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Abstract: 4-hydroxy-tetrahydrodipicolinate reductase (DapB) is a vital enzyme present in bacteria, 

primarily Mycobacterium tuberculosis, and plays a pivotal role in the biosynthesis of diaminopimelic 

acid (DAP), an essential component of the bacterial cell wall. Inhibition of DapB disrupts DAP 

synthesis, leading to structural damage to the bacterial cell wall, making the bacterium more susceptible 

to the host immune response, and enhancing the effectiveness of existing anti-TB treatments. DapB is 

absent in human cells, which makes it a suitable pharmacological target. This study utilized advanced 

computational techniques, including structure-based virtual screening (SBVS), ADMET profiling, 

molecular docking, dynamic simulations, and principal component analysis, to identify small molecules 

from the vast digital library of the MCULE database that selectively inhibits DapB as a strategy to 

combat tuberculosis, a significant global health challenge. The proposed research identified MCULE-

9296301908-0-1, with a computed binding energy (ΔG) of -9.9 kcal/mol, as a promising candidate for 

an anti-tubercular drug. Notably, this compound surpassed the binding affinity of a known potential 

inhibitor, 2,6-Pyridinedicarboxylic acid (PDC) (-7.5 kcal/mol). However, research findings depend on 

computational methods, and rigorous laboratory experiments are necessary for validation. This study 

represents a significant step toward the fight against tuberculosis drug resistance. 

Keywords: DAP/lysine pathway; Mycobacterium tuberculosis; DapB; PDC; SBVS; docking; MD 

simulation; PCA. 
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1. Introduction 

Tuberculosis (TB), a severe and highly contagious disease caused by Mycobacterium 

tuberculosis, can affect not only the lungs but also various other organs, including 

extrapulmonary TB [1,2]. Despite its discovery over a century ago, a dependable TB vaccine 

remains elusive. Although the BCG vaccine provides limited protection, recent studies on 

macaques suggest that intravenous BCG vaccination can trigger a robust immune response, 

offering substantial protection against future Mycobacterium tuberculosis infections [3]. 

Identifying TB requires differentiating between active TB (ATB) and latent TB (LTBI). 

Current immunological methods, such as the Mantoux Tuberculin skin test and interferon-

gamma release assays, are not consistently reliable in distinguishing ATB from LTBI. Testing 
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and treating LTBI is recommended for high-risk individuals to reduce the likelihood of ATB. 

Advanced molecular tests, such as the GeneXpert nucleic acid-based test, are gradually 

replacing conventional methods for diagnosing ATB, such as sputum acid-fast bacillus 

staining. TB treatment requires a long-term, multiple-drug regimen [4,5]. The emergence of 

drug-resistant TB, particularly multidrug-resistant (MDR) and extensively drug-resistant 

(XDR) TB, poses a significant challenge. Ongoing research is essential to understand the 

relationship between the host and pathogen and to develop effective treatments [6–9]. 

Particular attention should be paid to drug-resistant strains to ensure that new therapies do not 

contribute to their emergence and spread. 

Biosynthesis of diaminopimelic acid (DAP) and lysine is a critical metabolic process 

in bacteria, mainly Mycobacterium tuberculosis. This pathway is essential for synthesizing two 

vital components of the bacterial cell wall: diaminopimelic acid and lysine. The biosynthesis 

of DAP and lysine begins with the conversion of aspartate to diaminopimelate, a process 

catalyzed by aspartate kinase and several other enzymatic reactions. The final step in this 

pathway involves the synthesis of meso-diaminopimelate (DAP), which serves as a crucial 

building block for peptidoglycan synthesis, a vital component of the bacterial cell wall [10,11]. 

In Mycobacterium tuberculosis, the biosynthesis of lysine from DAP is a branch point 

where the organism can decide to continue the pathway to produce lysine or divert 

intermediates to other metabolic pathways. Lysine synthesis involves additional enzymatic 

steps, and incorporating DAP into the peptidoglycan layer of the bacterial cell wall provides 

structural integrity and protection against osmotic stress [12,13]. This pathway is an attractive 

target for antimicrobial drug development because it maintains bacterial cell wall integrity. 

In the intricate domain of bacterial metabolism, 4-hydroxy-tetrahydrodipicolinate 

reductase (DapB) is pivotal in lysine production, an indispensable amino acid. DapB attaches 

to the substrate 4-hydroxy-tetrahydrodipicolinate (HTPA) at its active site, with NAD(P)H as 

a cofactor, facilitating the necessary reducing equivalents for the catalytic process. This process 

entails the reduction of HTPA to tetrahydrodipicolinate (THPA), with hydride ions (H-) 

transferred from the cofactor (NAD(P)H) to the substrate. The final result was the conversion 

of HTPA and NAD(P)H to THPA and NAD(P)+, respectively. Subsequently, DapB releases 

the reduced product, THPA, from its active site [12–14]. The oxidized cofactor (NAD(P)+) is 

then restored to NAD(P)H through cellular redox processes, allowing DapB to participate in 

another round of the catalytic cycle. Understanding the precise molecular mechanisms of 

enzymes, such as DapB, is crucial for designing targeted inhibitors. Small molecules that can 

bind to the active site of DapB and impede substrate binding or catalytic activity are promising 

drug candidates for inhibiting bacterial growth. The specifics of the mechanism and structure 

of DapB in Mycobacterium tuberculosis are critical considerations for developing selective and 

efficacious inhibitors for therapeutic purposes. 

Biosynthetic pathways involving DAP and lysine are currently the focus of extensive 

research in anti-TB drug discovery. The enzyme 4-hydroxy-tetrahydrodipicolinate reductase 

(DapB) is considered a crucial therapeutic target in this pathway, and the development of small-

molecule inhibitors against it holds great promise for preventing tuberculosis [12,14–17]. As 

part of a proposed research initiative, potential investigational ligands against DapB were 

identified using Pfizer's Lipinski rule and virtual screening, followed by a comprehensive 

analysis of the MCULE digital library. Compounds that passed the BOILED-egg test, which 

includes HIA and BBB permeability assessments using TPSA and WLOGP, underwent drug-

likeness and PAINS screening [18,19]. The stability of the top ligands was assessed using MD 
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simulations and the parameters above. A meticulous comparative analysis was conducted 

between the top lead and control molecules to identify potential antitubercular drug candidates. 

This systematic approach holds great promise for advancing anti-TB drug discovery efforts. 

2. Materials and Methods 

2.1. 3D structure retrieval and energy minimization of protein. 

We obtained the three-dimensional crystal structure of DapB from Mycobacterium in 

complex with NADPH and 2,6 pyridine dicarboxylic acid (5TJZ) from the RCSB Protein Data 

Bank (PDB) database, with a resolution of 1.50 Å [20]. To generate a suitable three-

dimensional input file for the chosen docking tool, we isolated only the apo-form of the protein, 

excluding other components, such as heteroatoms, ions, and additional molecules. To improve 

the conformation and structural integrity of the target protein, we conducted an energy 

minimization process using the SwissPDB viewer. This involves optimizing the protein 

structure by minimizing unfavorable interactions and stabilizing the molecule, resulting in a 

more accurate representation of the protein's native state for subsequent computational analyses 

[21–24]. 

2.2. Virtual screening using structural approaches for precision drug discovery. 

For target-based virtual screening, we employed the internet-based drug discovery 

resource site MCULE, which hosts an extensive digital collection of over five million 

purchasable and synthetically accessible ligands. Employing a structure-based virtual 

screening (SBVS) method, we adhered to Pfizer's rule of five (RO5), a set of specific criteria, 

including a molecular weight (MW) of 500 Da or less, a limited number of hydrogen bond 

donors (HBD ≤ 5), a restricted number of hydrogen bond acceptors (HBA ≤ 10), and a partition 

coefficient (LogP) of 5 or less, to filter small molecules [25]. To ensure a diverse range of 

compounds, we set the sample size to 1000 and established a resemblance search threshold of 

0.90 for the input query. Utilizing the FP2 fingerprint in Open Babel as a 2D search algorithm, 

we conducted the SBVS workflow while maintaining the remaining search parameters at their 

default settings to thoroughly investigate potential ligands that met the specified criteria [26]. 

2.3. Retrieval of three-dimensional structures for the reference molecule 2,6-pyridine 

dicarboxylic acid (PDC). 

Two-dimensional structures of PDC were obtained from the NCBI PubChem database 

and converted into corresponding three-dimensional structures using the Accelrys Discovery 

Studio Visualizer (DSV) [27]. This process involves the precise translation of chemical 

structures into three-dimensional conformations. Energy minimization was performed using 

the same protocol as for the receptor molecule to ensure structural integrity and optimize the 

conformation of the inhibitors. This step aimed to refine and stabilize the 3D structure of the 

PDC by aligning their conformations for further computational analyses and modeling [28–

30]. 

2.4. Employing AutoDock Vina for docking simulation. 

The use of the MCULE online drug discovery platform, which incorporates AutoDock 

Vina, enabled the execution of molecular docking simulations of DapB and SBVS ligands. To 

https://doi.org/10.33263/LIANBS141.002
https://nanobioletters.com/


https://doi.org/10.33263/LIANBS141.002  

 https://nanobioletters.com/ 4 of 19 

 

begin these simulations, a three-dimensional protein input file in PDB format was submitted to 

the AutoDock Vina interface and made available on the MCULE portal. To ensure the precision 

of the docking results, a grid size was established to encompass the specific binding pocket of 

the protein [31,32]. Docking parameters, such as the number of binding modes per ligand and 

exhaustiveness, were maintained at their default settings. Notably, the critical criterion for 

evaluating the best pose of ligand hits within the binding site of DapB is the free energy of 

binding (ΔG). This metric is essential for identifying and ranking the most favorable 

interactions between ligands and the binding crevice of the protein, providing valuable insights 

into potential binding affinities and orientations [33,34]. 

2.5. Assessing potentially harmful moieties in screened ligands. 

Through extensive research using the toxicity checker integrated within the MCULE 

resource portal, the primary objective was to identify and scrutinize hazardous components, 

including moieties, fragments, and substructures, present within ligand hits obtained through 

virtual screening. This assessment utilized the SMARTS algorithm, which guarantees 

meticulous examination to detect any chemical elements in the screened ligands that could pose 

potential risks to human health or the environment. The use of this advanced algorithm 

significantly enhances the accuracy and reliability of the evaluation, thereby providing crucial 

information on the safety profile of the identified ligands [25]. 

2.6. Evaluating human intestinal absorption (HIA) and blood-brain barrier (BBB) permeation 

using the BOILED-Egg model. 

The SwissADME tool was used to evaluate the potential of the predicted ligands for 

human intestinal absorption (HIA) and blood-brain barrier (BBB) permeation using the 

BOILED-egg model. This model, also known as the Egan Egg model, employs two key 

physicochemical features: WLOGP with a reference value of ≤ 5.88 to assess lipophilicity and 

TPSA with a reference value of ≤ 131.6 Å2 to evaluate apparent polarity. The BOILED-Egg 

model offers a visual representation that illustrates how much a molecule deviates from the 

optimal characteristics required for efficient absorption into the human body. By providing 

insights into a molecule's lipophilicity and apparent polarity, this model aids in determining its 

suitability for effective absorption and permeation across the blood-brain barrier. This visual 

representation is a valuable tool that offers a nuanced understanding of a molecule's potential 

for optimal uptake and permeation [35–38]. 

2.7. Assessing medicinal chemistry attributes. 

Evaluating medicinal chemical properties requires identifying promising compounds, 

often referred to as frequent hitters. This process was facilitated by using the Pan Assay 

Interference Structure (PAINS) alert option in the SwissADME tools. Specifically, the Ruth 

Brenk alert was used to detect undesirable substructures, dyes, and toxic moieties. This 

approach aims to identify elements within compounds that could potentially interfere with 

assays or possess characteristics deemed unfavorable for medicinal chemistry applications. The 

strategic use of the PAINS alert option enhances the screening process, contributing to 

identifying and excluding compounds with potential drawbacks in medicinal chemistry 

[39,40]. 
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2.8. Assessing stability via molecular dynamics simulation. 

A series of computational simulations utilizing GROMACS 5.1.2 at the molecular 

mechanics (MM) level, with a temperature of 300 K, to assess the stability of the optimal 

ligand-DapB complex and the reference drug PDC-DapB. Employing the gmx grep module, 

the ligands were extracted from their respective complexes, and the CHARMM general force 

field (CGenFF) server was used to predict the topology and force field parameter files for the 

selected ligand hits [41–43]. The pdb2gmx modules of GROMACS 5.1.2 were employed to 

generate topologies for DapB. All complexes were immersed in a dodecahedron box of water 

molecules with a 10 Å margin and underwent a minimization phase consisting of 250,000 steps 

using the steepest descent algorithm. The equilibration phase involved raising the system 

temperature from 0 K to 300 K over a ten-nanosecond duration under constant NVT (number 

of particles, volume, and temperature) and NPT (number of particles, pressure, and 

temperature) conditions. A particle mesh was established using the Ewald method following 

equilibration. Various GROMACS modules have been utilized to thoroughly analyze the 

molecular dynamic parameters and assess complexes' structural stability and dynamics [44–

46]. This comprehensive computational approach offers valuable insights into the behavior of 

the ligand-DapB complex and the reference drug PDC-DapB, contributing to a deeper 

understanding of their potential interactions and stability in a simulated environment. 

2.10. Assessing stability via PCA. 

To investigate the dynamics and conformational changes occurring within the protein-

ligand docking complexes, Principal Component Analysis (PCA) was employed. Using the 

Galaxy platform, PCA was applied to identify statistically meaningful conformations in the 10 

ns trajectory of DapB, the identified ligands, and the control molecule PDC [47]. 

3. Results and Discussion 

3.1. Analysis of ligand suitability through Lipinski rule of five in structure-based virtual 

screening. 

Our analysis of structure-based virtual screening followed the stringent criteria outlined 

by Pfizer's Lipinski rule of five (RO5), which is widely employed in medicinal chemistry to 

evaluate the drug-likeness of chemical compounds and their potential oral bioavailability. The 

RO5 criteria, formulated by Dr. Christopher Lipinski, consist of a molecular weight (MW) of 

less than 500 Daltons, no more than 10 hydrogen bond acceptor (HBA) groups, no more than 

5 hydrogen bond donor (HBD) groups, and a calculated octanol-water partition coefficient 

(logP) of less than 5. In our screening process, we comprehensively examined the 

investigational ligands from the MCULE digital repository. Of the initial 40,401,650 hits, 

32,404,135 ligands adhered to the Lipinski RO5 criteria, demonstrating significant docking 

within the DapB-binding pocket. While adherence to the Lipinski RO5 criteria is indicative of 

favorable pharmacokinetic properties, it is important to note that compliance with these 

guidelines is not an absolute requirement for successful drug development. Compounds outside 

these limits can still demonstrate success based on their overall profiles and other factors 

influencingharmacokinetics [18,25,48]. Figure 1 presents the flowchart of the proposed study. 
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Figure 1. The flowchart for structure-based virtual screening (SBVS) to identify optimal lead molecules 

targeting DapB in Mycobacterium tuberculosis. 

3.2. Docking simulation and toxicity assessment of ligand hits. 

The MCULE ADV tool was utilized to evaluate the ligand-binding affinities for the 

screened compounds and the positive control, PDC, by docking them into the DapB binding 

pocket. The calculated binding free energies (ΔG) for the ligand hits ranged from -9.9 kcal/mol 

to -8.5 kcal/mol. In comparison, PDC, a known inhibitor, exhibited a ΔG value of -7.5 kcal/mol 

upon docking into the target protein's binding pocket. PDC engaged with 13 residues through 

four distinct binding interactions: van der Waals (Vdw), hydrogen bonding (HB), pi-alkyl, and 

active charge interactions, as illustrated in Figure 2. Following toxicity assessment, only 54 out 

of 100 ligands were identified as potential drug candidates.  

 
Figure 2. The 2D representation illustrates the intricate molecular interactions between PDC (control) and DapB 

during protein-ligand docking. The binding between PDC and DapB is characterized by a comprehensive 

engagement involving van der Waals (vdw) forces, five hydrogen bonds, pi-alkyl interactions, pi-interactions, 

and active charge interactions. 

The selection process focused on ligands with ΔG values equal to or lower than that of 

PDC (control), interacting residues aligned with the active site in the crystal structure of DapB 

(PDB: 5TJZ), and demonstrating three or more hydrogen bonds. This rigorous criterion led to 

identifying 7 of the initial 54 molecules. The computed ΔG values and types of interacting 

forces in the docking complexes are summarized in Table 1. This stringent approach 

emphasizes the significance of van der Waals (Vdw), hydrogen bonding (HB), π-alkyl, and 

https://doi.org/10.33263/LIANBS141.002
https://nanobioletters.com/


https://doi.org/10.33263/LIANBS141.002  

 https://nanobioletters.com/ 7 of 19 

 

active charge interactions in the ligand-protein binding process. This detailed interaction profile 

provides insights into the robust binding mechanisms contributing to the stability and 

specificity of the PDC-DapB complex [18,19,49]. 

Table 1. Summary of interactions and binding affinities for the top seven hit compounds with active site 

residues of DapB. 

Ligands 

DapB 

ΔG 

(kcal/mol) 
Types of molecular interactions 

MCULE-2291868853-0-3 -9.2 vdW,7HBs, CHB, pi-pi T-shaped, halogen (fluorine), pi-alkyl 

MCULE-3691680594-0-1 -8.5 vdW, 3HBs, alkyl, pi-alkyl, pi-pi Stacked 

MCULE-4982806243-0-1 -8.6 vdW, 4HBs, CHB, halogen (fluorine), pi-Alkyl, pi-pi T-shaped 

MCULE-7993019654-0-3 -8.5 Vdw, 5HBs, pi-alkyl 

MCULE-9296301908-0-1 -9.9 vdW,5HBs, CHB, pi-pi T-shaped, pi-anion, pi-cation, pi-alkyl 

MCULE-9496318670-0-1 8.7 Vdw, 4HBs, CHB, alkyl, pi-alkyl, pi-pi T-shaped 

MCULE-9929968669-0-44 -8.9 vdW, 3HBs, CHB, Alkyl, pi-alkyl, halogen (fluorine), pi-pi T-shaped 

PDC (Control molecule) -7.5 vdW, HB, attractive charge, pi-alkyl 

vdw: van der Waals; HB: Conventional Hydrogen Bond; CHB: Carbon Hydrogen Bond. 

3.3. Assessment of human intestinal absorption and blood-brain barrier permeation via 

BOILED-egg filtration. 

As its nomenclature suggests, the model distinguishes between yellow and white 

regions, representing predictive positions for significant blood-brain barrier (BBB) penetration 

and human intestinal absorption (HIA) permeation, respectively. Among the seven ligand hits, 

five—MCULE-2291868853-0-3, MCULE-7993019654-0-3, MCULE-9296301908-0-1, 

MCULE-9496318670-0-1, and MCULE-9929968669-0-44 exhibited notable HIA 

permeability, as evidenced by their placement in the white region of the BOILED-Egg model. 

Additionally, two ligand hits, MCULE-3691680594-0-1 and MCULE-4982806243-0-1, 

located in the yolk region, suggested their potential for BBB penetration. In contrast, the 

reference drug PDC displayed significant HIA permeation but lacked BBB penetration. 

Figure 3 illustrates the BOILED-egg model predictions for ligands and reference 

molecules, with blue and red dots indicating P-glycoprotein (P-gp)-positive and P-gp-negative 

molecules, respectively. This differentiation is crucial, as it signifies that ligands acting as 

substrates for P-gp are expelled during BBB penetration. In contrast, non-substrate ligands 

have the potential to traverse the brain membrane [35,50]. 

 
Figure 3. The BOILED-egg model evaluates the passive Human Intestinal Absorption (HIA) permeation and 

blood-brain barrier (BBB) penetration of ligands, along with control molecules (PDC). Ligand hits and the 

control molecule in the egg white region indicates HIA permeation, with two specific ligand hits, MCULE-

4982806243-0-1 and MCULE-3691680594-0-1, demonstrating potential HIA absorption and BBB permeation. 

The reference drug, PDC, exhibits significant HIA permeation but lacks BBB permeation. 

https://doi.org/10.33263/LIANBS141.002
https://nanobioletters.com/


https://doi.org/10.33263/LIANBS141.002  

 https://nanobioletters.com/ 8 of 19 

 

In this context, the importance of HIA and BBB permeation lies in their impact on drug 

absorption and distribution within the body. HIA permeation, represented by ligands in the 

white region, indicates the likelihood of a compound being absorbed through the intestinal wall 

into the bloodstream, thereby influencing its bioavailability. Conversely, BBB penetration, 

illustrated by ligands in the yolk region, is essential for drugs targeting the central nervous 

system because the BBB restricts the entry of many substances into the brain. The BOILED-

Egg model, utilizing parameters such as the Total Polar Surface Area (TPSA) on the X-axis 

and Water-octanol partition coefficient (WLOGP) on the Y-axis, provides insights into these 

critical pharmacokinetic properties, aiding in the prediction and optimization of drug 

candidates. 

3.4. Comprehensive analysis of drug-likeness of ligands and control molecule. 

The Lipinski rule of five served as the primary criterion in the preliminary stage of 

SBVS. After that, the drug-likeness of the small molecules, with the potential to become 

promising oral lead compounds, was further assessed using additional parameters, including 

the Ghose, Veber, Egan, and Muegge criteria. All ligands, with the exception of MCULE-

7993019654-0-3, satisfied the drug-likeness rules proposed by Ghose, Veber, Egan, and 

Muegge [38,51–53]. MCULE-7993019654-0-3, however, exhibited a deviation by surpassing 

Egan's TPSA threshold of 131.6 Å2. The control drug, PDC, violated Ghose's parameters 

(MR<40, atoms<20) and Muegge's rule (MW<200) while adhering to the Veber and Egan 

rules. This underscores the distinctive characteristics of PDC, especially with regard to 

molecular size and complexity. 

A notable observation was the comparison of Bioavailability Scores (BS), where 

MCULE-9296301908-0-1 and PDC displayed a high BS value of 0.56. The remaining ligands 

maintained a commendable BS value of 0.55, indicating substantial potential for significant 

oral absorption (Table 2). A thorough evaluation of diverse drug-likeness parameters highlights 

the nuanced differences between the ligands and control PDC. This comprehensive approach 

provides valuable insights into the potential oral lead compounds and aids in refining the 

selection of candidates for further development. 

Table 2. Predicted drug-likeness beyond Lipinski's rule of five for ligands and control drugs. 

Molecule 
Ghose Veber Egan Muegge 

Abbot BS 
Violation(s) 

MCULE-2291868853-0-3 0 0 0 0 0.55 

MCULE-3691680594-0-1 0 0 0 0 0.55 

MCULE-4982806243-0-1 0 0 0 0 0.55 

MCULE-7993019654-0-3 0 0 1 (TPSA>131.6) 0 0.55 

MCULE-9296301908-0-1 0 0 0 0 0.56 

MCULE-9496318670-0-1 0 0 0 0 0.55 

MCULE-9929968669-0-44 0 0 0 0 0.55 

PDC (Control molecule) 2 (MR<40, atoms<20) 0 0 1 (MW<200) 0.56 

3.5. Analysis of medicinal chemistry parameters. 

The medicinal chemistry attributes of various compounds, including PAINS and Brenk 

alerts, lead-likeness adherence, and synthetic accessibility scores (SS), were thoroughly 

assessed. The compounds investigated were MCULE-2291868853-0-3, MCULE-

4982806243-0-1, MCULE-9496318670-0-1, MCULE-3691680594-0-1, MCULE-

7993019654-0-3, MCULE-9296301908-0-1, MCULE-9929968669-0-44, and the control 

molecule PDC. 
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MCULE-2291868853-0-3, MCULE-4982806243-0-1, and MCULE-9496318670-0-1 

exhibited no PAINS or Brenk alerts and adhered to lead-like rules, displaying SS values of 

2.47, 2.81, and 2.97, respectively. Lower SS values suggest easier synthesis, making them 

excellent drug candidates. MCULE-3691680594-0-1 displayed one Brenk alert (catechol) and 

one lead-like violation (XLOGP3>3.5). MCULE-7993019654-0-3 and MCULE-9296301908-

0-1 violated the lead-likeness rules (MW>350), whereas MCULE-7993019654-0-3 violated 

the rotor parameters. MCULE-9929968669-0-44 exhibited two lead-like violations (MW>350, 

rotors >7). PDC, the control molecule, violated the lead-likeness rule with MW<250. The SS 

values for these compounds ranged from 2.87 to 1.47. 

Table 3 summarizes the findings and comprehensively analyzes the medicinal 

chemistry attributes of the ligands and control drugs. Compounds with zero PAINS and Brenk 

alerts had structures free of toxicophoric moieties. Adherence to lead-likeness parameters 

coupled with lower SS values enhances the likelihood of compounds being excellent drug 

candidates in drug discovery pipelines. Considering each compound's distinct attributes and 

violations is crucial in selecting potential candidates for wet lab assays [18,54]. 

Table 3. Analysis of medicinal chemistry parameters for ligands and PDC. 

Molecule PAINS alert Brenk alert Lead-likeness violation Synthetic accessibility 

MCULE-2291868853-0-3 0 0 0 2.47 

MCULE-3691680594-0-1 0 1 (catechol) 1 (XLOGP3>3.5) 2.87 

MCULE-4982806243-0-1 0 0 0 2.81 

MCULE-7993019654-0-3 0 0 1 (MW>350) 3.75 

MCULE-9296301908-0-1 0 0 1 (MW>350) 2.74 

MCULE-9496318670-0-1 0 0 0 2.97 

MCULE-9929968669-0-44 0 0 2 (MW>350, Rotors>7) 3.64 

PDC (Control molecule) 0 0 1 (MW<250) 1.47 

3.6. Hydrogen bond analysis and molecular interactions with DapB target protein. 

During the course of investigating interactions with the DapB target protein, various 

ligands, including the reference drug PDC, exhibited distinct patterns of hydrogen bonding. 

PDC displayed five conventional hydrogen bonds, MCULE-2291868853-0-3 and MCULE-

9296301908-0-1 displayed seven hydrogen bonds, MCULE-3691680594-0-1 displayed three, 

MCULE-4982806243-0-1 and MCULE-7993019654-0-3 exhibited four, and MCULE-

9496318670-0-1 displayed four hydrogen bonds. Notably, all these ligands demonstrated 

strong binding affinities, as reflected by their more negative ΔG values compared to the control 

molecule PDC (Table 1). 

Seven ligands were selected for further analysis based on the criteria of maximum 

hydrogen bonds and strong binding affinity relative to the control molecules. Among these, 

MCULE-2291868853-0-3 and MCULE-9296301908-0-1, which exhibited the highest number 

of hydrogen bonds and lowest ΔG values, were chosen for in-depth analysis. MCULE-

2291868853-0-3 displayed a remarkable ΔG value of -9.2 kcal/mol and engaged with 16 

residues through six distinct binding interactions, including van der Waals (vdW), hydrogen 

bonds (HBs), carbon-hydrogen bond (CHB), pi-pi t-shaped, halogen (fluorine), and pi-alkyl 

interactions, as illustrated in Figure 4. Similarly, MCULE-9296301908-0-1 exhibited a notable 

ΔG value of -9.9 kcal/mol and interacted with 21 residues through seven different binding 

interactions, including van der Waals (Vdw), five hydrogen bonds (5HBs), carbon-hydrogen 

bonds (CHB), pi-pi t-shaped, pi-anion, pi-cation, and pi-alkyl interactions, as depicted in Figure 

5. This detailed analysis provides insights into the diverse molecular interactions, including 
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hydrogen bonds and other bonding types that contribute to the strong binding affinities of the 

selected ligands with the DapB target protein. 

 
Figure 4. The 2D representation illustrates the intricate molecular interactions between MCULE-2291868853-

0-3 and DapB during protein-ligand docking. The binding between MCULE-2291868853-0-3 and DapB is 

characterized by a comprehensive engagement involving vdW, hbs, CHB, pi-pi t-shaped, halogen (fluorine), and 

pi-alkyl interactions.  

 

Figure 5. The 2D representation illustrates the intricate molecular interactions between MCULE-9296301908-

0-1 and DapB during protein-ligand docking. The binding between MCULE-9296301908-0-1 and DapB is 

characterized by a comprehensive engagement involving vdW, 5hbs, CHB, pi-pi t-shaped, pi-anion, pi-cation, 

and pi-alkyl interactions. 

3.7. Analysis of docked complex stability through MD simulation.  

To assess the stability of the complexes formed by the top two ligand hits, MCULE-

2291868853-0-3 (CID: 99771189) (N-methyl-4-[4-(trifluoromethyl)pyrimidin-2-

https://doi.org/10.33263/LIANBS141.002
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yl]oxybenzenesulfonamide) and MCULE-9296301908-0-1 (CID: 74892780) (1-(benzene 

sulfonyl)-4-bromopyrrolo[2,3-b]pyridine-2-carboxylic acid), in conjunction with the control 

molecule PDC (CID: 10367)(2,6-pyridine dicarboxylic acid), we carried out molecular 

dynamics simulations for a duration of 10 ns using GROMACS software. To scrutinize the 

stability of molecular interactions within the ligands and protein-docked complexes, we 

generated graphs depicting the root mean square deviation (RMSD), root mean square 

fluctuation (RMSF), the radius of gyration (Rg), and hydrogen bonds (HBs) [22,55,56]. 

3.7.1. Root-mean-square deviation (RMSD) analysis. 

The stability of docked complexes was evaluated based on the RMSD metric, which 

served as a critical parameter. The average RMSD values for the reference inhibitor (turquoise) 

and the predicted ligand hits MCULE-2291868853-0-3 (maroon) and MCULE-9296301908-

0-1 (indigo) when interacting with DapB were determined to be 0.32 nm, 0.45 nm, and 0.23 

nm, respectively. The RMSD plot showed that the complex formed by DapB and MCULE-

9296301908-0-1 displayed greater stability than that formed by the reference molecule PDC 

and the other ligand MCULE-2291868853-0-3 with DapB (Figure 6). This suggests that 

MCULE-9296301908-0-1 is the most promising lead among the ligands and controls PDC 

regarding stability within the docked complexes. 

 
Figure 6. Time-dependent RMSD plot. In the graph, values for the DapB-PDC complex, MCULE-2291868853-

0-3 ligand, and MCULE-9296301908-0-1 ligand are represented by turquoise, maroon, and indigo, respectively. 

The plot illustrates the time-dependent changes in root-mean-square deviation (RMSD) for these entities, 

providing insights into the structural stability of the complexes over the simulation period. 

3.7.2. Root-mean-square fluctuation (RMSF) analysis. 

Root mean square fluctuation (RMSF) analysis is a valuable tool for assessing the 

flexibility of docked complexes, quantifying variations by comparing initial and final 

fluctuations. The average RMSF values for the DapB-PDC, DapB-MCULE-2291868853-0-3, 

and DapB-MCULE-9296301908-0-1 complexes were determined to be 0.36 nm, 0.38 nm, and 

0.29 nm, respectively. This analysis provides crucial insights into the structural fluctuations 

exhibited by the docked complexes during molecular dynamics simulations (Figure 7). 

Notably, the lower RMSF value for the DapB-MCULE-9296301908-0-1 complex suggested 

reduced structural fluctuations, indicating enhanced stability. Consequently, based on RMSF 

data, MCULE-9296301908-0-1 emerged as a promising candidate, displaying a more stable 

interaction than both the DapB-PDC complex and the DapB-MCULE-2291868853-0-3 

complex. 
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Figure 7. RMSF plot for docked complexes. This graph illustrates the root mean square fluctuation (RMSF) for 

three distinct complexes: the DapB-PDC complex (turquoise), MCULE-2291868853-0-3 ligand (maroon), and 

MCULE-9296301908-0-1 (indigo). The plot visually captures the flexibility and variations in structural 

fluctuations exhibited by each complex over the course of the molecular dynamics simulation. 

3.7.3. Radius of gyration (Rg) analysis. 

The significance of examining the decreasing trend in the radii of gyration (Rg) with 

increasing compactness of docked complexes cannot be overstated. The average Rg values for 

the DapB-PDC complex (turquoise), MCULE-2291868853-0-3 ligand (maroon), and 

MCULE-9296301908-0-1 (indigo) were determined to be 3.89 nm, 3.78 nm, and 3.79 nm, 

respectively (Figure 8). This analysis offers critical insights into docked complexes' structural 

characteristics and compactness during molecular dynamics simulations, providing a solid 

foundation for further investigations. 

Regarding Rg values, both MCULE-2291868853-0-3 and MCULE-9296301908-0-1 

exhibited comparable and slightly lower Rg values than those of the DapB-PDC complex. 

However, the marginal difference suggests similar compactness. Thus, the choice between 

MCULE-2291868853-0-3 and MCULE-9296301908-0-1 based solely on the Rg values may 

be inconclusive. Further analyses and comparisons with other parameters are recommended for 

a comprehensive assessment of ligand performance. 

 
Figure 8. Rg Plot for Docked Complexes. The DapB-PDC complex (turquoise), MCULE-2291868853-0-3 

ligand (maroon), and MCULE-9296301908-0-1 (indigo) are depicted in this figure, along with an Rg plot for 

each of the three distinct complexes. This plot offers a visual representation of each complex's compactness and 

structural characteristics throughout the molecular dynamics simulation. The plot enables comparative analysis 

of the overall structural behavior of the different ligands, as each color corresponds to a distinct ligand. 
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3.7.4. Hydrogen bond formation and deformation analysis of docked complexes during MD 

simulation. 

The hydrogen bond (HB) plot presented in Figure 9 illustrates the number of HB 

formations, deformations, and stability across the molecular dynamics (MD) simulations for 

all docked complexes, including the DapB-PDC complex (turquoise), MCULE-2291868853-

0-3 ligand (maroon), and MCULE-9296301908-0-1 (indigo). It is worth mentioning that 

MCULE-2291868853-0-3 initially formed seven HBs upon docking with DapB, but it 

experienced deformation and remained unstable over the 10ns MD simulation. In contrast, the 

control molecule PDC and ligand MCULE-9296301908-0-1 exhibited the formation of five 

stable HBs during their interaction with the target protein throughout the simulation period. 

This analysis highlights the dynamic behavior of hydrogen bonds within the docked complexes, 

emphasizing the stability and deformation patterns observed during MD simulations. 

 
Figure 9. HB Plot for Docked Complexes. This figure illustrates the hydrogen bond (HB) plot for the DapB-

PDC complex (turquoise), MCULE-2291868853-0-3 ligand (maroon), and MCULE-9296301908-0-1 (indigo). 

Each complex is accompanied by an HB plot, providing a visual representation of the hydrogen bond dynamics 

within the three distinct complexes. The colors correspond to different complexes, facilitating a comparative 

analysis of their hydrogen bond formation and stability. 

3.8. Principal component analysis of docked complexes of ligands and control molecule. 

Principal component analysis (PCA) was instrumental in uncovering the prevalent 

motions and critical conformational alterations present in the trajectories of protein-ligand 

docking complexes. In the PDC and MCULE-9296301908-0-1, two distinct clusters were 

observed along the dominant PC1 plane, which exhibited non-periodic conformational 

changes. In contrast, the variation in MCULE-2291868853-0-3 is relatively low. These 

findings indicate that PDC (control) displays a greater degree of variation than both ligands, 

MCULE-9296301908-0-1 and MCULE-2291868853-0-3. The first three principal components 

collectively accounted for 50.3% (PDC), 28.1% (MCULE-2291868853-0-3), and 56.1% 

(MCULE-9296301908-0-1) of the overall variance, as evidenced by the eigenvalue rank plot. 

Specifically, PC1 contributed 31.28% (PDC), 12.52% (MCULE-2291868853-0-3), and 

30.46% (MCULE-9296301908-0-1) of the variance, highlighting the distinct conformational 

behavior of each complex. The dissimilarity in colored dots is attributed to different time 

samplings, with continuous patterns indicating periodic jumps and gaps signifying energy 

barriers. The findings from the eigenvalue spectrum analysis and the atomic displacement 

correlation matrix of the Cα atom coordinates were utilized to unveil these dynamics. A 

comparison of the results depicted in Figures 10, 11, and 12 for PDC, MCULE-2291868853-
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0-3, and MCULE-9296301908-0-1, respectively, shows that MCULE-9296301908-0-1 

exhibits more consistent and pronounced conformational changes, suggesting heightened 

adaptability and dynamic behavior. Thus, MCULE-9296301908-0-1 is a promising candidate 

with favorable conformational characteristics among the ligands and control PDC. 

 

Figure 10. PCA of Cα atoms in DapB backbone motions with control molecule PDC. This figure illustrates the 

PCA of the Cα atoms, revealing the backbone motions of DapB during the docking process with the control 

molecule PDC. 

 

Figure 11. PCA of Cα atoms in DapB backbone motions with MCULE-2291868853-0-3. This figure illustrates 

the PCA of the Cα atoms, revealing the backbone motions of DapB during the docking process with MCULE-

2291868853-0-3.  
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Figure 12. PCA of Cα atoms in DapB backbone motions with MCULE-9296301908-0-1. This figure illustrates 

the PCA of the Cα atoms, revealing the backbone motions of DapB during the docking process with MCULE-

9296301908-0-1. 

4. Conclusions 

In summary, our extensive analysis encompassing ligand suitability, docking 

simulations, toxicity assessments, drug-likeness evaluations, and medicinal chemistry 

parameters, as well as hydrogen bonding and molecular dynamics simulations, identified 

MCULE-9296301908-0-1 as the most promising lead among the ligands and control PDC. This 

compound exhibited favorable pharmacokinetic properties, strong binding affinities, reduced 

structural fluctuations, and enhanced stability during molecular dynamics simulations. 

Consequently, MCULE-9296301908-0-1 is considered a potential antitubercular agent and a 

strong candidate for further experimental validation using wet-lab assays. 
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