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Abstract: Antimicrobial resistance poses a severe threat, particularly in developing countries where
the ready availability of drugs and increased consumption lead to improper antibiotic usage, thereby
causing a surge in resistance levels compared to developed areas. Despite the past success of
antibiotics, their effectiveness diminishes with regular use, posing a significant threat to medical
efficacy. Pseudomonas aeruginosa, an opportunistic pathogen, triggers various infection-related issues,
occurring on occasions including chronic wounds, burn injuries, respiratory problems in cystic
fibrosis, and corneal infections. Targeting the quorum sensing (QS) of P. aeruginosa emerges as a
strategic approach to combat infections caused by this bacterium. The objective of this study was
to check the effect of antimycobacterial drugs against the potential QS targets in P. aeruginosa and
identify lead candidates. The antimycobacterial drugs were first examined for the toxicological
and pharmacokinetic profile. By virtual screening through molecular docking, delamanid and
pretomanid stood out as major candidates. The binding energies of delamanid and pretomanid
with LasR were determined to be −8.3 and −10.9 kcal/mol, respectively. The detailed analysis of
the complexes of lead compounds were examined through molecular dynamics simulations. The
molecular simulations data validated a sustained interaction of lead drugs with target proteins (PqsR,
LasI, and LasA) in a physiological environment. The negligible changes in the secondary structure of
proteins in presence of hit antimycobacterial drugs further strengthened the stability of the complexes.
These findings highlight the potential repurposing of delamanid and pretomanid, specifically in
targeting P. aeruginosa quorum-sensing mechanisms.

Keywords: pathogenicity; antimycobacterial drugs; P. aeruginosa; virulence factor; molecular
dynamics simulation; molecular docking

1. Introduction

The challenge of antimicrobial resistance looms large, especially in developing nations,
where the confluence of easily accessible medications and heightened drug consumption
has led to a disproportionately high incidence of improper antibiotic use [1,2]. This has
resulted in a more significant increase in antimicrobial resistance levels compared to devel-
oped countries [3,4]. Over the past century, we have seen the discovery of groundbreaking
medicines—antibiotics. However, we are now confronted with the looming threat of losing
these antibiotics. Antibiotics, which have consistently cured numerous patients, paradoxi-
cally lose their efficacy with regular use [5]. The dwindling availability of antibiotics poses
a serious threat to modern medicine [4]. New antibiotic discovery is slowing down, and
the escalation of antibiotic resistance is primarily attributed to their extensive use in both
environmental and medical sectors. The combined rapid emergence of resistance and short
treatment regimens makes investing in the development of new antibiotics economically
less attractive within the current business scenario [4,6].
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Traditionally, bacterial cells were thought to be autonomous entities, each with self-
regulating systems [7]. However, contemporary understanding emphasizes quorum sens-
ing, a process where bacteria both synthesize and detect signaling molecules to commu-
nicate [8]. QS signals govern the release of extracellular factors, influencing immune
suppression, nutrient scavenging, biofilm formation, virulence, and mobility [7,8]. These
factors enhance local bacterial populations that are crucial to the bacterial ecosystem [9].
QS also enables the individual cells to monitor their community size, regulating resource-
intensive features based on cell density and concentration of signaling molecule [8,10].
As a result, bacteria can coordinate cooperative behaviors beyond the reach of isolated
cells. From the initial identification of QS systems in pathogenic bacteria, there has been
considerable interest in deciphering the ability of QS to control the transcription of genes
associated with virulence [11]. In early investigations, researchers often employed strains
with mutations in genes responsible for signal synthases, highlighting the significance of
QS in governing virulence across a diverse range of Gram-negative organisms [12].

Pseudomonas aeruginosa (P. aeruginosa), an opportunistic pathogen, exhibits the tendency
to infect a diverse array of hosts, spanning insects, plants, and animals [13,14]. In humans,
P. aeruginosa assumes a pivotal role in health problems, including chronic wounds [15], burn
wounds, corneal infections [16,17], and respiratory cystic fibrosis patients [18,19]. Notably,
P. aeruginosa produces various extracellular products, such as proteases, inducing tissue
damage and aiding infection spread. The regulation of these products involves a complex
hierarchical quorum sensing cascade [8]. Two AHL circuits, LasR-LasI and RhlR-RhlI, both
comprising a LuxR-type receptor and a LuxI-type synthase, exist within this QS system.
LasI produces 3OC12-HSL, while RhlI produces C4-HSL [8]. In the P. aeruginosa PAO1,
LasR circuit holds a hierarchical position, governing the RhlR circuit [7]. Beyond AHL-
based QS, P. aeruginosa generates the quinolone signals (PQS), synthesized through the
pqsABCDE operon, intricately connected to AHL-based QS [20]. PQS, positively regulated
by LasR, influences the virulence factors production like elastase, pyocyanin, and LecA
lectin, impacting biofilm formation. PQS-governed QS system substantially contributes to
the pathogenicity and virulence in P. aeruginosa [7]. Several emerging therapies directed
against P. aeruginosa focus on the manipulation of virulence factors and their regulators [21].
In this regard, numerous compounds have been identified as potential inhibitors of QS by
either obstructing AHL sensing and/or production or acting as structural analogs of PQS to
impede quinolone signaling in P. aeruginosa [22]. A promising avenue involves disrupting
iron homeostasis for treating P. aeruginosa infections, employing iron mimics, chelators,
and utilizing iron-acquisition mechanisms to deliver antibiotics through the ‘Trojan-horse’
strategy [23]. Ongoing efforts also include the development of drugs targeting other
key virulence features of P. aeruginosa, such as biofilm formation, secretion systems, and
effectors [24]. Overall, targeting various QS circuits is an effective strategy for combating P.
aeruginosa infection and reducing the risk of antimicrobial resistance.

Tuberculosis, an ancient and persistently dangerous infectious disease, continues to
exert a serious and widespread threat across the globe. Its historical roots are deep, yet its
impact remains alarmingly relevant today, with an annual increase in cases fueled in part
by the formidable drug resistance demonstrated by Mycobacterium tuberculosis [25]. The
existing arsenal of antimycobacterial drugs is categorized into first, second, and third line,
classifications based on their respective discovery timelines and effectiveness in treatment.
These antibiotics exert their influence across a broad spectrum of targets, ranging from the
cell wall to various metabolic processes [26].

Antimycobacterial drugs are known to work against Mycobacterium species. However,
the exploration of their effect on the QS of P. aeruginosa has been limited. Due to the relative
lack of focused endeavors in this direction, the effects of antimycobacterial drugs on diverse
potential targets within P. aeruginosa was examined in this study. The drugs were first
tested for their pharmacokinetic and toxicological profiles. Moreover, the ADME properties
were also predicted using standard web server. Molecular docking was employed for the
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virtual screening of drugs. Employing molecular simulations, further investigations were
conducted to examine the dynamics and stability of the lead antimycobacterial drugs.

2. Materials and Methods
2.1. Preparation of Library of Antimycobacterial Drugs

A collection of 14 antimycobacterial drugs was compiled from the diverse literature
sources. Following this, SDF files of antimycobacterial drugs were obtained from PubChem,
and their specifics can be found in Supplementary Materials Table S1. Subsequently, the
SDF files were transformed into PDB files using UCSF Chimera (version 1.14). The resultant
PDB files were utilized to produce PDBQT files through AutoDockTools (version 1.5.6) for
the molecular docking [27].

2.2. Prediction of the ADMET Properties Using pkCSM

For the prediction of ADMET (A—absorption; D—distribution; M—metabolism;
E—excretion; T—toxicity) properties, the Canonical SMILES of antimycobacterial drugs
were obtained from the PubChem. The Canonical SMILES of antituberculosis drugs were
utilized as input for these predictions. A variety of parameters belonging ADMET prop-
erties were acquired from pkCSM in which subset of these parameters were chosen for
further analysis [28]. The properties offer useful insights regarding the efficacy and safety
of the compounds, essential considerations in drug development. Additionally, they aid in
evaluating the toxicological potential of compounds in both human and animal models, a
crucial aspect in drug design [29].

2.3. Pharmacokinetics and Drug Likeliness Assessment

The likelihood of being a drug (drug likeliness) and pharmacokinetic predictions of
antimycobacterial drugs were conducted using SwissADME. The input for SwissADME
consisted of Canonical SMILES that were obtained from PubChem [30]. SwissADME
provided predictions in two categories, encompassing assessments of pharmacokinetics
and drug-like properties. In the selection process for potential hit/lead antibiotics, various
rules, including Lipinski’s Rule and Ghose’s Rule, were taken into account.

2.4. Selection of the Target Proteins of Pseudomonas aeruginosa

This study involved the selection of target proteins from different quorum sensing
targets in P. aeruginosa. The aim was to gain insights into the ability of antimycobacterial
drugs to target at the multiple QS mechanisms in P. aeruginosa. Five unique proteins, LasA
virulence factor (PDB ID: 3IT7), AHL synthase LasI (PDB ID: 1RO5), RhlR transcriptional
regulator (PDB ID: 8DQ1), transcriptional activator LasR (PDB ID: 2UV0), and PqsR tran-
scriptional regulator (PDB ID: 4JVI), were sourced from Protein Data Bank. The protein
structures were cleaned by eliminating non-protein atoms, like ions, inhibitors, and water
molecules, while preserving the essential protein coordinates.

2.5. Molecular Docking Studies

To conduct the virtual screening of antimycobacterial drugs, we used molecular
docking. The docking involved five targets in P. aeruginosa associated with quorum sensing
and biofilms. For docking, AutoDock Vina was utilized [31]. The protein coordinates were
taken from the PDB database, while the antimycobacterial drugs’ structures were sourced
from PubChem; detailed information can be found in Supplementary Materials Table S2.
The flexibility of ligands was maintained to achieve the most optimal binding conformation.

Molecular docking was validated by extracting the inhibitor from the PqsR crystal
structure and then redocking it to check the binding site. The inhibitor PqsR is 3NH2-7Cl-
C9QZN. Remarkably, after docking, the same binding position of the inhibitor was present
as that earlier in crystal structure, confirming the reliability of the docking method. This val-
idated docking method consisting of the same parameters was applied for virtual screening.
The preparation of receptor/protein involved cleaning by non-protein atoms, adding polar
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hydrogen atoms, and applying Kollman charges, all performed with AutoDockTools [32].
A grid spacing of 1 Å was set, and detailed information of grid boxes are provided in
Supplementary Materials Table S2. The docking analysis was carried out using Discovery
Studio and PyMOL.

2.6. Molecular Dynamics Simulations

For further comprehensive examination, the complexes of delamanid and pretomanid
with LasA, PqsR, and LasI were chosen for molecular simulations. Based on virtual screen-
ing, delamanid and pretomanid emerged as hit antimycobacterial drugs. Gromacs 2018.1
with amber99sb-ILDN force field was utilized for the molecular simulations [33,34]. Protein
topologies were produced in Gromacs, and ligand topologies were generated in Antecham-
ber package employing AM1-BCC charge model in AmberTools22 [35]. The resulting
topologies of ligand and protein were joined manually. Subsequently, the coordinates of
proteins/complexes were kept in boxes (triclinic shape) and the addition of TIP3P water
was carried out. After neutralization, 150 mM NaCl was introduced to achieve physiologi-
cal salt strength. To meet the periodic boundary conditions (PBCs), a consistent distance
of 1.0 nm was maintained between the box edges of the box and the structures. The en-
ergy was minimized utilizing steepest descent minimization method, halting when Fmax
became <10.0 kJ/mol. The first equilibration (NVT ensemble) was achieved at a tempera-
ture of 310 K for 1 ns, implementing V-rescale thermostat [36]. This was followed by second
equilibration (NPT ensemble) at a constant pressure and temperature for an additional 1 ns,
employing the barostat (Parrinello-Rahman) [37]. Afterward, the systems were simulated
for 100 ns, saving 10,000 frames for each trajectory. Before analysis, PBC corrections were
applied. The energy of the interactions between antimycobacterial drugs and proteins was
computed through MM-PBSA analysis [38].

3. Results and Discussion
3.1. Prediction of Toxicity of the Antimycobacterial Drugs

First, we employed pkCSM to forecast the toxicity of antimycobacterial drugs, span-
ning a spectrum of toxicity parameters such as AMES toxicity, minnow toxicity, hERG I
inhibition, skin sensitization, maximum tolerance dose, and T. pyriformis toxicity. The data
were interpreted by the instructions provided by the server, and the resulting insights of
forecasted toxicological attributes is listed in Table 1. Notably, only two antimycobacterial
drugs (pretomanid and clofazimine) exhibited AMES toxicity, while none were anticipated
to be hERG I inhibitors. Three of tested antimycobacterial drugs had higher maximum
tolerance dose. Likewise, three drugs (protionamide, ethionamide, and ethambutol) also
showcased sensitivity to the skin. None of the drugs were found to show toxicity in the
T. pyriformis toxicity model. On the other side, three antimycobacterial drugs (delamanid,
pretomanid, and clofazimine) were projected to have toxicity in minnow model. It is worth
highlighting that pkCSM extended its predictions to encompass LC50 values linked with
Flathead Minnow mortality, and the foundational framework of the model was laid using
LC50 measurements derived from an extensive pool of 554 compounds [28].

Antituberculosis drugs undergo significant metabolism and detoxification primarily
in the liver, involving both Phase I and Phase II groups of drug-metabolizing enzymes.
This metabolic process is crucial for the breakdown of these drugs and their metabolites,
but it comes at the cost of potential liver injury [39]. The current standard for tuberculosis
treatment involves a combination therapy comprising rifampicin, isoniazid, ethambutol,
and pyrazinamide. However, this combination has been associated with adverse reac-
tions, notably hepatotoxicity. Hepatotoxicity is a known side effect of these antitubercular
drugs and their metabolic byproducts. The occurrence of hepatotoxic effect varies widely,
ranging from two to twenty-eight percent in different populations, when the drugs are
administered at recommended doses [40]. In the Indian population, nearly 10% of patients
undergoing antitubercular therapy have been reported to experience hepatotoxicity [41].
A study conducted on HepG2 cell line involved subjecting the cells to varied doses of
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antimycobacterial drugs, specifically rifampicin, pyrazinamide, and isoniazid, for different
periods. The evaluation, performed through MTT assay and phase contrast microscopy,
revealed that these antimycobacterial drugs did not exhibit cytotoxic effects on the HepG2
cell line. Interestingly, when the cells were pre-treated with sub-cytotoxic concentrations of
isoniazid and pyrazinamide, the subsequent exposure to the same drugs led to an increase
in toxicity [39]. This suggests a potential interaction or sensitization effect, where prior
exposure to lower concentrations of isoniazid and pyrazinamide rendered the cells more
susceptible to the toxic effects of these drugs during subsequent treatments.

Table 1. Toxicological parameters of antimycobacterial drugs predicted using pkCSM server.

Antimycobacterial
Drugs AMES Toxicity Max. Tol. Dose hERG I

Inhibitor
Skin

Sensitisation
T. pyriformis

Toxicity
Minnow
Toxicity

Delamanid No 0.741 No No 0.285 −1.301
Pretomanid Yes 1.071 No No 0.285 −0.032
Clofazimine Yes 0.429 No No 0.286 −3.215
Bedaquiline No 0.509 No No 0.285 2.32
Terizidone No 0.043 No No 0.454 2.61

Amithiozone No 0.714 No No 0.136 1.98
Dapsone No −0.126 No No 0.612 1.846

Morinamide No 0.685 No No 0.083 2.797
Protionamide No 0.845 No Yes 0.27 1.361

Isoniazid No 1.166 No No −0.134 3.12
Ethionamide No 0.902 No Yes 0.084 1.643
Pyrazinamide No 1.354 No No −0.482 2.869
Ethambutol No 0.987 No Yes −0.362 3.107
Cycloserine No 1.049 No No 0.021 3.465

Max. tolerated dose is for human in log mg/kg/day; T. pyriformis toxicity is in log ug/L; Max. tol. dose is Max.
tolerated dose; Minnow toxicity is in log mM.

In another study, focusing on the pulmonary tuberculosis (TB) patients and the impact
of anti-TB drugs on hematologic parameters and liver enzyme levels, noteworthy asso-
ciations were observed. Following the administration of drug treatments, hematological
parameters, including hemoglobin, red blood cell count, mean corpuscular volume, hema-
tocrit, mean corpuscular hemoglobin concentration, and mean corpuscular hemoglobin,
experienced significant changes. However, the platelet count did not show a significant
alteration. In tandem with the hematological changes, liver enzyme activities, specifically
alanine transaminase, aspartate transaminase, and alkaline phosphatase, demonstrated
a significant decrease after the treatment [42]. These findings underscore the potential
hazardous impact of anti-TB drugs on the liver, contributing to hepatotoxicity. Hepatotox-
icity remains a major concern in TB patients, highlighting the importance of monitoring
and managing liver-related effects in TB treatment. This insight contributes to the broader
understanding of the challenges associated with anti-TB drugs and their potential conse-
quences on hematological and hepatic parameters in patients undergoing TB treatment.

3.2. Prediction of ADME Properties of the Antimycobacterial Drugs

Utilizing the pkCSM web server, the ADME properties of antimycobacterial drugs
was predicted. This in-depth analysis includes two parameters for absorption, intestinal
absorption, and solubility in water. Likewise, two distribution parameters, namely frac-
tion unbound and volume of distribution (VDss), were scrutinized, while the metabolism
parameters included CYP3A4 inhibition and CYP3A4 substrate evaluation. The excre-
tion parameters involved assessments of renal OCT2 substrate characteristics and to-
tal clearance. The forecasted ADME properties of antimycobacterial drugs are exhaus-
tively delineated in Table 2. Significantly, a noteworthy revelation emerged within the
cohort of antimycobacterial drugs: none of tested drugs displayed markedly low levels of
intestinal absorption.
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Table 2. ADME (absorption, distribution, metabolism, and excretion) properties of antimycobacterial
drugs predicted using pkCSM server.

Antimycobacterial Drugs
Absorption Distribution Metabolism Excretion

Int Abs Water Sol VDss Frac Unb CYP3A4
Substrate

CYP3A4
Inhibitor

Total
Clear R-OCT2

Delamanid 100 0.251 −0.113 0.058 Yes No −0.047 No
Pretomanid 92.641 0.070 −0.149 0.294 No No 0.13 Yes
Clofazimine 94.188 0.002 −0.401 0.082 Yes No −0.036 No
Bedaquiline 94.384 0.0003 −0.904 0.255 Yes No 0.522 No
Terizidone 71.541 2.144 −0.369 0.449 No No 0.435 No

Amithiozone 78.815 0.396 −0.185 0.401 No Yes −0.215 No
Dapsone 94.391 0.563 0.289 0.167 No Yes 0.484 No

Morinamide 85.029 4.100 −0.157 0.659 No No 0.912 No
Protionamide 95.125 0.732 0.092 0.534 No Yes 0.055 No

Isoniazid 92.601 3.444 −0.352 0.728 No No 0.722 No
Ethionamide 99.428 1.831 0.021 0.582 No Yes 0.035 No
Pyrazinamide 92.813 29.87 −0.338 0.773 No No 0.666 No
Ethambutol 66.168 22.04 0.29 0.851 No No 1.234 No
Cycloserine 84.675 124.16 0.001 0.87 No No 0.891 No

Int abs—intestinal absorption for humans; Water sol—water solubility in mg/mL; VDss—volume of distribution
for human in log L/kg; Frac unb—fraction unbound for humans; Total Clear—total clearance; R-OCT2—renal
OCT2 substrate.

The data revealed that three drugs (pretomanid, clofazimine, and bedaquiline) exhib-
ited a low water solubility, while the remainder demonstrated a pronounced solubility
in water. The VDss for all tested antimycobacterial drugs were either moderate or high.
Within this spectrum, three drugs manifested low fraction unbound values, four displayed
a moderate range for values of fraction unbound, and the remainder exhibited commend-
able fraction unbound levels. Notably, the lead antimycobacterial drugs, delamanid and
pretomanid, deviated from the norm by not displaying low fraction unbound levels. It is im-
perative to underscore that the pharmacological impact of a drug is predominantly steered
by its free or unbound fraction [43]. A reduction in protein binding equates to a more
substantial proportion of the free drug at any given drug concentration. This increased
availability of free fraction holds the potential to amplify the drug’s efficacy [44]. Within the
subset of antimycobacterial drugs, a three six emerged as CYP3A4 substrates, with two of
them falling under lead antimycobacterial drugs. Cytochrome P450 enzymes, particularly
the abundant CYP3A subfamily, assume a pivotal role in metabolizing a diverse array of
natural compounds and medications within the physiological milieu. Notably, CYP3A4,
the preeminent member of this subfamily, serves a multitude of essential functions, in-
cluding participating in detoxification of bile acids, orchestrating the cessation of steroid
hormone effects, and contributing to the elimination of phytoconstituents derived from
dietary sources, along with many pharmaceutical drugs [45–47]. Of the 14 antituberculosis
drugs, 4 (amithiozone, dapsone, protionamide, and ethionamide) exhibited characteris-
tics indicative of CYP3A4 inhibition. Among the parameters of distribution, i.e., renal
OCT2 substrate, only one (pretomanid) of the drugs was found as the substrate for the
renal OCT2.

3.3. Evaluation of Drug-Like and Pharmacokinetic Parameters

SwissADME was used in forecasting the pharmacokinetics and drug-like properties
of antimycobacterial drugs; the important attributes are listed in detail in Table 3. The
Lipinski’s Rule of Five is a common trait in the drugs that are orally administered; most
such drugs are relatively small molecules with a moderate degree of lipophilicity [48]. IT is
noteworthy that the majority of the tested antimycobacterial drugs adhered to Lipinski’s
rule. Two drugs (delamanid and clofazimine) violated a single rule, while one (bedaquiline)
was found to be in violation of two rules within the Lipinski’s criteria. In addition to
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Lipinski’s Rule of Five, the Ghose filter, an additional knowledge-based filter employed in
shaping chemistry libraries for drug discovery, was also examined [49]. This filter imposes
stringent criteria, including a molecular weight within the range of 160 to 480 Daltons,
number atoms in 20–70 range, logP spanning from −0.4 to 5.6, and a molar refractivity
between 40 and 130. Known for its increased stringency when compared to Lipinski’s Rule,
the Ghose filter often results in more stringent criteria and, consequently, more instances
of rule violations. Even within the Ghose filter framework, five antimycobacterial drugs
showed three or more violations, while six drugs did not violate any Ghose filter.

Table 3. Drug likeness and pharmacokinetic properties of antimycobacterial drugs predicted using
SwissADME server.

Antimycobacterial
Drugs

Drug Likeness Pharmacokinetics

Lipinski
Violations Ghose Violations GI Absorption BBB Permeant Pgp Substrate

Delamanid 1 3 Low No No
Pretomanid 0 0 High No No
Clofazimine 1 2 Low No No
Bedaquiline 2 3 Low No Yes
Terizidone 0 1 High No No

Amithiozone 0 0 High No No
Dapsone 0 0 High No No

Morinamide 0 1 High No No
Protionamide 0 0 High Yes No

Isoniazid 0 3 High No No
Ethionamide 0 0 High No No
Pyrazinamide 0 4 High No No
Ethambutol 0 0 High No No
Cycloserine 0 4 Low No No

GI—gastrointestinal; BBB—blood–brain barrier; Pgp—P-glycoprotein.

Additionally, SwissADME was enlisted to scrutinize pharmacokinetic attributes, with
a focus on three pivotal parameters: blood–brain barrier permeability, P-glycoprotein
substrate status, and gastrointestinal absorption (Table 3). Only four of the tested antimy-
cobacterial drugs were found to have low gastrointestinal absorption, while remaining
exhibited high gastrointestinal absorption. Importantly, only one (protionamide) com-
pound exhibited permeability to the blood–brain barrier. In short, the majority of the tested
antimycobacterial drugs exhibited favorable drug-like properties and pharmacokinetics.

3.4. Virtual Screening Using Molecular Docking

First, the docking method was validated and then these parameters were used in
virtual screening of 14 antimycobacterial drugs against 5 distinct QS targets of P. aeruginosa.
The comprehensive dataset, inclusive of binding energies, inhibition constants, binding
constants, and identified binding sites, is presented in Table 4. Within the spectrum of drugs
tested, delamanid emerged with the highest energy for LasI, showcasing a strong affinity,
having binding energy of −9.1 kcal/mol. Delamanid displayed the highest affinity for
LasA also, while pretomanid demonstrated the maximum affinity for LasR among all drugs.
Delamanid was also found to exhibit higher affinities towards PqsR and RhlR among all
tested antimycobacterial drugs, with binding energies −9.6 and −7.3 kcal/mol, respectively.
Considering the average binding affinity, two specific antimycobacterial drugs—delamanid
and pretomanid—stood out as lead candidates. In light of these considerations, the ensuing
discussion focuses exclusively on the interaction of two lead antimycobacterial drugs with
the specified target proteins.



Microbiol. Res. 2024, 15 297

Table 4. Binding energies, binding constants, inhibition constants, and binding sites of antimycobacterial drugs using AutoDock Vina 1.1.2.

Antimycobacterial Drugs
LasI LasR LasA PqsR RhlR Av

BEBE Kb Ki BS BE Kb Ki BS BE Kb Ki BS BE Kb Ki BS BE Kb Ki BS

Delamanid −9.1 472.4 0.21 AS −8.3 122.3 0.82 OS −8.6 203.0 0.49 AS −9.6 1099.3 0.09 AS −7.3 22.6 4.42 OS −8.58
Pretomanid −7.9 62.27 1.61 AS −10.9 9876 0.01 AS −7.4 26.76 3.74 AS −7.8 52.59 1.90 AS −6.3 4.18 23.95 OS −8.06
Clofazimine −8.1 87.29 1.15 AS −7.3 22.60 4.42 OS −8.1 87.29 1.15 AS −9.4 784.2 0.13 AS −7.2 19.0 5.24 OS −8.02
Bedaquiline −8.9 337.05 0.30 AS −7.1 16.12 6.20 OS −7.3 22.60 4.42 AS −8.5 171.5 0.58 AS −6.3 4.18 23.95 OS −7.62
Terizidone −7.6 37.52 2.67 AS −9.7 1301 0.08 AS −7.5 31.69 3.16 AS −7 13.62 7.34 OS −5.8 1.79 55.72 OS −7.52

Amithiozone −6.5 5.85 17.08 AS −8.5 171.5 0.58 AS −5.7 1.52 65.97 AS −6.2 3.53 28.35 AS −6.8 9.72 10.29 AS −6.74
Dapsone −7.2 19.09 5.24 AS −8.3 122.3 0.82 AS −6.2 3.53 28.35 AS −6 2.52 39.75 AS −5.3 0.77 129.6 OS −6.6

Morinamide −6 2.52 39.75 AS −7.8 52.59 1.90 AS −6.1 2.98 33.57 AS −5.6 1.28 78.11 OS −6.1 2.98 33.57 AS −6.32
Protionamide −6 2.52 39.75 AS −6.4 4.94 20.23 AS −5.9 2.12 47.06 OS −5.7 1.52 65.97 AS −6.1 2.98 33.57 AS −6.02

Isoniazid −5.7 1.52 65.97 AS −6.7 8.21 12.19 AS −5.3 0.77 129.6 AS −5.9 2.12 47.06 AS −5.6 1.28 78.11 AS −5.84
Ethionamide −5.7 1.52 65.97 AS −6.1 2.98 33.57 AS −5.7 1.52 65.97 OS −5.7 1.52 65.97 AS −6 2.52 39.75 AS −5.84
Pyrazinamide −5.2 0.65 153.4 AS −6 2.52 39.75 AS −5 0.46 215.1 AS −4.8 0.33 301.6 OS −4.8 0.33 301.6 AS −5.16
Ethambutol −5.2 0.65 153.48 AS −5.8 1.79 55.72 AS −4.8 0.33 301.6 AS −4.3 0.14 701.7 OS −5.6 1.28 78.11 AS −5.14
Cycloserine −4.5 0.20 500.58 AS −4.9 0.39 254.74 AS −4.2 0.12 830.8 AS −4.7 0.28 357.1 OS −4.3 0.14 701.7 AS −4.52

BE—binding energy; Kb—binding constant in ×104 M−1; Ki—inhibition constant in µM; Av BE—average binding energy; BS—binding site; AS—active site; OS—site other than active
site.



Microbiol. Res. 2024, 15 298

The docking analysis revealed a binding energy of −8.2 kcal/mol for the interaction
of delamanid with LasA, analogous to a binding constant (Kb) of 2.03 × 106 M−1. The
binding energy less than −8 kcal/mol obtained by molecular docking is considered to
be a strong affinity between the ligand and protein. Delamanid was successfully docked
at LasA’s active site. The resulting LasA–delamanid complex was stabilized by three
hydrogen bonds with Asn25 and Gln66 (Figure 1A). The complex showed van der Waals
forces that involved Glu112, Asn78, His120, His23, His122, Asp36, Asn20, and Phe172,
while hydrophobic forces involved Tyr80 and Tyr151. Delamanid also made one ionic
bond with His81 of LasA. The energy for the complexation of pretomanid with LasA
was −7.4 kcal/mol, and the complex is illustrated in Figure 1B. In the LasA–pretomanid
complex, three hydrogen bonds were found with Ser115, His23, and Asn20. Further
stabilization ensued via van der Waals interactions (His120, His23, Tyr80, and Asn25)
and hydrophobic forces (Trp41, Phe172, and Tyr151). LasA is known for its proteolytic
and elastolytic functions [50]. Operating as staphylolytic endopeptidase, LasA is known
to cleave the pentaglycine bridge of peptidoglycan, alongside exhibiting elastinolytic
activity [51]. Previous research documented the interaction of plumbagin with LasA,
displaying binding energy of −7.3 kcal/mol, with interacting residues in this case were
Arg12, Trp117, Tyr39, Tyr49, and Tyr15 [52]. These findings enrich our understanding of
the molecular interactions of delamanid and pretomanid with LasA, shedding light on the
potential therapeutic implications of these interactions.
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LasI, an AHL synthase integral to P. aeruginosa, serves a key role in generating the
autoinducer molecule crucial for QS [53]. The docking of delamanid with LasI yielded free
energy of −9.1 kcal/mol, and the complex is depicted in Figure 2A. Delamanid engaged
in the formation of five hydrogen bonds with Arg30, Lys31, Ala106, Thr144, and Phe105
of LasI. The ensuing stability of the LasI–delamanid complex was augmented by van der
Waals bonds (involving Gln25, Val148, and Thr145) and hydrophobic forces (involving
Ile170, Phe27, Trp33, and Val26). Likewise, the binding energy for the LasI–pretomanid
complex was −7.9 kcal/mol, as depicted in Figure 2B. Within this complex, pretomanid
established six hydrogen bonds with Ser109, Thr144, Phe105, Arg30, Val26, and Ile107,
featuring distinct bond lengths. Additionally, van der Waals forces exerted influence
through interactions with Asn108, Gln25, Thr145, Val148, Trp33, and Phe27. Hydrophobic
bonds were formed with Phe105, further contributing to the overall stabilization of the
complex. A study on the phytocompounds of green tea has found that estragole interacted
with Trp33, Phe105, and Phe27, of LasI via hydrophobic forces [54]. A closer examination
of the crystal structure highlights the pivotal role played by the LasI’s N-terminal residues,
particularly Arg30, Trp33, and Phe27, in shaping the S-adenosyl methionine (SAM) pocket.
Additionally, Phe105 is a conserved amino acid with essential contributions to the acyl-
chain binding tunnel [53]. In previous research, the interaction of coumarin with key
residues such as Arg30, Phe105, Trp69, Ile107, Phe117, and Val148 of LasI was documented,
featuring −5.7 kcal/mol binding energy [55]. These insights enhance our understanding
of the complex molecular interplay between LasI and the lead antimycobacterial drugs,
offering valuable perspectives on potential therapeutic applications.

PqsR, functioning as a quorum-sensing (QS) receptor, undergoes activation by bind-
ing of HHQ and PQS, crucially controlling the pathogenicity in P. aeruginosa [56]. In the
interaction between delamanid and PqsR, −9.6 kcal/mol binding energy was observed.
The interaction diagram for the PqsR–delamanid complex is presented in Figure 3A. This
complex found stability through three hydrogen bonds with Gln195, Leu197, and Ser255.
Additionally, van der Waals bonds (involving Val211, Ile263, and Phe221) and hydrophobic
forces (involving Val170, Leu189, Leu207, Ala168, Ile236, and Leu208) further contributed
to its stability. For the PqsR–pretomanid complex, the binding energy was determined to
be −7.8 kcal/mol, and the corresponding binding constant value was calculated as 5.25 ×
105 M−1 (Figure 3B). Within this complex, Leu197 and Ile186 made hydrogen bonds with
pretomanid. The stability of complex was further sustained by hydrophobic interactions
(involving Leu208, Ile236, Tyr258, Val170, Val211, and Leu189) and van der Waals interac-
tions (involving Ser196, Gln194, Arg209, Trp234, Leu207, Ile263, and Ser255). A study on
virtual screening of beta-lactam antibiotics have found that azlocillin interacted with PqsR,
in which Arg209, Asn206, Leu207, Ile263, Leu208, Ala168, Trp234, Tyr258, Leu189, Val211,
Val170, and Ile236 were found as the interacting residues and −7.5 kcal/mol binding
energy [57]. Research on PQS biosynthetic pathways has revealed that PqsR plays a regula-
tory role in the polycistronic operon (pqsABCDE), housing the major synthase genes [58].
Importantly, both the antimycobacterial drugs, delamanid and pretomanid, demonstrated
interactions at active/inhibitor-binding site of PqsR. This suggests that the binding of these
drugs with PqsR may potentially lead to downregulation of downstream genes controlled
by this transcriptional regulator. This finding aligns with previous results where umbel-
liferone interacted with specific residues such as Ile249, Ala102, Pro238, Leu208, Ala168,
Leu207, and Ile236 of PqsR, docked at active sites [59]. These insights contribute to a deeper
understanding of the molecular interactions of delamanid and pretomanid with PqsR,
offering implications for potential therapeutic interventions.
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RhlR, a transcriptional regulator in P. aeruginosa, assumes a pivotal role in activat-
ing the transcription of various virulence genes through its complexation with butanoyl-
homoserine lactone [60]. Examining the interaction between delamanid and RhlR revealed
a binding energy of −7.3 kcal/mol. The interaction diagram for the RhlR–delamanid
complex is visually depicted in Supplementary Materials Figure S1A. The complex’s sta-
bility was achieved through one hydrogen bond with Trp10. Furthermore, van der Waals
forces (involving Leu14, Glu34, Arg37, Leu9, Arg154, and Gly6) and other interactions
(involving Ile151, Leu38, Aglu150, and Glu147) contributed to this complex. These in-
sights underscore delamanid’s potential as an inhibitor of RhlR-mediated QS. For the
RhlR–pretomanid complex, the binding energy was determined to be −6.3 kcal/mol,
accompanied by a binding constant value of 4.18 × 104 M−1 (Supplementary Materials
Figure S1B). Within this complex, Phe53 and Asn177 formed hydrogen bonds with pre-
tomanid. Stability was further bolstered by hydrophobic forces (involving Leu230 and
Tyr234) and van der Waals interactions (involving Ala233, Thr229, and Ile52). These revela-
tions accentuate the potential of delamanid and pretomanid as candidates for inhibiting
RhlR-mediated processes, providing nuanced insights into their therapeutic applications
against P. aeruginosa infections.
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In addition to this, the docking analysis revealed that energy of delamanid with LasR
was −8.3 kcal/mol, binding constant as 1.22 × 106 M−1. To validate the docking procedure,
redocking of 3O-C12-HSL to LasR yielded a free energy of −8.4 kcal/mol, consistent with
previously reported values [61]. Delamanid formed hydrogen bonds with His78, Gln98,
Ser77, Gln81, and Pro74 at bond lengths of 2.82, 2.03, 2.13, 3.29, and 3.47 Å, respectively
(Figure 4A). Surrounding amino acids, including Ser91, Gln94, Glu89, Mse144, and Ile92,
contributed to van der Waals interactions with delamanid. Additionally, delamanid was
engaged in hydrophobic interactions with Phe87 and Ile86. The docking analysis showed
that pretomanid docked in the same binding cavity in LasR as 3-oxo-C12-HSL, i.e., natural
ligand (Figure 4). Given that the binding of LasR and 3-oxo-C12HSL initiates the expression
of QS-controlled virulent genes in P. aeruginosa [62], the competition of molecules like dela-
manid with 3-oxo-C12HSL should result in a reduction in the production of QS-mediated
factors [63].
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3.5. Molecular Dynamics Simulations
3.5.1. Examination of Deviations and Fluctuations

The selection of the most potent antimycobacterial drugs (delamanid and pretomanid)
was based on molecular docking’s average binding energy. Subsequently, these antitu-
berculosis drugs were simulated. Control simulations were run for all proteins without
ligands. The initial analysis simulation data involved RMSD calculation in comparison
to their initial structures. The RMSD provides insights into the system’s stability during
MD simulation. Figure 5A depicts RMSD, showing that the systems attained equilibrium
within the first few nanoseconds of the simulation [64]. Average RMSD of apo LasA was
0.141 nm. Likewise, the RMSDs of LasA–delamanid complex and LasA–pretomanid com-
plex were 0.191 and 0.247 nm, respectively. This slight differences in the RMSDs between
the apo LasA and LasA–delamanid complexes indicate the stability of the delamanid with
the protein. The LasA–pretomanid complex exhibited slightly higher RMSD which may
be due to movement of pretomanid at the binding site. Similar results were observed for
PqsR, with average RMSDs of 0.144, 0.241, and 0.246 nm for the apo LasI, LasI–delamanid
complex, and LasI–pretomanid complex, respectively. This is consistent with the previous
literature, where stable complexes were formed in molecular dynamics simulations [59].
The average RMSDs of apo PqsR, the PqsR–delamanid complex, and the PqsR–pretomanid
complex were 0.235, 0.208, and 0.209 nm, respectively. It is worth noting that the RMSD
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of PqsR was decreased in presence of delamanid and pretomanid, suggesting that these
ligands stabilized the protein.
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the absence and presence of delamanid and pretomanid. (C) SASA of apo LasA, LasA–delamanid
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apo LasA, LasA–delamanid complex, LasA–pretomanid complex, apo LasI, LasI–delamanid complex,
LasI–pretomanid complex, apo PqsR, PqsR–delamanid complex, and PqsR–pretomanid complex as a
function of time. RMSD—root mean square deviation; RMSF—root mean square fluctuation; SASA—
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The RMSF of the Cα residues was calculated to assess the fluctuation in residues
of the test proteins and their complexes (Figure 5B). The RMSF values were generally
<0.20 nm, denoting the system’s stable nature with minimal fluctuations in residues. Spikes
in RMSF is associated with dynamic fluctuations in coils and loops within an aqueous
environment [65]. The RMSF values for all complexes remained similar to that of re-
spective apo proteins. For example, average RMSF for apo PqsR was 0.133 nm, which
remained nearly the same after complexation with delamanid (0.117 nm) and pretomanid
(0.122 nm). The RMSF data verify the stability of both antimycobacterial drugs com-
plexes [66]. Similarly, the RMSF of atoms of delamanid and pretomanid were below
0.2 nm, reflecting some movements at the binding/active site of target proteins [67]. The
data also suggest that the antimycobacterial drugs exhibited some dynamic shifts from
their initial positions at active site, possibly due to alterations in interactions at the binding
site or the rotation of ligands flexible bonds [64]. Importantly, the two antimycobacterial
drugs interacted at active sites of target proteins.
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3.5.2. Examination of and Physicochemical Parameters Structural Compactness

To ensure further stability, an additional evaluation was undertaken. A comprehensive
analysis of physicochemical parameters, encompassing both potential energy and total
energy, was carried out, as presented in Supplementary Materials Figure S2. Throughout
the simulation, a consistent pattern emerged in the energies of all systems, indicating a
sustained and reliable stability in the trajectory. Notably, the potential energies of the
drug–protein complexes closely mirrored those of their respective uncomplexed protein
counterparts. Furthermore, the total energies of both the drug–protein complexes and the
uncomplexed proteins were found to be similar. These detailed assessments collectively
underscore the robust stability of the systems under physiological conditions [68].

Furthermore, the SASA for all systems was calculated for entire trajectory, as il-
lustrated in Figure 5C. The average SASA of uncomplexed LasA was approximately
85.480 nm2, which remained nearly constant when complexed with delamanid (85.137 nm2)
or pretomanid (83.935 nm2). The average SASAs of apo LasI, LasI–delamanid complex, and
LasI–pretomanid complex were 101.161, 101.005, and 101.379 nm2, respectively. Similarly,
average SASAs of apo PqsR, PqsR–delamanid complex, and PqsR–pretomanid complex
were 108.345, 107.879, and 110.351 nm2, respectively. These findings suggest minimal
alterations in SASA when complexed with antimycobacterial drugs, further affirming
the system’s stability. The finding corroborates with literature where average SASA of
uncomplexed LasI was 101.711 nm2 [57].

The radius of gyration (Rg) values serves as crucial parameters for investigating the
structural compactness and the stability during MD simulations [64]. Compact proteins,
such as globular ones, typically exhibit minor Rg fluctuations compared to the extended
form of proteins. Rg values of uncomplexed and complexed proteins are presented in
Figure 5D. The Rg of systems remained constant during the simulation trajectory, indicating
their stable nature under physiological conditions [69]. For instance, the average Rg of apo
LasA was approximately 1.492 nm. In the presence of ligands (delamanid and pretomanid),
the average Rg was not altered. Similarly, very less differences were found in the Rg values
of the two other proteins (LasI and PqsR) in complex with the antimycobacterial drugs
(delamanid and pretomanid). Previous studies with coumarin and umbelliferone have
been documented to form stable complexes with other quorum sensing targets during
molecular simulations [55,59].

3.5.3. Examination of the Secondary Structural Components and Hydrogen Bonds

The influence of antimycobacterial drugs on the secondary structural stability of
proteins (LasA, PqsR, and LasI) was investigated by assessing the secondary structure.
Figure 6A–C illustrates each secondary structural component in LasA, PqsR, and LasI in
uncomplexed forms and in complex with delamanid and pretomanid. The interaction with
lead antimycobacterial drugs, namely delamanid and pretomanid, did not result in major
alterations in secondary structure of target proteins. For instance, in uncomplexed LasA,
the average amount of β-sheets, coils, β-bridges, bends, turns, 3-helices, and α-helices were
determined to be 33.93, 29.25, 1.59, 14.35, 17.17, 1.09, and 2.61%, respectively, which are
consistent with the literature [57]. These proportions remained unchanged after complex-
ation with delamanid or pretomanid. Similarly, apo LasI exhibited the mean percentage
of β-sheets, coils, bends, turns, 3-helices, and α-helices at 29.59%, 18.42%, 9.01%, 13.83%,
5.21%, and 23.70%, respectively; the data are on par with those in the literature [57]. These
percentages showed no significant changes in the LasI–delamanid complex, remaining
at 18.29%, 29.93%, 7.69%, 13.56%, 26.64%, and 3.39%, respectively. Similarly, there was
negligible effect on the binding of antimycobacterial drugs on the structure of PqsR also. In
summary, the presence of tested antimycobacterial drugs (delamanid or pretomanid) did
not induce major protein’s secondary structures, affirming and validating the structural
integrity target proteins when complexed with antituberculosis drugs.



Microbiol. Res. 2024, 15 305

Microbiol. Res. 2024, 15,    15 
 

 

The influence of antimycobacterial drugs on the secondary structural stability of pro-

teins (LasA, PqsR, and LasI) was investigated by assessing the secondary structure. Figure 

6A–C illustrates each secondary structural component in LasA, PqsR, and LasI in uncom-

plexed forms and in complex with delamanid and pretomanid. The interaction with lead 

antimycobacterial drugs, namely delamanid and pretomanid, did not result in major al-

terations in secondary structure of target proteins. For instance, in uncomplexed LasA, the 

average amount of β-sheets, coils, β-bridges, bends, turns, 3-helices, and α-helices were 

determined to be 33.93, 29.25, 1.59, 14.35, 17.17, 1.09, and 2.61%, respectively, which are 

consistent with the literature [57]. These proportions remained unchanged after complex-

ation with delamanid or pretomanid. Similarly, apo LasI exhibited the mean percentage 

of β-sheets, coils, bends, turns, 3-helices, and α-helices at 29.59%, 18.42%, 9.01%, 13.83%, 

5.21%, and 23.70%, respectively; the data are on par with those in the literature [57]. These 

percentages showed no significant changes in the LasI–delamanid complex, remaining at 

18.29%, 29.93%, 7.69%, 13.56%, 26.64%, and 3.39%, respectively. Similarly, there was neg-

ligible effect on the binding of antimycobacterial drugs on the structure of PqsR also. In 

summary, the presence of tested antimycobacterial drugs (delamanid or pretomanid) did 

not induce major protein’s secondary structures, affirming and validating the structural 

integrity target proteins when complexed with antituberculosis drugs. 

 

Figure 6.  (A) Average  secondary  structural components of LasA  in  the absence and presence of 

delamanid or pretomanid. (B) Average secondary structural components of LasI in the absence and 

presence of delamanid or pretomanid. (C) Average secondary structural components of PqsR in the 

absence and presence of delamanid or pretomanid. (D) Number of hydrogen bonds formed by the 

ligands and proteins as function of time. DLM—delamanid; PRM—pretomanid. 

The  analysis  of  binding  between  antimycobacterial drugs  and  target proteins  in-

volved  the  examination  of  profiles  of  hydrogen  bond  and  hydrogen  bond  numbers. 

Firstly, the number of hydrogen bonds during entire trajectories was calculated (Figure 

6D). The average numbers of hydrogen bonds made by delamanid and pretomanid with 

LasI were 0.68 and 0.91, respectively. Similarly, the average numbers of hydrogen bonds 

for delamanid and pretomanid with LasA were 0.42 and 0.25, respectively. A comparable 

outcome was observed in the case of PqsR. 

The examination of the patterns of hydrogen bonds indicated the consistent presence 

of hydrogen bonds during the simulation, as illustrated in Figure 7. The dynamic nature 

Figure 6. (A) Average secondary structural components of LasA in the absence and presence of
delamanid or pretomanid. (B) Average secondary structural components of LasI in the absence and
presence of delamanid or pretomanid. (C) Average secondary structural components of PqsR in the
absence and presence of delamanid or pretomanid. (D) Number of hydrogen bonds formed by the
ligands and proteins as function of time. DLM—delamanid; PRM—pretomanid.

The analysis of binding between antimycobacterial drugs and target proteins involved
the examination of profiles of hydrogen bond and hydrogen bond numbers. Firstly, the
number of hydrogen bonds during entire trajectories was calculated (Figure 6D). The
average numbers of hydrogen bonds made by delamanid and pretomanid with LasI were
0.68 and 0.91, respectively. Similarly, the average numbers of hydrogen bonds for delamanid
and pretomanid with LasA were 0.42 and 0.25, respectively. A comparable outcome was
observed in the case of PqsR.

The examination of the patterns of hydrogen bonds indicated the consistent presence
of hydrogen bonds during the simulation, as illustrated in Figure 7. The dynamic nature of
the interactions between the antimycobacterial drugs and the target proteins was evident
from the evolving patterns of these hydrogen bonds over time [70]. Additionally, vari-
abilities in hydrogen bond profiles were observed, which may be due to influence of the
water molecules present at ligand binding site [71]. The occupancy of hydrogen bonds was
computed for further analysis. In the formation of the LasA–delamanid complex, Ser115
exhibited the maximum hydrogen bond occupancy at 16.9%, followed by Asn25 (8.8%).
Similarly, in the complexation of pretomanid with LasA also, Ser115 showed the highest
hydrogen bond occupancy. In the binding of delamanid and pretomanid with LasI, Ser109
(20.9%), and Ile107 (61.4%) demonstrated the highest hydrogen bond occupancies, respec-
tively. Likewise, in the interaction of delamanid and pretomanid with PqsR, Gln194 (5.2%),
and Thr265 (14.5%) were found to have highest hydrogen bond occupancies, respectively.
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3.5.4. Principal Component Analysis

Principal component analysis (PCA) is a widely employed statistical method for
exploring the protein’s extensive dynamics or movements. This analysis reduces dimen-
sionality and gives principal components, termed as eigenvectors [72]. PCA was employed
in this study to assess variations in protein’s flexibility in absence and presence of antimy-
cobacterial drugs. The projection of eigenvectors in 2D space is illustrated in Figure 8.
In PCA analysis, occupation of wider conformational space shows structural flexibility
in proteins.
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Both complexes of PqsR took almost the same conformational space in 2D projection
when compared to apo PqsR. This indicates that the flexibility in PqsR’s complexes is similar
to that of the apo state. However, flexibility in the LasA–delamanid complex and the LasA–
pretomanid complex was greater compared to apo LasA. The LasI–pretomanid complex
occupied higher conformational space compared to apo LasI and the LasI–delamanid com-
plex. This shows that flexibility of LasI increased following the complexation of pretomanid.
FELs (free-energy landscapes) were made utilizing eigenvectors for subsequent analysis.
The PCA results provide valuable insights into the dynamic behavior and flexibility of the
proteins in the presence of antimycobacterial drugs.

In Figure 9, FELs for all proteins and complexes are displayed. The landscapes show
that all systems reached the energy minimum during MD simulations. However, differences
in position of energy minima were found, indicating differences in the conformations. In
short, slight differences in energy minima of PqsR compared to its complexes suggest
that the protein did not undergo major structural transitions following the binding with
antimycobacterial drugs [64].
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LasI–pretomanid complex. (G) Free-energy landscape of apo PqsR. (H) Free-energy landscape of
PqsR–delamanid complex. (I) Free-energy landscape of PqsR–pretomanid complex.



Microbiol. Res. 2024, 15 308

The lowest energy structures, corresponding to the energy minima, were extracted
from respective trajectories to make Ramachandran plots (Supplementary Materials
Figure S3). Three residues in apo LasA and two residues in the LasA–delamanid complex
lied in the generously allowed region, while one residue was found in the generously
allowed region in the LasA–pretomanid complex. No residue was found to lie in the disal-
lowed region of LasA either in uncomplexed or complexed form. Similarly, one residue
was found in the generously allowed region in apo LasI and only two residues occurred in
the generously allowed region in the LasI–pretomanid complex. No residue was found in
the disallowed region for apo LasI or both the complexes of LasI. Likewise, residue was
found in the disallowed region of PqsR in both the uncomplexed and complexed forms.
The findings from the Ramachandran plots further support the structural integrity and
stability of the complexes during the molecular dynamic simulations.

3.5.5. Examination of Binding Energies

The examination binding energetic antimycobacterial drugs with test proteins was
extended using MM-PBSA calculations. In MM-PBSA calculations, 100 frames/snapshots
were extracted from the trajectory of each complex, covering the time span 50–100 ns,
with 0.5 ns intervals. In protein–ligand complexations, non-covalent interactions such
as hydrophobic, van der Waals forces, electrostatic, and hydrogen bonds were identified
as significant contributors. These forces played a crucial role in influencing the overall
binding dynamics. Employing MM-PBSA, diverse binding energies were computed and
are outlined in Figure 10A. In binding of both the lead antimycobacterial drugs and target
proteins, van der Waals forces emerged as the primary driving force. Electrostatic forces
also had some role in shaping the overall binding. Additionally, a minor contribution
from SASA energy was observed. The PSA (polar solvation energy) impeded the binding
of antimycobacterial drugs to target proteins, as shown by their positive values. The
cumulative energies for binding of delamanid with LasA, PqsR, and LasI were determined
to be −20.66, −36.65, and −24.66 kcal/mol, respectively. Similarly, the total energies
for complexation of pretomanid with LasA, PqsR, and LasI were −17.83, −26.59, and
−20.23 kcal/mol, respectively. A comparative study on anti-QS effects of coumarin reported
the MM-PBSA energies for binding of coumarin with LasR, CviR, and LasI as −14.2,
−10.3, and −8.6 kcal/mol, respectively. Further, analysis involved the calculation of
energy per frame for a series of 100 snapshots extracted from the trajectory spanning
50 ns to 100 ns, with intervals of 0.5 ns (Figure 10B). Throughout this trajectory period, the
data portraying energy per frame exhibited a noteworthy degree of stability, manifesting
minimal fluctuations. Taking the LasA–delamanid complex as an example, the energy
for a single frame ranged from a minimum of −30.34 to a maximum of −10.63 kcal/mol.
Similarly, in the LasA–pretomanid complex, the energy span for a single frame extended
from a minimum of −25.06 to a maximum of −12.15 kcal/mol. These subtle energy shifts
are likely to be due to the dynamic movement of the ligand within the confines of the
binding site.

Further utilization of the MM-PBSA calculations aimed to identify the main residues
of target proteins that significantly contributed to the overall energy (Table 5). In the
complexation of delamanid with LasA, Tyr80 emerged as the major residue making the
highest energy contributions (−2.14 kcal/mol). Similarly, in the LasA–pretomanid complex,
the highest energy contribution was given by Tyr80 (−1.63 kcal/mol). Concerning the
binding of delamanid and pretomanid with LasI, the most influential amino acids in
terms of energy contribution were Val26. Likewise, in the interaction of delamanid and
pretomanid with PqsR, the most energy contributing residues were Ile236. Notably, certain
high energy contributing residues had positive polar energy values, suggesting that their
polar counterparts hindered the overall interaction.
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Figure 10. (A) MM−PBSA analysis for different energies of LasA−delamanid complex,
LasA−pretomanid complex, LasI−delamanid complex, LasI−pretomanid complex, PqsR−delamanid
complex, and PqsR−pretomanid complex. (B) Total energy per frame of LasA–delamanid complex,
LasA–pretomanid complex, LasI−delamanid complex, LasI−pretomanid complex, PqsR−delamanid
complex, and PqsR−pretomanid complex. DLM—delamanid; PRM—pretomanid.

Table 5. Total energies of the major energy contributing residues of target protein of P. aeruginosa
when in complex with delamanid or pretomanid obtained by MM-PBSA calculations.

LasA–delamanid Complex LasI–delamanid Complex PqsR–delamanid Complex

Residues Total Energy Residues Total Energy Residues Total Energy

His23 −0.289 ± 0.025 Leu22 −0.692 ± 0.053 Ala102 −0.776 ± 0.043
Asp40 −0.191 ± 0.008 Arg23 −0.312 ± 0.023 Ile149 −0.916 ± 0.026
Tyr79 −0.240 ± 0.011 Gln25 −0.454 ± 0.118 Ala168 −0.721 ± 0.032
Tyr80 −2.143 ± 0.036 Val26 −2.120 ± 0.071 Leu189 −0.750 ± 0.030
Asp83 −0.323 ± 0.011 Phe27 −0.533 ± 0.026 Leu208 −1.457 ± 0.045
Gly113 −0.198 ± 0.029 Glu29 −0.339 ± 0.041 Val211 −1.280 ± 0.032
Gly114 −0.275 ± 0.042 Glu40 −0.339 ± 0.042 Ile236 −2.248 ± 0.035
His122 −0.258 ± 0.045 Arg104 −0.215 ± 0.057 Ala237 −1.076 ± 0.023
Ser124 −0.177 ± 0.039 Ile107 −0.824 ± 0.064 Pro238 −1.688 ± 0.029
Leu126 −0.236 ± 0.023 Asn108 −0.667 ± 0.062 Glu259 −0.763 ± 0.015
Phe131 −0.479 ± 0.022 Gly110 −0.834 ± 0.056 Ile263 −1.217 ± 0.029
Tyr151 −0.695 ± 0.047 Val148 −0.629 ± 0.030 Asp264 −0.726 ± 0.012

LasA-pretomanid complex LasI–pretomanid complex PqsR–pretomanid complex

Residues Total energy Residues Total energy Residues Total energy

His23 −0.522 ± 0.046 Lys21 −0.327 ± 0.009 Ile149 −0.957 ± 0.033
Ser24 −0.438 ± 0.029 Gln25 −0.614 ± 0.042 Glu151 −0.698 ± 0.020
Thr26 −0.398 ± 0.015 Val26 −2.738 ± 0.052 Ala168 −0.743 ± 0.023
Gly27 −0.435 ± 0.015 Phe27 −0.639 ± 0.026 Val170 −0.500 ± 0.023
Ser34 −0.361 ± 0.032 Glu29 −0.306 ± 0.018 Leu207 −0.659 ± 0.068
Arg60 −0.247 ± 0.007 Trp33 −0.605 ± 0.045 Leu208 −1.160 ± 0.040
Arg64 −0.246 ± 0.008 Ala106 −1.414 ± 0.027 Ile236 −2.193 ± 0.048
Tyr80 −1.634 ± 0.049 Ile107 −0.591 ± 0.046 Ala237 −0.533 ± 0.026

Gly113 −0.520 ± 0.035 Asn108 −0.622 ± 0.037 Pro238 −1.073 ± 0.030
Phe131 −0.597 ± 0.022 Phe117 −0.690 ± 0.029 Glu259 −0.597 ± 0.032
Asp152 −0.290 ± 0.004 Thr145 −0.364 ± 0.046 Ile263 −1.518 ± 0.049
Asp154 −0.249 ± 0.002 Val148 −0.711 ± 0.039 Asp264 −0.530 ± 0.037
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4. Conclusions

From the beginning of the 21st century, a health issue due to escalation in AMR has
been reported, posing a substantial threat to public health. This has now reached a critical
threshold, where the very effectiveness of antibiotics is on the brink of being entirely com-
promised. The exploration of impact of antimycobacterial drugs on QS mechanisms in P.
aeruginosa has been notably limited. This study aims to comprehensively investigate the
effect of antimycobacterial drugs on diverse potential QS targets in P. aeruginosa. Through
virtual screening, we found delamanid and pretomanid to be the foremost antimycobac-
terial drugs. These two drugs exhibited higher binding energies against the five target
proteins. Moreover, molecular simulation data have conclusively verified the enduring
interaction of both delamanid and pretomanid with target proteins and their stability
under physiological environments. This research highlights the ability of delamanid and
pretomanid in counteracting QS in P. aeruginosa. As a result, there emerges a promising
avenue for repurposing these antimycobacterial drugs, with the specific intent of targeting
the QS mechanism of P. aeruginosa.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/microbiolres15010020/s1, Figure S1. (A) Docked pose of the RhlR-delamanid
complex; Figure S2. Total energy and potential energy of apo LasA; Figure S3. (A) Ramachandran plot
of energy minima structure of apo LasA; Table S1. Details of the antimycobacterial drugs used in this
study; Table S2. Details of the target proteins of P. aeruginosa used in this study.
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