
RSC Advances

PAPER

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

1 
O

ct
ob

er
 2

02
5.

 D
ow

nl
oa

de
d 

on
 4

/1
4/

20
26

 1
2:

37
:4

0 
PM

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
View Journal  | View Issue
Identification of
aDepartment of Biochemistry and Molecular

Dhaka 1342, Bangladesh
bResearch Assistant at Padma Bioresearch, D
cDepartment of Pharmaceutical Chemistry, P

Gondur, Dhule 424002, Maharashtra, India
dDepartment of Genetic Engineering and Bio

and Technology, Jashore, 7408, Bangladesh
eDivision of Computer Aided Drug Design, De

C. Patel Institute of Pharmaceutical Edu

Maharashtra, India
fDepartment of Microbiology, Jahangirnagar U
gDepartment of Botany, Jahangirnagar Uni

E-mail: aparna@juniv.edu
hResearcher at Padma Bioresearch, Dhaka, B

Cite this: RSC Adv., 2025, 15, 36331

Received 21st June 2025
Accepted 9th September 2025

DOI: 10.1039/d5ra04418a

rsc.li/rsc-advances

© 2025 The Author(s). Published by
potential inhibitors of
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Tuberculosis (TB) has emerged as a leading cause of death due to a single infectious agent—Mycobacterium

tuberculosis (Mt). This situation is exacerbated by delayed diagnosis, inadequate administration of effective

TB medications, prolonged duration of treatment, shortage of toxin-free TB drugs, and frequent increases in

resistance to most TB drugs. In an urge to find potential drug candidates for the treatment of fatal infectious

TB disease, we targeted the folate biosynthetic pathway that involves the ubiquitous enzyme dihydrofolate

reductase (DHFR), which catalyzes the NADPH-dependent reduction of dihydrofolate with the generation of

tetrahydrofolate (THF). Blocking the enzymatic activity of DHFR exhausts the cellular pool of THF, which

results in cessation of DNA synthesis in rapidly proliferating cells and ultimately cell death. Herein, a total of

1026 drug-like molecules with antibacterial activities were tested using several in silico tools for determining

drug-likeness features, ADMET (absorption, distribution, metabolism, excretion, and toxicity) profiling, binding

affinity, and conformation analysis using Autodock Vina and Schrodinger Suite. This exhaustive investigation

identified CHEMBL577, CHEMBL161702, and CHEMBL1770248 as potential drug candidates for the inhibition

of M. tuberculosis DHFR protein. Root mean square deviation, root mean square fluctuation, hydrogen bond,

and MMGBSA evaluation by 100 ns molecular dynamics simulation (MDS) confirmed their molecular stability

with the target protein. All of these drug-like compounds outperformed the control drugs trimethoprim and

methotrexate in molecular docking and molecular dynamics simulation tests. Therefore, our study suggests

these M. tuberculosis DHFR inhibitors as promising drug candidates. However, additional wet-lab

experiments are required to verify their potential therapeutic potency as novel drugs against M. tuberculosis.
1 Introduction

According to the 2020 World Health Organization (WHO)
report, tuberculosis (TB) has become a major menace to
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humanity, affecting 10 million people worldwide and leading to
1.5 million fatalities each year.1 It is caused by Mycobacterium
tuberculosis, which is a distinct Gram-positive bacterium with
a unique composition and arrangement of the mycobacterial
cell envelope that makes treating TB even more challenging.2–4

Along with poor diagnosis, occasionally inadvertent delivery of
TB drugs with toxic properties and prolonged chemotherapy
with the existing TB drugs trigger the upsurge of multi-drug-
resistant tuberculosis (MDR-TB) (resistant to at least isoniazid
and rifampicin) and extensively drug-resistant tuberculosis
(XDR-TB) (resistant to at least isoniazid and rifampicin, in
addition to capreomycin, uoroquinolone, amikacin or kana-
mycin among second-line anti-TB drugs).5 Consequently, new
anti-TB drugs with no resistance or toxicity are desperately
required to ght against MTB. Therefore, we evaluated the
potential of and employed the enzyme dihydrofolate reductase
as a target for the development of a suitable drug in this study.
RSC Adv., 2025, 15, 36331–36343 | 36331
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Fig. 1 X-ray crystallographic structure of dihydrofolate reductase of
Mycobacterium tuberculosis (mt-DHFR) (PDB: 1DG5). (A) Helix, sheet,
loop, NADPH, and native ligand trimethoprim shown in pink, yellow,
green, blue, and magenta color, respectively, in the three-dimensional
structure. (B) Major amino acid involved in the interaction pattern of
the native ligand.
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Dihydrofolate reductase (DHFR, EC 1.5.1.3) is the most inves-
tigated, validated, and targeted member of all the enzymes that
comprise the folate cycle. It is a key enzyme in the folatemetabolic
cycle that is found in all dividing prokaryotic and eukaryotic
cells.6–8 DHFR yields tetrahydrofolate (THF) by catalyzing the
NADPH-dependent reduction of dihydrofolate. THF serves its
function as a critical enzymatic cofactor that shuttles methyl and
formyl groups from one molecule to another one in several one-
carbon unit transfer reactions of various biosynthetic and degra-
dative processes.9–13 THF is necessary for the production of purine
and thymidylate nucleotides, pantothenate, and amino acids (e.g.,
methionine and glycine-to-serine conversion), all of which are
required for DNA, RNA, and protein synthesis.9,11 Moreover, THF
is required for the synthesis of formyl methionyl tRNAfMet, which
is critical for initiating bacterial protein synthesis.11 Since rapidly
dividing cells are in high demand for DNA, RNA, and protein
synthesis, blocking the enzymatic activity of DHFR is the basis for
the design and development of new agents against DHFR.11 As
a result, the loss of DHFR activity depletes the cellular pool of the
reduced folate cofactor, THF, and its derivatives, resulting in the
cessation of DNA synthesis, cell growth and proliferation, and,
nally, cell death. Because of its tiny size (18–22 kDa), availability
of the pure form, and the presence of a small-molecule binding
pocket with established biochemical characteristics, DHFR
attracts researchers' interest as an attractive candidate for utilizing
the scope as a therapeutic target.14–16 As of now, a number of
selective DHFR inhibitors are signicant in the chemotherapy for
several human diseases as anti-protozoal,17–19 anti-bacterial,20–22

anti-fungal,23–25 and anti-cancer agents,11,26,27 and against psori-
asis, autoimmune28 and neoplastic diseases as well.11 For example,
methotrexate (MTX) is one of the most widely known and potent
inhibitors that bind to both human DHFR (h-DHFR) and Myco-
bacterium tuberculosis DHFR (mt-DHFR) with no discernible
selectivity.29,30 Both trimethoprim (TMP) and pyrimethamine
(PYR) are effective inhibitors of bacterial and protozoal DHFR,
respectively, however not potent either for mammalian or mt-
DHFRs.30–32 Although TMP has a low affinity for mt-DHFR,30 the
synergistic effect of TMP/sulfamethoxazole DFHR inhibitor
medication makes Mtb susceptible.33 WR99210, another potent
DHFR inhibitor, functions both as an anti-malarial agent and as
an anti-tubercular agent that has had its clinical development
halted due to unacceptable side effects.34,35

X-ray crystallographic studies unveiled the overall similari-
ties betweenM. tuberculosisDHFR (mtDHFR) and human DHFR
(hDHFR) with a sequence homology of 26%.36,37 We used the
wild-type DHFR (PDB ID: 1DG5), as there are no experimentally
resolved mutant DHFR structures of M. tuberculosis currently
deposited in the Protein Data Bank. Their high-resolution
crystal structures propose some of the crucial structural differ-
ences between host and pathogen DHFR enzymes (Fig. 1). Both
types of DHFR enzymes exhibit the same general fold, even
though hDHFR is signicantly larger with 187 amino acid
residues compared with 159 for the mtDHFR.37,38 DHFR is
a small protein with an a/b structure folded into a central eight-
stranded b-sheet of seven parallel strands with a C-terminal
antiparallel strand and four anking a-helices.38 Most of the
structural characteristics are identical in pathogen and host
36332 | RSC Adv., 2025, 15, 36331–36343
DHFR, which occurs at the C-terminal of the b sheet, whereas
structural alterations occur at the N-terminal of the b-sheet. A
striking difference located in the proximity of the active region
is the extension of a loop domain that puts an end to the
interactions between this loop and the loop domain found in
hDHFR. This alignment of the hDHFR loop domain is equiva-
lent to the “Met 20 loop” in the E. coli DHFR, which inuences
the accessibility of the active region.39,40 Another noticeable
difference found from the analysis of the crystal structures of
MTX binding to mtDHFR and hDHFR implies that mtDHFR
combines with MTX, glycerol (GOL), and NADPH (PDB ID:
1DF7).37 The sequence homology is approximately 55% in the
active and ligand binding site than the sequence homology of
17% for the rest of the chain in mtDHFR.37,39,40

Our in silico technique aims to alleviate the load of the pre-
vailing antibiotic resistance situation by investigating novel
therapeutic usage. A total of 1026 drug-like substances were
obtained as part of this study to evaluate their efficacy in the
treatment of tuberculosis. This investigation followed by
measuring the binding energy and binding interaction of 1026
compounds against the dihydrofolate reductase of M. tubercu-
losis (PDB ID: 1DG5) was performed using two distinct docking
programs, Autodock Vina and Maestro Schrodinger Suite. The
characterization of pharmacokinetics proling of retrieved
compounds helped to validate their drug-like features and toxic
effects. Lastly, structural dynamics simulation and MM-GBSA
analysis were performed to assess the structural stability and
binding energy of the lead drug-like molecules with their
particular binding proteins (Fig. 2).
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Complete methodology of this study in a concise flowchart.
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2 Materials and methods
2.1. Protein and ligand preparation

The three-dimensional structure of the receptor dihydrofolate
reductase of M. tuberculosis in complex with NADPH and
trimethoprim (PDB ID: 1DG5)37 was obtained from the RCSB
Protein Data Bank41 (https://www.rcsb.org/search). All 1026
ligands possessing antibacterial activity have been collected
from the ChEMBL Database42 (https://www.ebi.ac.uk/chembl/).
Each of these selected ligands was converted into the PDBQT
format employing Open Babel of the PyRx soware.43

Trimethoprim was used as a control drug against
dihydrofolate reductase enzyme. Prior to docking analysis, the
PDB protein was prepared by subtracting the water molecules
from the structure employing the PyMOL program,44 and then
rened and optimized using Swiss-PdbViewer.45
2.2. Molecular docking

Molecular docking is a crucial part of rational drug develop-
ment,46 and it was used in this study to evaluate the binding
interaction and affinity of all the ligands with the dihydrofolate
reductase. A total of 1026 ligands were docked with the enzyme
© 2025 The Author(s). Published by the Royal Society of Chemistry
employing Autodock Vina 4.2.47 This tool estimates the binding
energy between ligands and the protein employing the
Lamarckian Genetic Algorithm. Following protein and ligand
preparation, AutoDockTools-1.5.6rc3 was used to convert them
into the vina-compliant PDBQT format.48 Grid boxes with
required dimensions were generated applying the same tool.
The center of the grid box for the dihydrofolate reductase (PDB
ID: 1DG5) was settled at Center_x = 8.69, center_y = 19.838,
Center_z = 16.301 and size_x = 86, size_y = 82, size_z = 70,
exhaustion = 10.

2.3. Evaluation of drug-likeness properties

Drug-likeness is the structural or physicochemical properties of
a drug-like molecule. A drug-like molecule can be considered as
a drug candidate assessing the drug likeness properties. The
freely accessible Swiss-ADME server (http://www.swissadme.ch/
index.php) was used in this study to nd out the key
physicochemical, pharmacokinetic, drug-like, and related
parameters of the ltered 452 drug-like compounds.49 This tool
followed Lipinski's rule of ve criteria,50 Ghose's rule,51 Veber's
rule,52 Muegge's rule,53 TPSA, and the number of rotatable
bonds to evaluate the properties.

2.4. ADMET prediction

The evaluation of chemical absorption, distribution, metabo-
lism, excretion, and toxicity (ADMET) of the ligand is inevitable
before designing a nal drug. ADMET prole of 248 ligands was
performed in admetSAR (http://lmmd.ecust.edu.cn/admetsar2/
).54,55 The ChEMBL database (https://www.ebi.ac.uk/chembl/)
was used to obtain the canonical smiles of the ligands, which
were then used as input data for the study of drug-likeness
properties.42

2.5. Glide docking and MM-GBSA analysis

A total of 30 ligands were selected from previous analyses. Then
they were prepared and rened using the LigPrep option of
Maestro Schrodinger Suite.56 Precise and energy-minimized 3D
molecular structures of those ligands have been produced
utilizing Epik2.2 and sustaining pH 7.0 ± 2. Energy minimiza-
tion of those ligands was carried out exploiting the OPLS3e
force eld.57 The protein DHFR was preprocessed once again
using the Protein Preparation module of Maestro Schrodinger.58

Hydrogen bonds and bond ordering were distributed, and
missing side chains and loops were added to the protein
employing the protein Preparation module. Before removing
water beyond 3.0 Å, protein structures were optimized using
PROPKA (pH 7). Subsequently, the OPLS3e force eld was
applied for energy minimization.

One of the essential parts of the docking study is dening
grid box as it guides the drug-like molecule to the protein's
ligand-binding region. Receptor Grid Generation module was
used to acquire the grid map utilizing baseline parameters such
as keeping a van der Waals radius scaling factor of 1.0 and
a charge cutoff value of 0.25. XP Glide methodology was per-
formed utilizing the Ligand docking module of Maestro
Schrodinger Suite. XP (extra precision) mode of docking using
RSC Adv., 2025, 15, 36331–36343 | 36333
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Glide results in reproducible experimental binding affinity and
accurate binding poses. A cutoff score of 0.15 and van der Waals
radius scaling factor of 0.80 were assigned for ligand atoms. The
glide docking score was determined based on ligand-protein
binding complexes within the binding sites of receptors.

The free binding energy of each ligand with the DHFR
protein was computed employing the Prime MM-GBSA module
of Maestro Schrodinger Suite. The module integrates the
OPLS3e force eld, VSGB solvation model to calculate the MM-
GBSA scores using protein-ligand complexes.58

2.6. Evaluation of interaction patterns and visualization

BIOVIA Discovery Studio 4.1 Visualizer was implied to identify
and visualize multiple non-bonded interactions within each
ligand-protein docked complex.59 The hydrogen-bond interac-
tion, hydrophobic contacts between the ligands, and electro-
static interaction patterns among the amino acid of the protein
and the ligand are depicted in the 2D and 3D schematics of the
docked complex.

2.7. Molecular dynamics simulation

The MD simulation was performed in Schrodinger's Desmond
module.60 Using the System Builder tool, the best 3 ligands and
control Trimethoprim-Mtb dihydrofolate reductase complexes
were positioned in the orthorhombic box with a buffer distance
of 10 Å in order to add water, and single point charge (SPC) was
used to generate a water model. The systems were neutralized
by the addition of Na+ and Cl-ions until a 0.15 M concentration
was reached. The built solvated system was minimized and
relaxed before the production run of the simulation using
OPLS3e force eld parameters as the default protocol associated
with Desmond. The MD simulation was run using an
isothermal isobaric ensemble (NPT) at 300° K temperature and
a pressure of 1.013 bar. A 100-nanosecond simulation was run
during which 1000 frames were saved to the trajectory. Lastly,
using the Simulation Interaction Diagram (SID) tool, MD
simulation trajectory was analyzed.61–66

2.8. Density functional theory (DFT) calculations

The electrical structures of ligands are also linked to their
pharmacological activities. It is important to examine the
structural behavior of the active compound and to explore how
structural orientation, any biological effect part in the structure,
and what parameters may strength the biological activeness of
the molecule. As a result, single-point energy calculations using
DFT were performed in this study to explore the detailed aspects
in terms of structure, electronics, and energy states of every
atom of compound. Frontier molecular orbitals (FMO) of
compounds specify the critical role of charge transfer interac-
tions with the binding site ofM. tuberculosis DHFR. The HOMO
(highest occupied molecular orbital) and LUMO (lowest unoc-
cupied molecular orbital) are commonly known as FMO and
were found to give extremely applicable information about
electron density clouds around the molecule. To shed light on
the electronic structural properties of virtual screened
compounds, both the screened compounds and the control
36334 | RSC Adv., 2025, 15, 36331–36343
drug trimethoprim were entered into the Jaguar platform in
Schrodinger to compute the HOMO and LUMO by incorpo-
rating the basis set at the 6-31G* level and hybrid DFT with
Becke 3-parameter exchange potential.67,68

3 Results
3.1. Molecular docking analysis

A total of 1026 ligands were screened in the AutoDock-Vina
application and the most desirable candidates were ltered
out. Based on the bound conformations and the binding affinity
of all the ligands with the protein, suitable ligands are chosen.
Given that the lower binding energy indicates a higher affinity,
the ligands with the lowest binding energy are considered to be
the most suitable drug candidate. The binding energy of the
control drug (trimethoprim) was kept at −12 kcal mol−1 to
narrow down our dataset. Among all 1026 ligands, 452 exhibited
lower binding scores than the control binding energy. The
results of the comparative docking from the Autodock-Vina tool
are provided in Table S1.

3.2. Drug likeness

Drug-likeness study determines the likelihood of a compound
to be the best drug candidate analyzing its structural or physi-
cochemical properties. The SwissADME online tool identies
compounds that meet the criteria for an optimal oral medica-
tion using ve distinct pharmacokinetic rules (Lipinski, Ghose,
Veber, Egan, andMuegge) based on different algorithms. A total
of 452 drug-like compounds were examined for drug-likeness
properties in our study.

Initially, all of them were rened following Lipinski's rule of
ve lter criteria, including molecular weight (optimal range:
<500), amount of hydrogen bond donors (optimal range: #5),
amount of hydrogen bond acceptors (optimal range: #10), lip-
ophilicity (expressed as Log P, standard range: <5) and molar
refractivity (optimal range: 40–130). Only the ligands that t
within these standard ranges were selected. Aerward, they
were reanalyzed on the basis of the Ghose, Veber, Egan, and
Muegge rules. The number of bioavailability scores, rotatable
bonds, topological polar surface area (Standard range: 20–130
Å2), log S all fell within these rules, and ligands having the
standard values conrmed zero violation of all these rules.
Finally, a total of 248 compounds were chosen for further
analyses. The Drug-Likeness properties of the selected ligands
are reported in Table S2.

3.3. ADMET (absorption, distribution, metabolism,
excretion, and toxicity) analysis

AdmetSAR is an effective platform for the prediction of
comparative ADMET (chemical absorption, distribution,
metabolism, excretion, and toxicity) proles of screened
ligands. For the molecule to be analyzed, the site uses SMILES
format as the input data. The ADME/T test results, including
probability score, are reported in Table S3.

In the absorption part, almost all ligands exhibit a high
intestinal absorption rate, oral bioavailability, and positive Caco
© 2025 The Author(s). Published by the Royal Society of Chemistry
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2 permeability. Only the ligands with the most crucial value in
comparison to others were chosen. In terms of distribution,
however, not all of them are permeable to the blood–brain
barrier (BBB). Following this, when it comes to distribution and
excretion, none of the ligands inhibit any CYP450 enzymes,
although a few of them act as substrates for CYP3A4, CYP2C9,
and CYP2D6, while others have no function as a substrate for
any of the CYP450 enzymes. Finally, all the screened ligands
showed negative results in carcinogenicity and Ames mutage-
nicity test. They also have no acute oral toxic or hepatotoxic
activity. A total of 30 drug-like molecules were selected following
AdmetSAR analysis (Table S4).
3.4. Glide docking and MM-GBSA analysis

All 30 ligands were redocked, and the best candidates were
chosen using the XP (extreme precision) mode. These ligands
were also subjected to MM-GBSA analysis. Ligands with the
highest XP glide and MM-GBSA values were considered to have
the highest binding affinity. The glide scores for
CHEMBL1770248, CHEMBL161702, and CHEMBL577 were
−8.863, −9.62, and −8.813, respectively, whereas the control
Fig. 3 The non-bonded interaction of the top three docked complexes
CHEMBL161702, and CHEMBL1770248, respectively. The first column de
shown in red. The second column presents the pose view, illustrating ligan
contacts (yellow dashed lines) within the active site. The third column
bonds (green dashed lines) and hydrophobic interactions (pink dashed li

© 2025 The Author(s). Published by the Royal Society of Chemistry
ligand trimethoprim and methotrexate displayed the lowest
binding affinity of −7.08 and −7.797 (Table 1). However, MM-
GBSA assessment revealed the comparative free binding
energy of these ligands. The MM-GBSA scores of
CHEMBL1770248, CHEMBL161702, and CHEMBL577 drug-like
compounds were −71.98, −53.09, and −58.91 kcal mol−1,
respectively). These three drug-like compounds were further
chosen for molecular dynamic simulation. The schematic
representation of protein-ligand docked complexes is shown in
Fig. 3.
3.5. Molecular dynamics simulations

Following the docking calculations, the best 3 ligands, and
control Trimethoprim and methotrexate -Mtb dihydrofolate
reductase complexes, MD simulations were carried out using
the Desmond Simulation Package for 100 ns. Root–mean–
square deviation (RMSD) values, root–mean–square uctuation
(RMSF) values, and protein–ligand contacts were calculated
from the MD trajectories. The solvated system of the ligand–
protein docked complex was checked for its binding stability
based on the RMSD uctuations during the simulation. The
, where, A, B, and C indicates the interaction diagram of CHEMBL577,
picts the surface view of the protein–ligand complex, with the ligand
d orientation and hydrogen bonding (red dashed lines) or hydrophobic
displays 2D receptor–ligand interaction maps, highlighting hydrogen
nes) with key amino acid residues.

RSC Adv., 2025, 15, 36331–36343 | 36335
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Fig. 4 Ligand RMSD profiles over 100 ns molecular dynamics simulations. RMSD values of fit ligand CHEMBL577 (green), CHEMBL161702
(orange), CHEMBL1770248 (gray) and control trimethoprim (gold) and methotrexate (blue) of the protein-ligand docked complexes.
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RMSD uctuation is measured individually for the protein and
ligand structures in the trajectory of MD simulations; if it falls
within 3 Å, then the complex is considered to be stable.61,65,69–71

The RMSD values of the protein–ligand complexes of trimeth-
oprim, methotrexate, CHEMBL577, CHEMBL161702, and
CHEMBL1770248 are shown in Fig. 4. The protein–ligand
complexes of trimethoprim, methotrexate, CHEMBL577,
CHEMBL161702, and CHEMBL1770248 displayed average
RMSD values of 2.35 Å, 5.44 Å, 7.93 Å, 3.39 Å, and 4.39 Å,
respectively.

The RMSD of the CHEMBL577 gradually increased for 13 ns
to 31 ns time span; aer that, the curve showed minor RMSD
uctuation, signifying the stability of CHEMBL577. The RMSD
plot of CHEMBL161702 shows minor uctuation from the
initial stimulation period of time to 25 ns, aer which a similar
RMSD trend was observed with the control complex. In the
CHEMBL1770248-complex, ligand RMSD increased substan-
tively for 55 ns and then stabilized RMSD between 1.2 Å and 1.8
Fig. 5 RMSD values extracted from Ca of the protein–ligand dock
CHEMBL1770248 (gray), trimethoprim (gold), and methotrexate (blue), w

36336 | RSC Adv., 2025, 15, 36331–36343
Å for the rest of the simulation. The RMSD plot of proteins is
displayed in Fig. 5. All proteins initially show RMSD from 1.2 Å
to 1.8 Å, aer which the RMSD value was less than that of the
control protein RMSD for the remainder of the simulation.
Lower RMSD values indicate higher stability, whereas larger
deviations reect increased conformational exibility or
displacement from the initial binding pose.

The RMSF values for Ca atoms of all residues were assessed
using 100 ns trajectory data to examine the binding efficiency of
lead compounds with Mtb Dihydrofolate reductase. The average
RMSF values assessed for dihydrofolate reductase upon binding
of trimethoprim, methotrexate, CHEMBL577, CHEMBL161702,
and CHEMBL1770248 are 1.5 Å, indicating that all residues
uctuated within the RMSF range of 0.5 to 2.0 (Fig. 6), implying
that Mtb dihydrofolate reductase exhibits minimal uctuation
and relative secondary conformational stability upon binding of
reported lead compounds. All the RMSF values in the binding
pocket are listed in Table 2.
ed complexes, viz. CHEMBL577 (green), CHEMBL161702 (orange),
ith respect to 100 ns simulation time.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 6 RMSF analysis of Ca atoms for protein–ligand complexes. RMSF profiles for docked complexes, viz. CHEMBL577 (green), CHEMBL161702
(orange), CHEMBL1770248 (gray), trimethoprim (gold), and methotrexate (blue), show residue-wise flexibility during 100 ns simulation time.
Peaks around residues ∼20, ∼40, ∼75, ∼95, and ∼160 indicate higher flexibility, mainly in the loop and terminal regions, with slight variations
among ligands.

Fig. 7 Detailed atomic interaction of three best hits with the protein residues (PDB: 1DG5). The left side of the figure represents protein–ligand
contact of the (A) CHEMBL577 (B) CHEMBL161702, and (C) CHEMBL1770248 compounds to the total 100 nsMD simulation time. The right side of
the figure depicts the 2D interactions of the ligand–protein complex of 100 ns simulation time.

© 2025 The Author(s). Published by the Royal Society of Chemistry RSC Adv., 2025, 15, 36331–36343 | 36337
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The average total energies of trimethoprim-protein
complexes and methotrexate–protein complexes were 9100
and 9199 kcal mol−1, respectively. For CHEMBL577-protein and
CHEMBL161702-protein complexes, the average total energy
was below 9100 kcal mol−1. However, the CHEMBL1770248-
protein complex showed a slightly higher average energy
(9206 kcal mol−1) than the control drug complexes. Aer 80 ns,
the total energy of the selected drug-complexes decreased and
went below 9100 kcal mol−1. It showed a slight deviation of total
energy among the complexes of desired drug-like molecules and
control drugs.

Throughout the 100 ns simulation, protein interactions with
the ligand were also monitored. These interactions can be
categorized by hydrogen bonds, hydrophobic, ionic, and water
bridges, as illustrated in Fig. 7 and 8. The active site amino acid
residues of the Mtb-dihydrofolate reductase contributing to
binding interactions with trimethoprim were Trp22 (hydrogen
bond donor and water mediated H-bond), Ala7 (hydrogen bond
acceptor), Gly97 (hydrogen bond donor), and Thr46 (hydrogen
bond donor) produced 50%, 32%, 69%, 49%, and 49%,
respectively. The amino acid residues Arg45, Gly97, and Gly96
exhibited hydrogen bond contact with the molecule
CHEMBL577 with 43%, 66%, and 66%, respectively, interaction
in the simulation period. CHEMBL577 also interacted with the
hydrophilic residue Arg45 via ionic interactions (Fig. 7A).

In the CHEMBL161702-dihydrofolate reductase complex,
crucial hydrogen bond interaction was found with Arg45, Thr46,
Fig. 8 Detailed atomic interaction of the control ligand: (A) trimethoprim
side of the figure represents protein–ligand contact to the total 100 ns MD
of the ligand–protein complex of 100 ns simulation time.

36338 | RSC Adv., 2025, 15, 36331–36343
Ser49, Ile94, Gly96, Gly97, and Tyr100 over the course of the
simulation. The amino acid residues Gly18, Asp19, Ile20, Arg23,
Asp27, Gln28, Thr46, and Ser49 were involved in the H-bond
formation with the molecule CHEMBL1770248 in the active
site of 1DG5 (Fig. 7). All the amino acid interactions identied
upon docking studies of the target molecule were also displayed
during the dynamic study. We also studied the interaction
pattern of the three selected ligands aer simulation (last frame
of simulation), as displayed in Fig. S1–S3. This demonstrated
that the protein-ligand complex remained stable throughout
the simulation period, with only minimal backbone uctua-
tions in the system. Overall, the simulation indicated more
water-mediated hydrogen bond interactions with the lead
molecules also found in the MD simulation study.
3.6. Post-dynamic MMGBSA

To execute the post-dynamic MM-GBSA evaluation, the ther-
mal_MMGBSA.py script of the Prime/Desmond module of the
Schrodinger suite was applied. The post dynamic-MM-GBSA
analysis of free binding energy evaluation was computed with
the creation of 1 frame with 1000-step sampling size. The frame
was processed and analyzed throughout the post-dynamic-MM-
GBSA calculation of 100 ns MD data of control compound
trimethoprim, and lead compounds CHEMBL577,
CHEMBL161702 and CHEMBL1770248, as revealed by the
studies of the dynamics. The post-MD MMGBSA binding free
, and (B) methotrexate, with the protein residues (PDB: 1DG5). The left
simulation time. The right side of the figure depicts the 2D interactions

© 2025 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ra04418a


Paper RSC Advances

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

1 
O

ct
ob

er
 2

02
5.

 D
ow

nl
oa

de
d 

on
 4

/1
4/

20
26

 1
2:

37
:4

0 
PM

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
energies revealed notable differences in ligand ranking and
stability proles compared to pre-dynamic calculations. The
calculated binding free energy (DG) average of the trimetho-
prim, CHEMBL577, CHEMBL161702, and CHEMBL1770248
was found to be −53.5115 ± 8.01 kcal mol−1, −42.6578 ±

4.54 kcal mol−1, −52.0844 ± 0.79 kcal mol−1, and −68.1447 ±

1.44 kcal mol−1. Compared to the post-dynamic MM-GBSA
calculations, the pre-dynamic MM-GBSA evaluation showed
a similar binding free energy score (Table 3). Trimethoprim's
post-dynamics MMGBSA score (−53.51 ± 8.01 kcal mol−1) was
slightly reduced from its pre-dynamics value, suggesting minor
destabilization but retained strong binding. CHEMBL577
showed a larger drop (−42.66 ± 4.54 kcal mol−1), indicating
weaker dynamic stability. CHEMBL161702 remained highly
stable (−52.08 ± 0.79 kcal mol−1), while CHEMBL1770248 had
the most favorable score (−68.14 ± 1.44 kcal mol−1), surpassing
trimethoprim and indicating superior stability and potential
efficacy.
3.7. Density functional theory (DFT) calculations

The HOMO and LUMO orbitals govern how the molecule
interacts with other species and help to explain its chemical
Fig. 9 Plots of the HOMO, LUMO, and 3D-MESP overlaid onto a su
CHEMBL1770248, and trimethoprim.

© 2025 The Author(s). Published by the Royal Society of Chemistry
reactivity and kinetic stability. HOMO and LUMO orbitals play
a crucial role in charge transfer between these orbitals during
a chemical process. HOMO energy represents the ability to
donate an electron (electron-rich orbital) and the LUMO energy
is related to accepting an electron (electron decient orbital).
The HOMO energy is proportional to the ionization potential,
while the LUMO energy is proportional to the electron affinity.
Furthermore, the energy gap (E) between the HOMO and LUMO
orbitals is linked to interaction stability. It is a useful tool for
determining the most bioactive compound.64,72 Charge transfer
occurs more easily within the molecule if the compound has
a smaller energy gap. It is correlated that when the energy gap is
wide, the system achieves low reactivity, and when the energy
gap is low, the system achieves high reactivity. According to DFT
result analysis, the energy gap of compounds CHEMBL577
(−0.2157), CHEMBL161702 (−0.1854), and CHEMBL1770248
(−0.1954) is closer to the control drug trimethoprim (−0.1926),
which indicates their similar reactivity with trimethoprim
(Fig. 9). In all three investigated compounds—CHEMBL577,
CHEMBL161702, and CHEMBL1770248—polar functional
groups such as amino (–NH2), hydroxyl (–OH), and carboxyl (–
COOH) were identied as key contributors to hydrogen bonding
rface of constant electron density of CHEMBL577, CHEMBL161702,

RSC Adv., 2025, 15, 36331–36343 | 36339
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interactions with the active site residues of the Mtb-
dihydrofolate reductase enzyme. These groups acted as both
hydrogen bond donors and acceptors, forming stable interac-
tions with amino acid residues such as Arg45, Gly97, Thr46, and
Ser49, as observed in MD simulations. The DFT-calculated
frontier molecular orbitals (HOMO and LUMO) were predomi-
nantly localized around these polar interaction sites. Speci-
cally, the HOMO orbitals were primarily concentrated on the
phenyl ring, suggesting that these regions have a higher
electron-donating capability and may participate in p–p stack-
ing or hydrogen bonding through lone pair donation. In
contrast, the LUMO orbitals were mainly localized around the
carboxyl and amino groups, highlighting their potential as
electron-accepting regions, which facilitate the formation of
hydrogen bonds with electron-rich amino acid residues in the
protein's binding pocket.

The molecular electrostatic potential (MEP) maps further
reinforced these observations by identifying electron-rich (red)
and electron-decient (blue) regions on the molecular surface.72

The most negative electrostatic potential was observed in
CHEMBL577 (−57.46 kcal mol−1) and CHEMBL161702
(−51.30 kcal mol−1), indicating strong regions for electrophilic
attack. These negative zones were located near the oxygen
atoms of carboxyl and hydroxyl groups, while the most positive
potentials were found around the nitrogen atoms of the
pyrimidine or aminopyridine rings, suggesting favorable sites
for nucleophilic interactions. In conclusion, the DFT-derived
electronic parameters complement MD simulation results by
conrming the signicance of the polar functional groups in
mediating ligand–protein interactions. The spatial localization
of HOMO and LUMO orbitals around these active regions helps
explain the observed stability and binding affinity of the ligand-
protein complexes, thereby strengthening the overall mecha-
nistic understanding of their bioactivity.
4 Discussion

Since the introduction of the computer-assisted molecular
docking technique, a new era of drug discovery has begun.
Because of multi-drug resistance mechanisms, therapeutic
options for Mycobacterium tuberculosis are restricted. Conse-
quently, there is an absolute need to look for novel molecular
compounds and drugs for M. tuberculosis to ght this life-
threatening disease.

Dihydrofolate reductase (DHFR) is a catalytic enzyme
responsible for converting dihydrofolate to tetrahydrofolate.
This is a crucial step in the synthesis of DNA, RNA, and proteins
in M. tuberculosis.20 Compounds that inhibit mycobacterial
DHFR (mt-DHFR) might be effective in the treatment of tuber-
culosis. A range of 1026 ligands were evaluated in this investi-
gation, with trimethoprim and methotrexate acting as the
control drug since they all show inhibitory action against di-
hydrofolate reductase (DHFR).10,30,31,33 To proceed with the
molecular docking interactions, all the ligands were docked
separately against DHFR using the PyRx tools AutoDock Vina.
This section of the research yielded 452 ligands with the lowest
36340 | RSC Adv., 2025, 15, 36331–36343
binding energy when compared to trimethoprim and
methotrexate.

The idea of drug-likeness, based on the interpretations of the
physicochemical and structural attributes of small drug-like
compounds, has been widely performed in drug designing to
lter out compounds with properties consistent with accepted
pharmacokinetic levels.50,69,73 To screen out the best oral drug
candidates, the pharmaceutical industry authorized 5 distinct
ruled-based lters to be applied sequentially to all of the eval-
uated ligands.49 The initial Lipinski lter (Pzer) is based on
some basic physicochemical features, and it rigorously values
all nitrogen and oxygen as H bond recipients and all nitrogen
and oxygen that have a minimum of one hydrogen as H bond
providers.50 In the lipid bilayer membrane, higher molecular
weight is linked to a lower penetration rate, and Log P below 5 is
90% highly probable to be orally bioavailable.74 When
a substance ts with all the ve basic rules, it will have
improved pharmacokinetic characteristics and bioavailability
in the metabolism.75 To show a drug resemblance, all
compounds must abide by the rules of Ghose, Veber, and
Muegge as well.51–53 In this experiment, we have carefully chosen
only the ligands which showed a null gross violation of all ve
rules. The bioavailability scores, topological polar surface area
(TPSA), and a number of rotatable bonds were also taken into
consideration before choosing the nal compounds. At the
completion of the Swiss-ADME analysis, 248 ligands were
picked for further investigation.

The pharmacokinetic prole of a drug-like molecule must be
evaluated before discovering a drug to ensure that the drug can
survive itself in the body, accomplish its function, and be
eliminated effectively, which is termed ADMET (Absorption,
Distribution, Metabolism, Elimination, Toxicity) properties.
The absorption of a drug compound through the human
intestinal cell lining is a fundamental way to determine the
bioavailability of a compound aer systemic administration.76

As a result, the ADMET prole must include the human intes-
tinal absorption (HIA) rate and Caco-2 permeability estimation.
Our selected ligands show a high rate of HIA and all of them
penetrate the Caco-2 cell line. While the ADMET proling
provided preliminary insights into the pharmacokinetic prop-
erties of the compounds; however, these predictions are based
solely on computational analyses, and validation requires
further in vitro and in vivo assays.

P-glycoprotein is an important transport protein that facili-
tates the transportation of many drugs, hence it is crucial to see
whether the compound is a P-glycoprotein substrate or inhib-
itor.77 The majority of drugs that function in the central nervous
system (CNS) require BBB penetration.78 Following absorption,
the drug must be metabolized by an enzyme in the cytochrome
P450 (CYP) family. CYP1A2, CYP2A6, CYP2C9, CYP2C19,
CYP2D6, CYP2E1, and CYP3A4 are the principal isoforms of
human CYP involved in medication metabolism.79 Its catalytic
activity uctuates for different compounds, which is essential in
changing the bioavailability and drug–drug interactions.80 We
focused on ve of these CYP enzymes in this research: CYP1A2,
CYP3A4, CYP2C9, CYP2C19, and CYP2D6. A compound that
serves as a substrate for a CYP450 enzyme can readily be
© 2025 The Author(s). Published by the Royal Society of Chemistry
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metabolized by that specic enzyme, and when it inhibits that
enzyme, that enzyme will no longer be able to metabolize that
compound.81

While designing a drug, various toxicity tests should be
performed, including hepatotoxicity, acute oral toxicity, carci-
nogenicity, and Ames mutagenesis. Hepatotoxicity associated
with drugs is increasingly the leading cause of acute liver
failure, liver transplantation, and, in the worst-case scenario,
death.82 The Ames mutagenicity assay examines whether
a medication has mutagenic potential, which causes gene
mutation by causing genetic harm.83 Carcinogenicity and oral
toxicity both are crucial endpoints that must be considered
during the drug development process.84,85 We screened out the
ligands that do not have any of these toxicities. Out of 248
ligands, 30 drug-like molecules were chosen based on the
ADMET properties.

The chosen ligands were then docked one more time with
Maestro Schrodinger Suite. To estimate the ligand-binding
affinity and compare the free binding energy of those ligands,
the ligands were tested for the Glide XP and the MMGBSA score.
The protein-ligand docked constructs were used to conduct the
MM-GBSA derived binding free energy estimations.86,87

CHEMBL577, CHEMBL161702, and CHEMBL1770248
compounds showed the highest Glide XP and the MMGBSA
scores.

Molecular dynamics simulation was used to validate the
conformational stability of putative drugs following interaction
with dihydrofolate reductase. The RMSD of ligands trimetho-
prim, methotrexate, CHEMBL577, CHEMBL161702, and
CHEMBL1770248 showed a minor RMSD uctuation
throughout 100 ns simulation. The binding of the ligands
CHEMBL161702 and CHEMBL1770248 did not produce
conformational instability within proteins since the measured
RMSD change aer ligand binding followed the same pattern as
the trimethoprim-protein complex. A comprehensive examina-
tion of the root mean square uctuation (RMSF) curve of Ca
atoms indicated that our lead drugs maintained tight contact
with their binding sites, as seen by their short uctuation of 0.5
to 2.0 within dihydrofolate reductase. However, because of loop
sections on dihydrofolate reductase, RMSF uctuation was
conspicuous. The 100 ns simulation of protein ligand interac-
tions revealed that vGly18, Asp19, Ile20, Arg23, Asp27, Gln28,
Thr46, and Ser49 residues were involved in the formation of H-
bonds with the molecule CHEMBL1770248 at the active site of
1DG5. The total energy difference of CHEMBL577,
CHEMBL161702, and CHEMBL1770248 complexes displayed
a similar energy pattern compared to the control drug
complexes along the 100 ns simulation. For the
CHEMBL161702-dihydrofolate reductase complex, these H-
bond-forming residues were Arg45, Thr46, Ser49, Ile94, Gly96,
Gly97, and Tyr100, while Arg45, Gly97, and Gly96 amino acid
residues form hydrogen bonds with the compound
CHEMBL577. The protein-ligand association remained rela-
tively stable throughout the 100 ns simulation, with minor
backbone uctuations in the system. Post-dynamic MMGBSA
analysis of control drug trimethoprim and best hits
CHEMBL161702, and CHEMBL1770248 also revealed their
© 2025 The Author(s). Published by the Royal Society of Chemistry
robust binding free energy, indicating superior stability and
binding strength, making them promising candidates for
further investigation. On the basis of our ndings, di-
hydrofolate reductase appears to be a viable target for the
CHEMBL161702 and CHEMBL1770248 molecules.

Lead compounds CHEMBL1770248, CHEMBL161702, and
CHEMBL577 performed well and were considered to be the
most efficient inhibitor of DHFR. These compounds
CHEMBL577, CHEMBL161702, and CHEMBL1770248 are
commercially available and approved, enabling direct procure-
ment for in vitro assays in future studies (https://www.ebi.ac.uk/
chembl/). Nevertheless, these ligands need to be studied further
in the lab experiment to ensure their potency and inhibitory
efficacy in vitro studies. Despite some limitations in terms of
the quality of data obtained, distortions, and errors in the
existing base of knowledge, computational methods can
quickly provide a list of promising drug candidates in a cost-
effective and timely manner for an organism like mycobac-
teria, which is difficult to treat owing to its difficult cultivation
and destructive nature.

5 Conclusions

Drug repurposing is a well-known safety approach for the
discovery of novel therapeutic agents, with the main benet of
shortening the time and expense of new drugs in a subsequent
biomedical study. Tuberculosis caused by Mycobacterium
tuberculosis has become a serious public health issue, and
discovering a suitable therapy remains a major hurdle.
According to the ndings of our investigation, an integrated
strategy combining pharmacokinetic proling and molecular
modeling techniques, such as molecular docking and molec-
ular dynamics simulations, may be utilized to identify novel
therapeutic compounds that precisely target the tuberculosis
dihydrofolate reductase enzyme. The ADMET analyses reected
drug-likeness characteristics, whereas the molecular docking
data represented binding affinity and hydrogen bond interac-
tions of lead compounds CHEMBL577, CHEMBL161702, and
CHEMBL1770248. The molecular dynamics simulations of
these lead compounds revealed that the structures were
consistent and equilibrated throughout the simulation in the
binding site of the dihydrofolate reductase enzyme, and also
satisfying results for the binding affinity estimation using the
MM-GBSA technique. It should be noted that CHEMBL161702
and CHEMBL1770248 had the highest binding affinity in
combination with the enzyme. To conclude, all the repurposed
molecules presented might give a comprehensive idea for
structure-based drug designing for tuberculosis treatment.
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