gen bonding, indicating their central role in ligand anchoring within the InhA active site.
Additional residues such as SER94, GLY96, PHE97, and VALG65 frequently participated
through hydrogen bonds or hydrophobic contacts, suggesting their importance in stabi-
lizing inhibitor orientation (Figure 2). The recurrence of these interactions in chemically
distinct ligands highlights them as potential pharmacophoric anchors for designing po-
tent InhA inhibitors.

https://doi.org/10.3390/chemengineering10020028



ChemEngineering 2026, 10, 28

10 of 25

W222.

Figure 2. Interaction of residues from InhA with selected three compounds: (A) ZINC000013629834
(B) ZINC000253411694, and (C) Rifampicin.

3.3. Pharmacokinetic and Physicochemical Analysis

The physicochemical and pharmacokinetic profiles of ZINC000013629834,
ZINC000253411694, and Rifampicin were evaluated in silico to assess their therapeutic
potential. These parameters are essential for predicting the ability of a compound to reach
its target site at concentrations sufficient to elicit a pharmacological effect. ADMET (ab-
sorption, distribution, metabolism, excretion, and toxicity) [56] was predicted using com-
putational tools, providing a rapid and cost-effective alternative to experimental ap-
proaches. The assessment also included predictions of oral bioavailability and blood-
brain barrier (BBB) permeability [57]. To enhance reliability, additional models such as the
Brain or Intestinal EstimateD permeation method (BOILED-Egg) and Lipinski’s Rule of
Five (RO5) were applied via SwissADME. The pharmacokinetic and physicochemical
properties of the three compounds are summarized in Table 3. ZINC000013629834 (MW
= 406.39 g/mol; LogP = 1.81; HBD = 3; HBA = 7), ZINC000253411694 (MW = 432 g/mol;
LogP = 3.08; HBD = 3; HBA =5), and Rifampicin (MW = 437.4 g/mol; LogP = 2.46; HBD =
2; HBA =8) all complied with Lipinski’s Rule of Five, indicating favourable drug-likeness.
All compounds exhibited LogP values below 5, within the optimal range (0.5-5.0) for
drug-like molecules, reflecting balanced lipophilicity that supports membrane permeabil-
ity while maintaining adequate aqueous solubility. This balance is consistent with effec-
tive absorption, distribution, and bioavailability and is generally associated with lower
toxicity and improved interaction with hydrophobic targets.

Table 3. Physicochemical, pharmacokinetic, and medicinal chemistry descriptors of selected lig-

ands.

Descriptor ZINC000013629834 ZINC000253411694 Rifampicin
Total no. of atoms 30 32 32
Molecular weight (g/mol) 406.39 432.00 437.40
No. of H-bond acceptors 7 5 8
No. of H-bond donors 3 3 2
No. of rotatable bonds 6 5 7
TPSA (A2 130.34 104.56 124.00
LogP 1.81 3.08 2.46
LogS (ESOL) -7.37 -8.13 -6.76
GI absorbance High High High
BBB permeant No No No
LogKp (skin permeation) (cm/s) -7.16 -6.74 -7.07

https://doi.org/10.3390/chemengineering10020028
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Lipinski rule 0 0 0
Veber 0 0 0
Bioavailability score 0.55 0.55 0.55
Lead likeness 1 1 1
Synthetic accessibility 3.55 4.06 3.91

Notes: LogP = Logarithm of the partition coefficient; TPSA = Topological polar surface area, LogS =
Aqueous solubility, GI = Gastrointestinal absorption, BBB = Blood—-Brain Barrier.

All molecular weights were below 500 g/mol, supporting oral bioavailability, as
higher values often reduce membrane permeability. The topological polar surface areas
(TPSA=124-130.34 A2) were below the recommended threshold of 140 A2, indicating fa-
vourable hydrogen bonding characteristics and supporting the ability of the compounds
to cross cellular membranes, including the BBB, and to be absorbed via the gastrointestinal
tract. None of the compounds violated Lipinski’s rule, suggesting favourable overall
physicochemical characteristics for oral administration.

Evaluation using Veber’s rule [58], which is an oral drug-likeness guideline that pre-
dicts good oral bioavailability, has revealed zero violations, consistent with favourable
conformational flexibility and polarity for oral bioavailability. The lead-likeness analysis
indicated one physicochemical property violation, suggesting that although the com-
pounds are promising drug candidates, structural optimization may be required to im-
prove their lead profiles. Synthetic accessibility scores for ZINC000013629834,
ZINC000253411694, and Rifampicin were 3.55, 4.06, and 3.91, respectively. These low-to-
moderate values indicate that all three compounds can be synthesized using standard la-
boratory procedures without significant challenges.

3.4. Stability Analysis
3.4.1. Root Mean Squared Deviation

Root-mean squared deviation (RMSD) analysis was performed to evaluate the struc-
tural stability of the InhA protein and its ligand-bound complexes during molecular dy-
namics (MD) simulations. RMSD quantifies the average displacement of the C-a atoms at
a given time point relative to their positions in the initial reference frame. Generally, low
RMSD values indicate a stable protein or complex with minimal atomic displacement,
whereas high RMSD values reflect increased structural fluctuations and potential insta-
bility [59,60].

In this study, the InhA protein was simulated in complex with the top three ligands—
ZINC000013629834, ZINC000253411694, and Rifampicin—selected based on their highest
binding affinities from molecular docking. The RMSD values for these complexes were
0.16792 + 0.01290 nm, 0.17485 + 0.00254 nm, and 0.29655 + 0.01620 nm for
ZINC000013629834, ZINC000253411694, and Rifampicin, respectively. All values were be-
low the commonly accepted threshold of 2 A (~0.2 nm), indicating stable complex for-
mation throughout the 100 ns simulations (Figure 3a).

The RMSD probability distribution plots revealed a single dominant peak for all sys-
tems (Figure 3b), consistent with the time-resolved RMSD profiles (Figure 3a). The trajec-
tories exhibited transient fluctuations during the first 20 ns, followed by stabilization be-
tween 2040 ns and again from 70-100 ns, suggesting an initial structural adaptation
phase before reaching equilibrium. These observations indicate that all three ligands
maintained stable binding within the InhA active site during the simulation period.
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Figure 3. Root Mean Square Deviation of InhA, and when complexed with ZINC000013629834,
ZINC000253411694, Rifampicin interacting with Amino Acids from InhA (a) time-dependent and
(b) probability density of RMSD.

Moreover, MD simulations provided additional insight beyond molecular docking
by allowing conformational flexibility of both the protein and ligands over time. Key pro-
tein-ligand interactions were monitored at 0 ns, 50 ns, and 100 ns, focusing particularly
on hydrogen bond formation in the ZINC000013629834 complex. The hydrogen bond dis-
tance decreased from 2.412 A at the beginning to 1.780 A at 50 ns, and further to 0.971 A
at 100 ns (Figure 3), indicating strengthened interactions and dynamic rearrangements of
key binding site residues during the simulation.

3.4.2. Solvent Accessible Surface Area (SASA)

Another key parameter evaluated after the MD simulations was the Solvent Accessi-
ble Surface Area (SASA), which provides insights into the conformational dynamics of the
protein-ligand complex, reflecting ligand binding effects and overall complex stability. In
general, a decrease in SASA indicates structural compaction and burial of hydrophobic
regions, whereas an increase suggests unfolding or exposure of previously buried resi-
dues [61-63]. In this study, SASA was calculated for InhA complexed with
ZINC000013629834, ZINC000253411694, and Rifampicin, yielding average values of 145
nm?, 143 nm?, and 142 nm?, respectively (Figure 4a,b) for time dependence and probability
of SASA respectively. The relatively stable SASA values over the 100 ns simulation period
indicate that the complexes remained conformationally stable, supporting the potential
therapeutic relevance of the identified compounds.

160 ‘ - ‘ 0.52
(a) -Apo InhA (b) *Apo InhA
155 —ZINC000013629834 0.42 —ZINC000013629834
o~ —ZINC000253411694 —ZINC000253411694
g 150 ——Rifampicin 1 5082 ——Rifampicin
@ 3 p
% 145 0022
wn
140 § _ 0.12
135 0024 —
0 20 40 60 80 100 138 143 148
Time, ns Rg, nm

Figure 4. Solvent Accessible Surface Area of InhA, and when complexed with ZINC000013629834,
ZINC000253411694, and Rifampicin. (a) Time-dependent and (b) probability density of RMSD.

https://doi.org/10.3390/chemengineering10020028



ChemEngineering 2026, 10, 28

13 of 25

3.4.3. Radius of Gyration (Rg)

The radius of gyration (Rg) was analyzed as an additional parameter to evaluate the
conformational stability of the protein during the simulations. This parameter represents
the mass-weighted root mean square distance of the protein atoms from their common
centre of mass [64], and it serves as a measure of the overall compactness of the protein—
ligand complex over time. Typically, a lower or decreasing R value reflects structural
compaction and stable folding, whereas higher or fluctuating values suggest conforma-
tional instability and unfolding.

In this study, Rg was computed for the InhA complexes with ZINC000013629834,
ZINC000253411694, and Rifampicin. The average Rg values of all three complexes were
approximately 1.83 nm. For ZINC000013629834, R; stabilized at 1.80 nm during the first
30 ns, increased slightly to 1.84 nm by 50 ns, and remained stable up to 100 ns. A similar
trend was observed for ZINC000253411694. In the Rifampicin complex, Rg started at 1.85
nm, gradually decreased to 1.80 nm by 30 ns, and fluctuated moderately around 1.82 nm
for the remainder of the trajectory Figure 5a for time-dependent plots and Figure 5b for
probability distributions). Despite these minor variations, the protein retained a compact
conformation throughout the 100 ns simulations. The relatively stable Rg values across all
ligand-bound systems suggest enhanced conformational stability, most likely due to
strong and persistent protein-ligand interactions.

2.00 680 5 §
(a) Apo InhA (b) Apo InhA
1.95 ——ZINC000013629834 ——ZINC000013629834
—ZINC000253411694 40 —ZINC000253411694
£1.90 —Rifampicin e - Rifampicin
c [®)
S 4
 1.85 o
20
1.80
1.75 0 -
0 20 40 60 80 100 1.76 1.78 1.80
Time, ns Rg, nm

Figure 5. Radius of gyration for InhA, and when complexed with ZINC000013629834,
ZINC000253411694, Rifampicin (a) time dependent and (b) probability density of Rg.

3.4.4. Root Mean Squared Fluctuations (RMSF)

To gain deeper insights into the conformational stability and structural flexibility of
residues within each protein-ligand system, root mean square fluctuation (RMSF) anal-
yses were performed over the 100 ns MD trajectories [65]. RMSF provides residue-wise
information on atomic positional deviations, allowing the identification of flexible loops,
binding site rearrangements, and regions of structural stabilization upon lig- and binding.
As illustrated in Figure 6, the InhA protein complexed with ZINC000013629834,
ZINC000253411694, and Rifampicin displayed broadly similar fluctuation profiles, reflect-
ing comparable overall stability across the three systems. In the ZINC000013629834 com-
plex, distinct fluctuations were observed around residues 48-52, 153, and 210-222, with
the most pronounced peak occurring at residue 210, where the fluctuation reached ap-
proximately 0.3 nm. A similar trend was observed in the ZINC000253411694 complex,
though with slightly lower amplitudes, suggesting reduced flexibility in those regions. In
contrast, the Rifampicin complex showed a more noticeable degree of residue fluctuation,
particularly in the loop regions, which exhibited higher mobility compared to the novel
ligand complexes. These observations indicate that while all three ligands preserved the
structural integrity of InhA, ZINC000013629834 and ZINC000253411694 promoted rela-
tively greater conformational stability compared to Rifampicin. The reduced flexibility in
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the novel ligand complexes highlights their ability to stabilize key structural elements of
the protein, reinforcing their potential as promising therapeutic candidates.

0.8

Apo InhA
7 —ZINC000013629834
0.6 —— ZINC000253411694
chl_) — Rifampicin
= 04/ 1
4
0.2 1
0.0
0 100 200 300

Residue Position

Figure 6. Root Mean Square Fluctuation for InhA, and when complexed with ZINC000013629834,
ZINC000253411694 and Rifampicin.

3.5. Hydrogen Bond Analysis

The determination of the intermolecular hydrogen bond is crucial for identifying the
key contributors to protein-ligand interactions [66,67]. Monitoring the number and per-
sistence of hydrogen bonds during molecular dynamics (MD) simulations provides valu-
able information on the stability and strength of the complexes [68]. In this study, the hy-
drogen bonds between InhA and the selected ligands were analyzed over a 100 ns MD
trajectory. Throughout the simulations, dynamic hydrogen bond networks were ob-
served, with fluctuations ranging between one and six bonds (Figure 7). For the InhA-
ZINC000013629834 complex, strong interactions ranging from one to five hydrogen bonds
were recorded, with predominant occupancies at two, three and four bonds. These inter-
actions were primarily stabilized by residues GLY96, SER94, THR196, and ILE21 with dis-
tances of 3.2, 1.8, 29 and 3.2 A respectively see Table 2. Similarly, the InhA-
ZINC000253411694 complex exhibited a range of zero to five hydrogen bonds, most fre-
quently maintaining two, three, or four bonds (Figure 8). The key residues involved were
ILE21, THR196, and SER20 with distances of 3.2, 2.8 and 3.0 A, respectively (Table 2)
which were also identified during the docking simulations. In comparison, the reference
inhibitor Rifampicin formed the most stable hydrogen bonding network with InhA, fluc-
tuating between two and six bonds (Figure 9). The predominant interactions, maintained
at three, four, and five bonds, involved MET98, SER94, and ILE21 with distances of 3.1,
2.1and 2.9 A, respectively. The persistence of these hydrogen bonds across the trajectories
highlights their role in stabilizing the protein-ligand complexes, suggesting that stability
is influenced not only by the size of the compounds but also by the nature of their func-
tional groups [69].

https://doi.org/10.3390/chemengineering10020028



ChemEngineering 2026, 10, 28 15 of 25

Number of Hbonds
w N

N

1 1 1

% 20 40 60 80 100
Time (ns)

Figure 7. Hydrogen analysis for InhA complexed with ZINC000013629834.
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Figure 9. Hydrogen analysis for InhA complexed with Rifampicin.

3.6. Free Energy Landscape Analysis

The free energy landscape (FEL) analysis provides crucial insights into the stability
of apo protein and protein-ligand complexes, particularly in the prediction of binding
transition states and metastable conformations, which are of significant importance in
drug design [70]. In this study, the Gibbs free energy landscapes of the systems were com-
puted within an energy range of 0 to 14 kcal/mol. FELs were derived using the Boltzmann
distribution equation; see Equation (5).

AG=-RTInP (5)

where G represents the probability of a given conformation along the reaction coordinates,
and PC1 and PC2 denote the first and second principal components, respectively, R is
molar gas constant and T is the absolute temperature. These parameters capture the dom-
inant conformational variations in the protein and its complexes. The conformational sta-
bility of the protein-ligand complexes was further assessed using two-dimensional free
energy landscape (FEL) plots constructed from the principal components PC1 and PC2
obtained through PCA (as defined in Equation (5)). In the FEL maps, deep blue regions
represent global minima corresponding to low free-energy, highly stable conformational
states, whereas yellow regions denote higher-energy, less stable conformations. This vis-
ualization provides an intuitive summary of the dominant motions captured by the first
two principal components and highlights the preferred conformational basins sampled
during the simulation. The FEL analysis revealed distinct stability patterns across the sys-
tems. The apo InhA protein exhibited one major global minimum surrounded by two local
minima (Figure 10). The InhA-ZINC000013629834 complex displayed multiple metastable
states with well-defined global minima, suggesting conformational transitions repre-
sented by three discrete basins separated by energy barriers (Figure 11). For the InhA-
ZINC000253411694 complex, one dominant global minimum and two additional metasta-
ble conformations were observed (Figure 12). The InhA-Rifampicin complex exhibited
two major global minima with several local minima (Figure 13).
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Figure 10. 2D free energy landscape for Apo protein InhA.
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Figure 11. 2D free energy landscape for the complex for the Ligand ZINC000013629834.
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Figure 12. 2D free energy landscape for the complex for the Ligand ZINC000253411694.
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Figure 13. 2D free energy landscape for the complex of the Ligand Rifampicin.

Overall, these FEL results demonstrate that [nhA and its ligand-bound complexes
adopt stable conformational states, supporting the potential inhibitory properties of the
identified compounds.
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3.7. MM/PBSA Binding—Free Energy Analysis

To further validate the docking results and quantify the binding affinities of the pro-
tein-ligand complexes, we performed molecular mechanics Poisson-Boltzmann surface
area (MM/PBSA) analysis. This approach estimates the binding free energy by decompos-
ing the total energy into contributions from van der Waals, electrostatic, polar solvation,

nonpolar solvation, and overall energy. The calculated binding free energies are summa-
rized in Table 4.

Table 4. Binding energy calculations of ZINC000013629834, ZINC000253411694 and Rifampicin in
kJ/mol.

Complexes AEvdW AEeiect AGes AGsasa AGpinding
ZINC000013629834 -201.951+0.974 -67.275+0.913 200.601 +1.300 -21.560 + 0.095 -90.159 + 1.499
ZINC000253411694 -185.814+1.215 —67.608 +0.878 183.415 + 1.231 -21.557 +0.114 -91.646 +1.524
Rifampicin -216.680 + 1.366  -90.289 + 1.775 239.704 +1.340 -23.364 + 0.092 -90.734 +1.431
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Among the studied complexes ZINC000013629834, ZINC000253411694, and Rifam-
picin, the binding affinity of ZINC000013629834 was primarily stabilized by van der
Waals interactions (—201.951 kJ/mol), complemented by electrostatic interactions (-67.275
kJ/mol) and nonpolar solvation energy (-21.56 k]J/mol), whereas polar solvation opposed
binding (+200.601 kJ/mol) see Figure 14a. The total binding free energy for this complex
was —91.159 kJ/mol. For ZINC000253411694, the energy decomposition followed a similar
pattern, with van der Waals contributions of —185.814 kJ/mol, electrostatic interactions of
-67.608 kJ/mol, and polar solvation opposing binding at 183.415 kJ/mol, resulting in an
overall binding free energy of —91.646 kJ/mol is the most favourable among the studied
complexes see Figure 14b. Rifampicin, used as a reference compound, exhibited higher
van der Waals (-216.680 kJ/mol) and electrostatic (-90.289 kJ/mol) contributions than the
two ZINC compounds. However, these were counterbalanced by a larger polar solvation
energy of +239.704 kJ/mol, yielding a total binding free energy of —-90.734 kJ/mol, compa-
rable to the other complexes as presented at Figure 14c.

10

LYS165

7]

—10 ¢

Contribution Energy (kJ/mol)

Contribution Energy (kJ/mol)

>
Z

91dTI
121

2

661LAN

g

L6dHd

N 9l R . R L A
252 2 52 102 152 202 252
Residues

152 202 252 2 52 102 152 202

Figure 14. The energy contribution to protein-ligand binding (a) ZINC000013629834, (b)
ZINC000253411694 and (c) Rifampicin.

The observed differences in the energy contributions of the complexes motivated a
detailed per-residue decomposition analysis in order to identify key amino acids involved
in protein-ligand stabilization. For the ZINC000013629834 complex, the most favourable
contributions were provided by PHE97 (-9.66 kJ/mol), ILE95 (-7.74 kJ/mol), ILE16 (-6.25
kJ/mol), MET161 (-3.80 kJ/mol), and PHE149 (-3.04 kJ/mol). In contrast, ASP42 (+2.94
kJ/mol), SER94 (+2.33 kJ/mol), and LYS165 (+12.96 kJ/mol) exhibited unfavourable contri-
butions, suggesting local steric or electrostatic repulsion. In the ZINC000253411694 com-
plex, stabilizing residues included LEU197 (-9.16 kJ/mol), PHE97 (-5.88 k]J/mol), ILE95
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(—4.05 kJ/mol), PHE41 (-4.26 kJ/mol), and MET161 (-3.33 k]J/mol). Conversely, unfavoura-
ble contributions arose from SER94 (+5.95 kJ/mol), GLY96 (+4.02 kJ/mol), and GLU219
(+0.92 kJ/mol). For the Rifampicin complex, the key stabilizing residues were PHE97 (-7.48
kJ/mol), ILE21 (-5.26 kJ/mol), ILE16 (-5.99 kJ/mol), ARG43 (-1.55 kJ/mol), and MET103
(-2.99 kJ/mol). The main destabilizing residues were SER94 (+6.36 kJ/mol), ASP42 (+1.50
kJ/mol), and ASP115 (+0.95 kJ/mol).

Taken together, these findings confirm that drug stabilization within the binding
pocket is primarily influenced by conserved hydrophobic residues, particularly PHE97,
ILE95/21, and MET161/103, which consistently provided favourable contributions across
all three complexes. In contrast, SER94 and ASP42 were repeatedly associated with unfa-
vourable interactions, indicating that this region of the binding site is energetically un-
suitable for ligand accommodation. Overall, the results highlight the presence of con-
served energetic hotspots that support common interaction mechanisms. At the same
time, variations in residue-specific contributions help explain the observed differences in
binding affinities among the complexes. In general, the MM/PBSA analysis indicates that
ZINC000253411694 exhibited the strongest binding affinity (—91.646 kJ/mol), followed
closely by Rifampicin (-90.734 kJ/mol) and ZINC000013629834 (-91.159 kJ/mol). These re-
sults confirm that the selected drug candidates exhibited slightly stronger binding affini-
ties compared to the reference Rifampicin.

It is important to note that the docking scores (kcal/mol) and MM/PBSA free energies
(kJ/mol) are reported in their native units as produced by AutoDock Vina and g_mmpbsa,
respectively.

4. Discussion

The persistence of tuberculosis (TB) is largely attributed to mutations in the rpoB
gene, which confer resistance to first-line drugs such as Rifampicin and present a major
barrier to effective TB management. Rifampicin exerts its therapeutic activity by inhibiting
RNA polymerase; however, resistance mutations allow bacterial survival without com-
promising viability, thereby limiting the long-term utility of this frontline drug. Designing
Rifampicin analogues that engage alternative mechanisms of action, such as inhibition of
enoyl-acyl carrier protein reductase (InhA), offers a rational strategy to overcome rpoB-
mediated resistance. In this study, two Rifampicin analogues—ZINC000013629834 and
ZINC000253411694 — were identified as promising candidates, showing stronger binding
affinities toward InhA compared to Rifampicin. All three complexes engaged conserved
residues (ILE21, SER20, THR196, PHE97, and ILE95) that are crucial for ligand stabiliza-
tion and inhibition at the InhA binding site. These findings are consistent with previous
crystallographic and computational studies highlighting the importance of hydrophobic
and hydrogen-bonding interactions at these residues in stabilizing InhA-inhibitor com-
plexes.

Importantly, ADMET profiling demonstrated that both analogues satisfied Lipinski’s
Rule of Five, exhibited high predicted gastrointestinal absorption, and showed no major
toxicity alerts, highlighting their favourable pharmacokinetic properties. This aligns with
earlier reports where Rifampicin derivatives optimized for drug-likeness displayed im-
proved oral bioavailability and reduced toxicity. Molecular dynamics simulations con-
firmed the stability of the protein-ligand complexes, with reduced conformational fluctu-
ations reflected in RMSD values of 0.16792 nm, 0.17485 nm, and 0.29655 nm for
ZINC000013629834, ZINC000253411694, and Rifampicin, respectively. Notably, the ana-
logues maintained RMSD values below 0.2 nm, suggesting stronger structural stability
compared to Rifampicin. Similar trends have been observed in MD simulations of InhA
inhibitors, where stable RMSD trajectories correlate with higher inhibitory potency.
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Furthermore, MM/PBSA binding free energy calculations revealed comparable affin-
ities, with ZINC000253411694 (-91.65 k]J/mol), ZINC000013629834 (-90.16 kJ/mol), and Ri-
fampicin (—90.73 kJ/mol). These values are consistent with prior computational analyses
of InhA-ligand complexes, which reported binding free energies in a similar range for
clinically relevant inhibitors. Collectively, these findings indicate that optimized Rifam-
picin analogues targeting InhA may overcome rpoB-associated resistance and represent
promising lead compounds for next-generation anti-TB drug development. By aligning
with structural and simulation-based evidence from previous studies, this work further
underscores the feasibility of rationally designing Rifampicin analogues to broaden ther-
apeutic strategies against drug-resistant TB.

The results obtained through docking, ADMET profiling, MD simulations, and
MM/PBSA calculations provide strong computational evidence that the two analogues
possess the characteristics of potential InhA inhibitors. However, these findings should be
viewed as preliminary until validated experimentally. Future studies should incorporate
biochemical inhibition assays and biophysical binding measurements to confirm the pre-
dicted activity and further optimize these compounds.

In addition, future studies should evaluate the in vitro antibacterial activity of the
top analogues against Mycobacterium tuberculosis H37Rv and Rifampicin-resistant strains
to confirm that the predicted InhA inhibition translates into whole cell efficacy.

Although this work focuses on InhA, a comprehensive off-target assessment is im-
portant in drug development. Because this study represents early-stage computational
screening, detailed pathogen or human selectivity profiling was beyond its scope. How-
ever, ADMET predictions from pkCSM and SwissADME provided preliminary insights
into potential off-target and safety risks. Broader off-target evaluation should be pursued
in future studies as the identified analogues advance toward experimental validation.

5. Conclusions

This study demonstrates that Rifampicin analogues can be rationally redesigned to
target InhA and overcome RpoB-mediated resistance. Among the screened compounds,
ZINC000253411694 and ZINC000013629834 exhibited potent inhibition, stable interac-
tions, and superior pharmacokinetic profiles compared to Rifampicin. These findings
highlight the use of analogue-based design as a promising strategy to extend rifamycin
efficacy and tackle drug resistance, addressing the urgent need for novel approaches in
the post-antibiotic era. Although the present work is computational, the identified ana-
logues exhibit promising pharmacokinetic, structural, and energetic properties that war-
rant advancement to experimental validation. Future work will include enzyme inhibition
assays and biophysical binding studies to confirm the predicted InhA inhibitory activity
and evaluate their potential as next-generation anti-TB agents.
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