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Abstract

Visceral Leishmaniasis (VL), the second neglected tropical disease caused by various Leishmania species, presents a sig-
nificant public health challenge due to limited treatment options and the absence of vaccines. The agent responsible for
visceral leishmaniasis, also referred to as “black fever” in India, is Leishmania donovani. This study focuses on L. donovani
Minichromosome maintenance 10 (LdMcm10), a crucial protein in the DNA replication machinery, as a potential thera-
peutic target in Leishmania therapy using in silico and in vitro approaches. We employed bioinformatics tools, molecular
docking, and molecular dynamics simulations to predict potential inhibitors against the target protein. The research revealed
that the target protein lacks homologues in the host, emphasizing its potential as a drug target. Ligands from the DrugBank
database were screened against LdMcm10 using PyRx software. The top three compounds, namely suramin, vapreotide, and
pasireotide, exhibiting the best docking scores, underwent further investigation through molecular dynamic simulation and
in vitro analysis. The observed structural dynamics suggested that LdAMcm10-ligand complexes maintained consistent bind-
ing throughout the 300 ns simulation period, with minimal variations in their backbone. These findings suggest that these
three compounds hold promise as potential lead compounds for developing new drugs against leishmaniasis. In vitro experi-
ments also demonstrated a dose-dependent reduction in L. donovani viability for suramin, vapreotide, and pasireotide, with
computed ICs, values providing quantitative metrics of their anti-leishmanial efficacy. The research offers a comprehensive
understanding of LdMcm10 as a drug target and provides a foundation for further investigations and clinical exploration,
ultimately advancing drug discovery strategies for leishmaniasis treatment.

Keywords Leishmaniasis - DNA replication - Minichromosome maintenance 10 (Mcm10) - Virtual screening - Molecular
dynamics simulation - MTT assay

Introduction

Visceral Leishmaniasis (VL), also referred to as Kala-azar,
is a neglected tropical disease affecting approximately
500,000 individuals worldwide, with over 90% of cases
concentrated in socioeconomically challenged regions,
including Brazil, Ethiopia, India, Somalia, and Sudan [1].
The causative agent, Leishmania donovani, transmitted by
phlebotomine sand flies, necessitates prompt clinical inter-
ventions to avert near-certain fatality [2]. Despite a recent

P4 Diwakar Kumar
diwakarl1@gmail.com

Department of Microbiology, Assam University,
Silchar 788011, Assam, India

Department of Computational Sciences, Central University
of Punjab, Bathinda 151401, Punjab, India

Published online: 09 May 2024

decline in VL incidence in India and Bangladesh attributed
to the widespread use of insecticide-treated nets, the epide-
miological status in other regions, notably Brazil, remains
concerning [3]. In Brazil, urbanization has facilitated the
spread of VL, intensifying the public health threat. The
emergence of Leishmanial strains resistant to conventional
antimonial drugs, the primary frontline defence against
VL, as well as their substitutes like Amphotericin B and
Miltefosine, further complicates the situation [4, 5]. Cur-
rent therapeutic options for VL exhibit notable limitations,
encompassing severe side effects, restricted applicability to
hospital settings, and financial constraints [4]. Addressing
these challenges, targeting specific proteins within the L.
donovani parasite has gained prominence in drug develop-
ment. Numerous studies have elucidated that essential pro-
teins are pivotal for the parasite’s survival, replication, and
evasion of host immune responses [6, 7]. The rationale for
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focussing on such proteins lies in the design of drugs that
selectively disrupt these essential processes, thereby imped-
ing the parasite’s life cycle. The systematic identification and
validation of these proteins as drug targets underscore their
significance in advancing therapeutic interventions against
VL. Mcm10, a multifunctional protein intricately involved
in eukaryotic DNA replication [8], has been recognized as
a critical DNA replication protein and a candidate for drug
targeting in cancer [9].

Mcm10 consistently engages with DNA, regardless of
topological or sequence considerations [10, 11]. Its binding
affinities for both single-stranded (ss) and double-stranded
(ds) DNA are comparable, with the N-terminal domain
(NTD) facilitating protein oligomerization despite modest
DNA binding capability [12]. The Mcm10 internal domain
(Mcm10-ID) exhibits pronounced sequence homology
across diverse species [10]. Crystallographic investiga-
tions reveal a unique arrangement of the OB-fold and ZnF
domains in xMcm10-ID, presenting a configuration distinct
from other DNA binding proteins [10]. This domain tan-
dem forms a continuous DNA binding surface in Mcm10,
encompassing specific residues identified through nuclear
magnetic resonance chemical shift perturbation, involving
a patch of basic lysines and aromatic amino acids that make
direct contact with DNA [11]. Despite the commonality of
ZnF domains in various proteins, the likelihood of small
molecules binding to them and yielding selective drugs
is limited. However, it is noteworthy that the C-terminal
domain (CTD) ZnF significantly augments the DNA bind-
ing affinity of full-length Mcm10 [13].

Consequently, emphasizing the Mcm10 internal domain
as the prime target emerges as a judicious strategy for devel-
oping specific inhibitors. As there is currently no available
vaccine for leishmaniasis, and existing research on the
Leishmania parasite lacks insights into potent antigens or
immunogens, our focus centres on the internal domain of
L. donovani Mcm10 (LdMcm10) as a distinct therapeutic
target. Inhibitors targeting LdMcm10 hold promise as robust
anti-leishmanial medications for clinical use, addressing
leishmaniasis and alleviating associated symptoms. The
potential of Mcm10 to sustain DNA replication is critical
for all eukaryotes’ survival and existence. The viability of
Mcm10 as a possible drug target is based on the fact that
Mcm10 is involved in DNA replication regulation, repair
mechanisms, and cell proliferation in eukaryotes [11]. As a
result, in silico screening was performed against LdMcm10
using drug-like compounds from the DrugBank database.

Using computational techniques in computer-assisted
drug design has become a practical approach for explor-
ing new lead compounds [14]. Over the past two decades,
academics have created and utilized various computational
techniques to enhance efficiency and reduce expenses.
Therefore, we have employed virtual screening (VS) and
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computer simulations to identify lead compounds against
LdMcm10 in this study.

Methods

Target selection, molecular modelling, and model
validation

Before performing molecular docking, the structure of the
target protein was constructed. The sequence of the target
protein LdMcm10 was obtained from the KEGG database
(https://www.genome.jp/entry)(LDBPK_262410). The
received sequence was subsequently cross-verified using
UniProt with the accession number AOA3S7X073. To
determine the degree of similarity with human homologs, a
similarity search was conducted against the human genome
using the protein Blast programme available at https://blast.
ncbi.nlm.nih.gov/Blast.cgi, and the internal domain of the
selected protein was used as the target sequence for homol-
ogy modelling. Due to the absence of template structures
with an identity percentage below 28% for homology mod-
elling of the LdMcm10 internal domain (LdMcm10 ID)
sequence, alternative methods such as ab initio and thread-
ing were explored to construct a three-dimensional model.
RosetaFold, available at http://robetta.bakerlab.org [15], was
employed as an online platform offering various computa-
tional tools for predicting and analysing protein structures.

Additionally, predictions for the 3D structure of the
LdMcm10 ID protein were generated using I-TASSER
(https://zhanglab.ccmb.med.umich.edu/I-TASSER/) [16],
ModWeb (https://modbase.compbio.ucsf) [17], and Alpha-
Fold (https://alphafold.ebi.ac.uk/) [18] web servers. Evalu-
ation of the protein’s integrity is crucial to the protein struc-
ture prediction procedure. Using the PROCHECK server
[19], the accuracy and precision of the model evaluations
were determined by Ramachandran plot analysis, which
comprises the number of residues in the most favoured,
additionally allowed, generously allowed, and disallowed
regions and the ERRAT score. The model exhibiting the
most favourable PROCHECK score underwent energy mini-
mization for enhanced structural stability, achieved through
the YASARA Energy Minimization server [20]. Subsequent
validation of the refined model was conducted using PRO-
CHECK [19] to assess the authenticity and structural quality
of the LdAMcm10 rigorously.

Ligand library preparation

The Drug Bank database (https://www.drugbank.ca/)
offered access to a molecular library of nearly 1000
approved molecules in this study. Renowned for reliabil-
ity in bioinformatics and cheminformatics, Drug Bank is a
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valuable resource for virtual screening, providing detailed
information on drugs, including specific data on targets
such as sequence, structure, and pathways. Canonical
smiles from Drug Bank (https://www.drugbank.ca/) were
utilized for molecular docking, and subsequent conversion
to PDB files was achieved using CORINA 3D software
(https://www.mn-am.com/online_demos/corina_demo).

Molecular docking

Computational drug design relies heavily on molecular
docking, which guarantees that the ligand molecule will
fit into the binding pocket of the chosen protein in the cor-
rect configuration. Docking investigations in the present
study used the PyRx virtual screening programme [21].
PyRx uses the docking applications autodock four and
autodock vina. A grid box was built with the following
dimensions in X, Y, and Z (120.6361, 115.6029, 116.640)
and (26.0286, 44.5394, 43.1279). Almost every residue in
the active site is contained inside the grid box. We chose
to investigate compounds with the weakest binding energy.
Hydrogen bond interactions were studied with LigPlot [22]
and visualized in PyMol [23] for docked protein-ligand
structures.

Molecular dynamic simulation

Molecular dynamics simulations were executed to prog-
nosticate the ligand binding dynamics with the target pro-
tein within a physiological milieu. The docked complex
involving the protein target and ligand molecules under-
went a 300 ns simulation utilizing Desmond 2020.1 from
Schrodinger, LL.C [24]. The primary objectives encom-
passed delineating dynamic behaviour, exploring inter-
molecular interactions, and assessing the complex’s sta-
bility [25]. Employing an orthorhombic simulation box,
the complex underwent solvation using the system builder
platform with the simple point-charge (SPC) explicit water
model. The solvated complex system, established with a
salt concentration of 0.15 M, integrated an appropriate
number of Na+/Cl — counter ions, maintaining a constant
temperature of 300 K and 1 atm pressure throughout the
simulation period. The receptor-ligand complex system
adopted the OPLS-2005 force field, and a comprehensive
solvent model featuring SPC water molecules was imple-
mented in the system [26, 27]. Trajectories were sampled
at 300 ps intervals for analysis, with the stability of the
protein—ligand complex gauged through metrics such as
Root Mean Square Deviation (RMSD), radius of gyration
(Rg), root mean square fluctuation (RMSF), and the tem-
poral evolution of hydrogen bonds (H-bonds).

MM-GBSA calculation

We utilized the binding free energy as a strict metric to char-
acterize the binding affinity inside the protein-ligand com-
plex objectively. We examined the binding free energies for
LdMcm10 ID and its ligands using the molecular mechan-
ics-generalized born surface area (MM-GBSA) method
[26, 27]. The complex calculations were made more acces-
sible by the mmgbsa.py Python script included in the prime
module. We calculated the binding free energy (AGbind)
using the VSGB solvent model, the OPLS 2005 force field,
and sophisticated rotamer search methods [28]. To estimate
the binding free energy controlling the interaction between
ligands and the LdMcm10 ID receptor within the system,
use the formula

AGbind =G - (Gprotein + Gligand)

complex

Essential dynamics (ED) analysis

To elucidate the global motions occurring during the 300-
ns simulation of ligand complexes with LdMcm10 ID, we
employed principal component analysis (PCA) [29, 30]. Ini-
tiated by constructing a covariance matrix, the subsequent
PCA computation allowed for extracting fundamental con-
formational dynamics. The exploration of protein-ligand
complex conformational dynamics involved computing the
movements of trajectories focussing on ten alternate con-
formational modes of the major component, with particular
attention to comparing the highest mode (PC 2). Through-
out the 300-ns molecular dynamics simulation for the pro-
tein—ligand complex, we constructed a dynamic cross-cor-
relation matrix (DCCM) encompassing all carbon atoms.
This DCCM facilitated an in-depth investigation of domain
correlations [31].

In vitro cell-cytotoxicity assay

The cytotoxicity assay utilized the MTT assay [32, 33]
against L. donovani (Ld1S) promastigote. In this study,
promastigotes were cultivated in Ti75 tissue culture flasks
(Thermo Fisher Scientific) and maintained at 25 °C within
an incubator. Subsequently, the cells were placed in separate
wells of a 96-well microtiter plate (Thermo Fisher Scientific)
containing 100 pl of M199 medium. The final cell density
in each well was 2 x 10° cells/well. The test compounds,
along with amphotericin B utilized as the positive control,
were dissolved in a 0.1% dimethyl sulfoxide (DMSO) solu-
tion, and the final concentration was made up to (1-20) uM/
ml. The cells were treated with Amphotericin B as positive
control after an overnight incubation period. In contrast,
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untreated cells were utilized as the negative control, and
cells treated with different concentrations of Suramin, Pasir-
eotide, and Vapreotide were employed as the test sample and
kept for overnight incubation at 25 °C. All experiments were
conducted in triplicate.

After the incubation period, the cells in the microtiter
plate were centrifuged using a Sigma 3-30 K centrifuge at
a speed of 4500 revolutions per minute for 45 min. The cul-
ture media were then removed, resulting in the formation
of a pellet consisting of the cells. Following the process of
centrifugation, a volume of 20 pl of MTT reagent with a
concentration of 5 mg/ml was introduced into each well.
Subsequently, the plate was incubated in the dark for 4 h at
25 °C. Subsequently, the MTT was removed by washing,
and the formazan crystals were dissolved in 100 pl of dime-
thyl sulfoxide (DMSO) per well. The measurement of MTT
reduction was conducted by recording the absorbance at a
wavelength of 570 nm using a microtiter plate reader. All the
reagents were purchased from Thermo Fisher Scientific -IN.

Results
Target selection and homology modelling

The LdMcm10 protein’s amino acid sequence was taken
from the KEGG genome database. Protein BLAST con-
firmed that LdMcm10 does not have any empirically estab-
lished structures. The protein blast analysis against human
Mcm10 yielded insignificant sequence similarity with the
target protein. Additionally, superimposing the protein struc-
ture onto the human Mcm10 structure revealed a substantial
Root Mean Square Deviation (RMSD) of 40.754 A (Sup-
plementary Fig. 8).

The LdMcm10 protein shares only 28% of the sequence
similarities with the internal domain of Xenopus laevis
Mcm10 (PDB 3EBE_A), suggesting the need to apply
ab initio and threading approaches for model building.
Without an appropriate homology modelling template,
various web servers were utilized to generate the best 3D
model for LdMcm10 ID (Table 1). The model obtained
from the Robetta web server was chosen for subsequent

investigation, considering its favourable Z score and
Ramachandran plot analysis (Supplementary Fig. 1A and
B).

Energy minimization was performed using the
YASARA Energy minimization server to yield a highly
stable protein structure, which was subsequently validated
with PROCHECK. Additional ProSa and ERRAT were
used to analyse the LdMcm10 ID protein’s integrity and
structural quality (Supplementary Fig. 2 A-C).

Prediction of binding site residues

Previous research suggests that multiple sequence align-
ment (MSA) analysis can accurately identify binding loca-
tions [34]. The MSA was utilized to search for conserved
LdMcm10 ID amino acid residues, which influence how a
protein interacts [35] (Supplementary Fig. 3 B).

Further binding site residues were verified using the
https://www.ncbi.nlm.nih.gov/Structure/cdd/wrpsb.cgi
server. The amino acid residues from 339-381 were iden-
tical to the zinc finger domain of yeast Mcm10 proteins
and DnaG-type primases (Supplementary Fig. 3 C). This
identified region is deemed a potential binding site for
ligands and aligns concordantly with the conserved amino
acid residues delineated in the MSA. According to previ-
ous studies on X. laevis, the internal domain of the Mcm10
protein offers an entirely novel ssDNA binding platform
[36]. However, an earlier study in budding yeast Mcm10
shows that mutation in conserved residues hampers the
DNA binding activity of Mcm10 and affects the DNA rep-
lication process [37].

In addition, the CASTp web server was used to pre-
dict binding sites and select the most likely binding site.
CASTp identified 75 possible binding sites; however,
binding pockets 2, 3,31 and 6 were selected for our work
(Supplementary Table 1). In contrast, the study did not
consider those pockets because ligands cannot fit in pock-
ets with limited surface area and volumes [38]. Most of
the conserved amino acid residues identified by MSA were
inside the anticipated protein model’s selected binding
area (supplementary Fig. 3A).

Table 1 The different servers utilized to generate the best LAMCM10 model for in silico docking studies alongwith the quality and accuracy
assessment through Z score & Ramachandran plot analysis using PROSA & PROCHECK server respectively

Prediction servers z-score Residues in the most Residues in additionally Residues in generously Residues in disal-
favoured regions (%) allowed regions (%) allowed regions (%) lowed regions (%)

RosetaFold -5.99 87.5 10.6 0.9 0.9

I-TASSER —5.49 57.3 34.6 53 29

AlphaFold -5.13 63.7 17.4 4.9 14.0

ModWeb —-4.87 54.7 222 53 17.8
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Structure-based virtual screening

We screened a 1000-compound library against LdMcm10
and identified three lead compounds with favourable dock-
ing scores. Vapreotide (DB04894) exhibited a substantial
docking score of — 11.3 kcal/mol, characterized by 19
hydrophobic interactions with amino acids. Additionally, it
established seven hydrogen bonds with Gln 426, Ser 349,
His 320, Ala 342, and Ser 401 within binding pockets 2, 3,
and 6. Suramin (DB04786) exhibited a robust interaction
profile, with a docking score of — 10.8 kcal/mol featuring
twelve hydrophobic interactions with amino acid residues
in binding pockets 2, 3, and 6. It formed eight hydrogen
bonds with Ser 401, Arg 313, Ser 316, Ala 315, Thr 346,
Ala 341, Gln 368, and Asn 363. Meanwhile, Pasireotide
(DB06663) showed a docking score of -9.8 kcal/mol for
the target protein. This compound engaged in fifteen
hydrophobic interactions within pockets 2, 3, and 6, along
with six hydrogen bonds involving Ser 403, Asn 362, Ser
349, Tyr 352, and Ala 315. A comprehensive depiction
of all hydrogen bonds and hydrophobic interactions is
delineated in Table 2. All three lead molecules interact
with amino acid residues in the protein’s internal domain
(LdMcm10), essential for ss DNA binding [37]. Hence,
these specific ligand molecules and the corresponding pro-
tein—ligand complexes were selected for molecular dynam-
ics (MD) simulation and subsequent in vitro studies.

Mcml10, a protein involved in DNA replication, serves
as a scaffold protein and coordinator for different proteins
in the replication process. Unlike an enzyme with a specific
substrate, Mcm10 interacts with other proteins and com-
plexes essential for DNA replication, enabling the replica-
tion process to proceed smoothly [11]. Along with other
replisomes, Mcm10 was found to interact with DNA poly-
merase o, PCNA, and single-stranded DNA [11]. Therefore,
we also docked DNA polymerase o, PCNA, and single-
stranded DNA as positive control against Mcm10. Docking
interaction and analysis with the help of HADDOCK 2.4
server exhibits Z score of — 2, 0, & 2 for DNA polymerase
o, PCNA, and single-stranded DNA, respectively. Further
2D and 3D interaction analysis revealed DNA polymerase
a, PCNA, and single-stranded DNA formed H-bonds with
residues Arg 357, Arg 382, Lys 379, Ser 383, Glu 390, Glu
356, Tyr 352, Thr 386 (Supplementary Fig. 7 A-F) sug-
gesting that these are potential amino acid residues involved
in interaction with other replisome proteins. Thus, selected
drugs might also utilize these amino acid residues to hinder
protein’s function.

The generation of three-dimensional (3D) and two-
dimensional (2D) protein—ligand interaction graphs was
accomplished using PyMol and LigPlot software. These
graphical representations visually depict hydrogen bond
interactions between amino acid residues within the active
site and the chosen ligand molecules, as illustrated in Figs. 1
and 2.

Table 2 The anticipated binding affinity, crucial interacting residues, and hydrogen bond lengths of the chosen ligand molecules

Compound name
(kcal/mol)

Binding Affinity H-bond H-bond length A Hydrophobic interaction

Vapreotide (DB04894) —11.3 His 320 2.87
Ala342 3.22
Ser 349 3.13,2.70
Ser401 2.71
Ser404 2.70
Gln 426 291
Arg 313 2.90
Ala315 2.90
Ser316 3.18
Ala341 2.86
Asn 363 3.17
Gln 368 2.69
Ser 401 3.02
Thr 346 2.83
Ser403 2.85
Asn 362 2.95
Ala315 3.08
Ser349 2.94,2.76
Tyr 352 3.05

Suramin (DB04786) —-10.8

Pasireotide (DB06663) —9.8

Ile 273, Arg 313, Ala 315, Ser 316, Ala 317, Pro 318, Ala 319, Ala 341,

Asp 343, Leu 344, Gly 345, Ala 348, Ala 397, Gln 399, Arg 452, His
455, Ala 425, Ser 403, Leu 429

Leu 377, Thr 389, His 395, Arg 391, Glu 390, Asp 343, Leu 344, Gly

345, Ala 395, Gly 399, Phe 340, Cys 347

Arg 428, Lys 353, Ala 319, Ala 425, Leu 429, Gln 426, Ala 402, Leu

405, His 455, Ser 401, Leu 344, Gly 399, Gly 345, Pro 318, Thr 346
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Fig. 1 The molecular docking results demonstrate the interaction of A Vapreotide, B Suramin, and C Pasireotide in the binding pocket of

LdMcm10. Yellow dotted lines represent hydrogen bond interactions
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Fig.2 LigPlot 2D visualizations show the interactions between active
site residues and the top ligands Vapreotide (A), Suramin (B), and
Pasireotide (C). Hydrogen bonds are shown as green dashed lines

Structural dynamics

A molecular docking study reveals that suramin, pasire-
otide, and vapreotide had the strongest binding affinity with
the target protein LdMcm10 ID. However, the chemical
interactions between proteins and ligands are crucial to the
structural stability of a protein—ligand complex. However,
it also depends on the simulated environment [39, 40].
Recent investigations indicate that drugs with high binding
affinity and docking scores may have escaped the binding
pocket [41, 42]. Thus, it is crucial to study the conforma-
tional changes. In order to understand the role of ligands in
protein dynamics, MD simulation for 300 ns was run for
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with distances (A), whereas hydrophobic interactions are represented
by red arcs. Carbon (black), nitrogen (blue), and oxygen (red) are the
three atomic hues

protein—ligand docked complexes along with the apo struc-
ture of LdAMcm10 ID to have a detailed understanding of the
conformational changes in the protein.

Root mean square fluctuation (RMSD) analysis

RMSD quantifies the protein—ligand complex’s average atom
departure from the original frame after a defined time. The
calculation assessed complex stability over time for each
simulation trajectory frame. Figure 3A represents the RMSD
development of the protein and protein-ligand complexes.
When compared to the structure of the protein in its apo
state, the flexibility of the protein is decreased when it is
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Fig.3 The 300 ns molecular dynamic simulation results of top three
protein—ligand complexes (LAMCMI10-Vapreotide shown in yellow,
LdMCM10-Suramin shown in green, LAMCM10-Pasireotide shown
in blue, and LAMCMI10 shown in red). A RMSD value of carbon
alpha atoms of the complex. B RMSF of carbon alpha of complex

bound to a ligand. In LdMcm10ID-vapreotide, an initial rise
in RMSD was seen up to 50 ns. However, after that, there
was a decline with an average RMSD of 7.02 A. The results
remained steady throughout the simulation, suggesting that
the ligand stayed connected to the protein’s binding pocket
[43, 44]. From 50 ns onwards, the average RMSD for the
LdMcm10ID-suramin complex was 5.7 A, with only a mod-
est drift of 0.2 A t0 0.5 A.

On the other hand, it was discovered that LdMcm10ID-
pasireotide fluctuated with an average value of 6.8 A from
150 ns to the end. In contrast, many drifts were seen during
the first initial phase of the simulation. These conformational
flips are caused mainly by the ligand’s torsion angle [44],
which suggests that the observed change may be attributable
to a conformational shift in the ligand’s rotatable bonds. The
drug binding provided stability to the LdMcm10 protein.

Root mean square fluctuation (RMSF) analysis

In order to observe the local fluctuation in protein structure
[45], the RMSF of each amino acid residue of LdAMcm10

structure. C Rg of backbone atoms. D SASA of the ligands. E Total
number of H-bonds between ligands and Protein. F The binding free
energy of LAMCMIO inhibitors has been assessed through the MM-
GBSA approach

ID that interacted with the ligands were calculated for
300 ns (Fig. 3B). The figure indicates that conformation
was maintained throughout the simulation. In LdMc-
m10ID-vapreotide, the average RMSF value was below
2.10 A. However, some amino acid residues, such as Ser
319 (0.882 A), Ala 335 (0.834 A), Arg 337 (0.888 A), GIn
338 (0.982 A) Gln 339 (0.986 A), Val 341 (0.89 A), Leu
342 (0.758 A), and Tyr 348 (0.861 A), had lower RMSF
values, indicating tight ligand binding within the binding
pocket (Fig. 3) [46]. LAMcm10ID-Suramin had an aver-
age RMSF of 2.77 A, whereas LdMcm10ID- pasireotide
had 3.10 A. The study on RMSF demonstrates that the
stability of molecular connections between ligands and
LdMcm10 ID in complexes exhibits little fluctuations.
However, stable secondary structures like alpha-helices
and beta-sheets stay the same throughout the simulation.
The primary cause for the fluctuations is that the protein’s
N- and C- ends have loops and low-stable beta-sheets
[47].
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Secondary structure analysis

The simulation predicted the protein’s secondary structure
by plotting alpha-helices and beta-strands against the resid-
ual index. LdMcm10ID-Suramin has 3.87% alpha-helices
and 31.6% beta-sheets, compared to 5.95% and 26.37% in
LdMcm10ID-pasireotide and 0.85% and 33.73% in LdMc-
m10ID-vapreotide (Supplementary Fig. 4). The alpha—beta
helices-sheet ratio impacts protein RMSD. Protein residues
in rigid structures have lower RMSD than coils and loops
[48, 49].

Radius of Gyration analysis

To assess LdMcm10ID-ligand-bound complex structural
compactness and stability, the radius of gyration (Rg) is
studied [50]. Figure 3C displays the Rg of all protein—ligand
complexes and apoprotein. The Rg figure for LdMcm10ID-
vapreotide indicates that the structure stabilized around
16.24 A throughout the simulation, with modest drifts of
roughly 2 A in the first 50 ns, indicating changes in struc-
ture. However, the structure remained stable after 50 ns,
suggesting the structural compactness of these complexes
throughout the simulation. The Rg figure for LdMcm10ID-
pasireotide shows a little trajectory increase in the first
half of the simulation, but this drift reduces, and the struc-
ture stabilizes. After 150 ns, the simulation stays constant
with an average value of 16.94 A for 300 ns. Compared
to LdMcm10ID-vapreotide and LdMcm10ID-pasireotide,
LdMcm10ID-Suramin exhibits moderate perturbation with
an average value of 17.27 A, indicating less stable structural
compactness and integrity.

Solvent-accessible surface (SASA) analysis

The solvent-accessible surface area (SASA) is a metric quan-
tifying the conformational changes induced by the ligand
throughout the simulation. SASA data are crucial in discern-
ing whether the ligand remains within the binding pocket or
is expelled from the binding cavity [51]. SASA was calcu-
lated for both LdMcm10 ID (apo state) and LdMcm10ID-
ligand complexes to analyse the behavioural changes. The
average SASA values for LdMcm10 ID (apo state) and its
complexes with suramin, pasireotide, and vapreotide were
determined as 9296.05 A2, 8959.2 A2, 9265.98 A2, and
9241.76 A2, respectively. Suramin and vapreotide com-
plexes with LdMcm10ID exhibited slightly higher SASA
values than the LdMcm10 ID (apo form) (Fig. 3D). Con-
versely, the pasireotide complexes displayed a lower SASA
pattern than the apo form. Elevated and relatively stable
SASA values in a protein-ligand complex indicate that the
ligand can interact with solvents without causing significant
structural alterations to the protein [52].
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H-bond analysis

The overall stability of the protein—ligand complex is intri-
cately influenced by numerous hydrogen bond (H-bond)
interactions occurring within the active site of the protein.
In their respective bound states, pasireotide, suramin, and
vapreotide exhibit multiple H-bond acceptors and donor
sites that directly interact with the predicted binding sites of
LdMcm10ID. The temporal evolution of H-bond interactions
in these three complexes over the 300 ns simulation is illus-
trated in Fig. 3E. Figure 3E depicts an average of five, four,
and three H-bond contacts in the LdMcm10ID-pasireotide,
LdMcm10ID-Suramin, and LdMcm10ID-vapreotide com-
plexes throughout the simulation period. Notably, the num-
ber of H-bond interactions exhibits fluctuations. The pres-
ence of robust H-bonds between the ligands and LdMcm10
ID implies the formation of enduring protein—ligand com-
plexes, underscoring their structural stability.

This study evaluated the hydrogen bond interactions
between Mcm10 and DNA polymerase a, PCNA, and sin-
gle-stranded DNA (ssDNA) as a positive control. Through
a meticulous 50 ns simulation, we observed a substantial
formation of hydrogen bonds within the Mcm10-PCNA,
Mcm10-DNA polymerase a, and Mcm10-ssDNA com-
plexes. The Mcm10-ssDNA complex displayed approxi-
mately 8—10 hydrogen bonds, whereas interactions between
Mcm10 and DNA polymerase a and Mcm10 and PCNA
exhibited a range of 4-6 and 2—4 hydrogen bonds, respec-
tively. (Fig. 4D). These findings elucidate the intricate and
dynamic nature of protein—protein and protein-DNA interac-
tions, affirming their significance throughout the simulation.

Additionally, we analyse the structural stability and com-
pactness of the protein—protein and protein-DNA complexes
through rigorous analysis of RMSD, RMSF, the radius of
gyration, and solvent-accessible surface area (SASA). These
metrics serve as indicators of the stability and dynamic
behaviour of the complexes over time, as illustrated in
(Fig.4 A, B, C, E).

The RMSD values for Mcm10 remained consistently
stable throughout the simulations. Notably, when Mcm10
formed complexes with other replisome proteins and DNA,
its backbone exhibited heightened stability, as indicated by
minimal RMSD values. Moreover, the binding of PCNA
and ssDNA to Mcm10 did not induce substantial alterations
in its backbone RMSD. This finding suggests that Mcm10
maintains a stable backbone conformation when interacting
with these proteins and DNA entities, which is crucial for
its functional role within the replisome machinery. Simi-
larly, a notable decrease in Root Mean Square Fluctuation
(RMSF) values was observed upon the binding of Mcm10
with PCNA, DNA polymerase o, and ssDNA, compared to
its unbound form (Apo-Mcm10). This reduction signifies
increased stability of the protein—protein and protein—-DNA
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Fig.4 50 ns molecular dynamic simulation findings for the three
protein—substrate complexes (LAMCMI10 with three substrates i.e.
ssDNA, PCNA, and DNA pol o). A RMSD value of carbon alpha

complexes. Furthermore, analysis of the Radius of Gyration
(Rg) and Solvent Accessible Surface Area (SASA) values for
these complexes revealed consistent and persistent interac-
tions between the protein and DNA components throughout
the simulation period. These findings highlight the robust-
ness and compact nature of the formed complexes, indicat-
ing their functional significance in replication machinery.

Ligand dynamics

To understand the role of ligands on protein binding
affinities throughout simulations. Total seven properties
of ligand, including (1) RMSD properties: Root mean
square deviation of a ligand from the reference conforma-
tion (usually the first frame at time t=0); (2) Radius of
gyration (rGyr): Measures ligand “extendedness” and is
comparable to its primary moment of inertia; (3) intra-
molecular hydrogen bond (intraHB): Number of ligand
molecule internal HB. Calculated molecular surface area
(MolSA) using 1.4 A probe radius; 5. Solvent-accessible
surface area (SASA): Water-accessible molecular surface
area; (6) Polar surface area (PSA): A molecule’s solvent-
accessible surface area is solely oxygen and nitrogen [53]
was assessed to analyse ligand stability about the protein
and binding pocket. Supplementary Fig. 5 A, B, and C
displays the RMSD of suramin, pasireotide, and vapreo-
tide values. Suramin maintained an average RMSD value

20 30
Time (ns)

600

MCM1¢
MCM10-ssDNS
MCM10-PCNA
MCM10-Pola

30
Time (ns)

atoms of the complex. B RMSF of carbon alpha of complex struc-
ture. C Rg of backbone atoms. D Total number of H-bonds between
ligands and Protein. E SASA of the ligands

of ~3.8 A throughout the simulation, followed by vapreo-
tide and pasireotide, with 5.09 A and 5.8 A. Suramin and
vapreotide stay constant after 100 ns of simulation, unlike
pasireotide. Although there is a minor change between 50
and 90 ns, suramin remains stable and compact with an
average rGyr value of 10.90 A throughout the simulation.
Despite slight deviations, vapreotide maintains compact-
ness throughout the simulation, with an average rGyr value
of 7.88 A. Pasireotide had more rGyr variation than the
other two compounds across the process. Finally, rGyr val-
ues show the “extendedness” or compactness of ligands
in the binding pocket during simulation. Pasireotide tran-
sitioned from compact to stable extended conformation,
suramin showed terminal stability followed by early oscil-
lations, while vapreotide remained compact during 300 ns
of simulation. The intra HB, MolSA, SASA, and PSA
graphs showed the ligand’s character during the simula-
tion. Suramin’s MolSA, SASA, and PSA graphs showed
consistency throughout the simulation procedure, with just
a few tiny drifts between 200 and 250 ns. MolSA, SASA,
and PSA plots for pasireotide and vapreotide revealed
inconsistency during the first simulation stage. Overall,
there is a tendency for various properties to fluctuate at
first, then become more consistent and steadier as the sim-
ulation progresses. These observations analyse the ligand’s
behaviour and interaction pattern with protein (Supple-
mentary Fig. 5 A, B, and C).
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Binding free energy analysis

Protein—ligand complex stability is indicated by binding
free energy [54]. The binding free energy for 300 ns of
simulated trajectories was computed to measure stability.
Electrostatic, covalent, hydrogen bonding, hydrophobic,
Van der Waals, and polar solvation energies contributed to
the binding free energy. MM-GBSA determined the total
binding free energy of suramin, pasireotide, and vapreotide
against the LdAMcm10ID binding pocket. The binding free
energy for LdMcm10ID-suramin, LdMcm10ID-pasireotide,
and LdMcm10ID-vapreotide complexes was — 101.67 +4.1
2,-93.72+1.01, and —96.39 + 1.32, respectively (Supple-
mentary Table 2). LdMcm10-suramin has the lowest binding
free energy of the three complexes. Electrostatic binding
and van der Waals energy contributed most to the interac-
tions. H-bond interaction for LdMcm10-suramin, pasire-
otide, and vapreotide was —5.99+0.91,—-11.15+2.11, and
— 5.80+ 1.87 kcal/mol (Supplementary Table 2). Figure 3F
compares the energies at which the inhibitors suramin,
pasireotide, and vapreotide bind to the binding pocket in
the LdMcm10ID.

Essential dynamics and principal component
analysis

Principal Component Analysis (PCA) is a robust method
for characterizing protein dynamics within molecular sim-
ulations [55]. In this study, we applied PCA to scrutinize
the conformational dynamics of LdAMcm10 ID and its pro-
tein—ligand complexes. PCA scatter plots were constructed
by projecting simulated trajectories onto the two-dimen-
sional subspace defined by the first three eigenvectors (PCl1,
PC2, and PC3), with the colour spectrum representing the
temporal evolution from blue (initiation) to white (interme-
diate) to red (termination). The outcomes of the PCA analy-
sis for both the apoprotein and the protein—ligand complexes
are shown in Supplementary Fig. 6A-D.

Comparative scrutiny of PCA plots for LdMcm10ID-
pasireotide (Supplementary Fig. 6B), LdMcm10ID-suramin
(Supplementary Fig. 6C), and LdMcm10ID-vapreotide
(Supplementary Fig. 6D) underscores the pronounced vari-
ability within the PC1 cluster, contributing 35.08%, 55.88%,
and 35.64% of the respective variances. The PC2 cluster
manifests variabilities of 21.23%, 17.33%, and 13.58%,
while the PC3 cluster demonstrates minimal variability,
accounting for merely 5.42% of the variance in the LdMc-
m10ID-vapreotide complex (Supplementary Fig. 6D). The
restricted variability in PC3 for LdMcm10ID-vapreotide,
relative to PC1 and PC2 (Supplementary Fig. 6D), indicates
a notably stable binding of vapreotide to the protein, result-
ing in a compact structural conformation. Examination of
clustered regions within the PC subspace unveils distinctive
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conformational variations across all groups, where the blue
region signifies pronounced movements, the white region
denotes intermediate motions, and the red region indicates
the least flexible movements [56].

Dynamic cross-correlation matrix (DCCM) analysis

Dynamic Cross-Correlation Matrix (DCCM) analysis was
conducted on the trajectories of Ca backbone atom positions
in both apo and ligand-bound independent simulations to
discern the presence of correlated motions. Figure SA-D
shows positive correlations in the upper left triangle, while
negative correlations are illustrated in the lower right trian-
gle. The intensity of colour reflects the degree of correlation
or anticorrelation, with deeper colours indicating a more
robust correlation or anticorrelation. The correlation coeffi-
cient, ranging from — 1 to 1, signifies that a positive correla-
tion implies movement in the same direction, while a nega-
tive correlation indicates movement in opposite directions.
Examination of DCCM diagrams across all systems revealed
notable correlations, with selected ligand molecules display-
ing high pairwise cross-correlation coefficient values on the
cross-correlation map. The dark blue colour, indicating cor-
related residues (~ 1.0), suggests many pairwise correlated
residues between the target protein and the chosen ligands
[57]. Notably, DCCM analysis of Ligand-stand indicates a
marked reduction in correlated motions upon ligand bind-
ing, underscoring the impact of the ligand on the protein’s
dynamic behaviour.

Effect of lead molecules on the cell viability of L.
donovani promastigotes

The effect of selected compounds on L. donovani Ld1S pro-
mastigotes was examined using an MTT assay to determine
their biological implications. The results of the MTT test are
reported as a percentage of cell viability, which was deter-
mined by applying the following equation while performing
the calculation [33].

Mean OD of test samples
mean OD of control

%Cell viability = x 100

For this purpose, promastigote cells are incubated with
different concentrations of selected compounds (1-30uM/
mL). The study found that increasing drug concentration
decreased L. donovani percentage viability, suggesting a
dose-dependent lethal effect of selected drug molecules
(Fig. 6). In order to verify the deterrent effect of suramin,
vapreotide, and pasireotide, a negative control experiment
was carried out in which the cells were not subjected to
any treatment with the selected compounds. With a sample
size of three, the proportion of viable cells in this particular
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lation are shown in dark blue, motions with negative anticorrelation
in white, and motions with mixed correlation in cyan

instance was 99.10 +2.2%, showing that the cell death in the
prior instance was solely attributed to the lethal action of the
drugs. Further, we also calculated the ICs, of the selected
compounds. Suramin is a primary agent in treating African
trypanosomiasis (commonly referred to as African sleep-
ing sickness) caused by Trypanosoma brucei gambiense or
Trypanosoma brucei rhodesiense [58]. Suramin possesses
an ICs value of — 11.05+0.29 uM (R*=0.88). It is worth-
while to discuss that the ICy, value obtained in our case
(LDBPKI1S) for suramin is moderately less in comparison
with the ICs;, value of Suramin against L. donovani (AG83)
[59]. Vapreotide is a somatostatin analogue used as an
antiparasitic agent against cryptosporidium-associated
diarrhoea in HIV-infected patients [60]. At the same time,
pasireotide is used to treat Cushing’s disease [61]. In our
study, both the compound shows potent anti-leishmanial
activity with ICsyvalues of — 16.71+0.15 uM (R*=0.89)
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and 12.59+0.39 uM (R*=0.86), respectively. To our knowl-
edge, this is the first report of these two compounds as anti-
leishmanial agents.

Discussion

Leishmaniasis is a group of parasitic diseases caused by
at least 20 species of the protozoan parasite Leishmania.
It includes illnesses ranging from modest cutaneous blem-
ishes to catastrophic visceral forms [7]. Because there are no
effective leishmaniasis vaccinations, chemotherapy is used
to manage the illness. Initial therapy with pentavalent anti-
monial is limited by resistance. Alternative chemotherapies,
including amphotericin B, miltefosine, and paromomycin,
are hazardous or expensive. Leishmaniasis chemotherapy
faces medication shortages, resistance, toxicity, and expense.
To address these problems and enhance leishmaniasis treat-
ment, new, effective medications and pharmacological tar-
gets are needed [62]. Finding targets in a biological system
is one of the most essential parts of drug research discovery.
A pathogen target should be either absent or considerably
distinct from the host homolog to be used as a therapeutic
target. Secondly, the target selected should be necessary for
the pathogen’s survival.

Due to its pivotal role in cellular proliferation, the DNA
replication machinery is a promising therapeutic target for
diverse medical conditions, including infections, autoim-
mune diseases, and cancer [63]. Mcm 10, a versatile protein,
plays a crucial role in eukaryotes’ initiation and elongation
phases of DNA replication. Its involvement in licencing
origins, interaction with the MCM2-7 complex, coordi-
nation with DNA polymerase a-primase, single-stranded
DNA binding, and regulation of replication fork progres-
sion underscores its significance in ensuring accurate DNA
replication in eukaryotic cells [11]. Therefore, this study
employs a combination of in silico and in vitro approaches
to explore novel therapeutic strategies targeting the Mcm10
protein in L. donovani.

New drug selection comprises numerous crucial steps to
identify compounds with fewer side effects and interactions
with other drugs. Bioinformatics and in silico drug design
significantly affect cutting-edge drug discovery and design.
These methods are used to look at target structures for bind-
ing active sites, guess what medicinal chemicals will work,
and study the 3D structures of proteins [30, 31]. Predicting a
protein’s 3D structure is a fundamental step that bridges the
gap between sequence information and functional insights.
It is pivotal in advancing our understanding of cellular pro-
cesses, facilitating drug discovery, and guiding experimental
studies to modify or inhibit protein function [33].

This study’s BLAST search results revealed the absence
of host homologues for the target protein. The target
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sequence exhibited less than 28% sequence identity with
available templates. This unique combination of factors
underscores the target’s significance as a potential drug tar-
get. It emphasizes the need for alternative computational
approaches in structure prediction due to its limited sequence
similarity with existing templates. It signifies the necessity
of using a threading-based method to predict its 3D structure
accurately [64]. In this research, various bioinformatics tools
were systematically applied to predict the three-dimensional
structure of the internal domain of LdMcm10. Notably, the
model generated by RosetaFold demonstrated the highest Z
score (Table 1). This compelling outcome led to the selec-
tion of the RosetaFold-generated model as the optimal can-
didate for subsequent in-depth analyses.

A notable drawback in computational protein structure
prediction is the divergence of predicted models from exper-
imentally derived native structures, limiting their application
in biochemical assignment and drug design, which demand
high structural precision. This disparity hinders the effec-
tive utilization of computational methods in scenarios where
accuracy is paramount [65]. Therefore, refining protein
structures has become essential for enhancing knowledge-
based predictions and advancing therapeutic investigations
[66]. Energy was minimized via the YASSARA web server
to improve the predicted model’s quality. In our study, the
Z score of the selected model rose from —5.80 to — 5.89
after refining, indicating improvement in the model’s quality
(Supplementary Fig. 2B).

Additionally, we utilized multiple sequence alignment
(MSA) to forecast conserved amino acid residues (Supple-
mentary Fig. 3B). Prior studies indicate the significant con-
tribution of MSA in accurately analysing binding site predic-
tion [34]. In this context, the internal domain of the protein
was identified as the binding site (Supplementary Fig. 3A).

Moreover, we employed molecular docking to predict and
identify the optimal conformation of small-molecule ligands
within the target binding site. This technique assesses scor-
ing functions that estimate the energy of anticipated ligand-
receptor complexes. The scoring function calculates the
total energy of the ligand—protein interaction combined with
the ligand’s energy; a lower energy value signifies a more
effective protein—ligand binding and a more stable struc-
ture [67]. Virtual screening, a swift and cost-effective in
silico approach, involves the evaluation of vast compound
libraries for their potential to bind specific regions on target
molecules like proteins [68]. In our current study, three com-
pounds have emerged as promising therapeutic candidates
against L. donovani, displaying the highest affinity for the
active site of LdMcm10 and possessing the lowest binding
energy, as delineated in Table 2. Serine 349 is identified as a
common interacting residue for both vapreotide and pasire-
otide, whereas Serine 401 is shared between suramin and
vapreotide. It is noteworthy that these interactions are, to
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the best of our knowledge, reported here for the first time in
the context of L. donovani Mcm10. These compounds estab-
lish hydrogen bonds with critical amino acids pivotal for
interactions and binding with various replisome proteins and
single-stranded DNA, thus facilitating seamless DNA repli-
cation processes, as evidenced in supplementary Fig. 7A-F.

Molecular dynamics simulations were subsequently
employed to assess these protein—ligand complexes’ stabil-
ity and conformational dynamics. The findings of our study
align with previous research, emphasizing the importance of
understanding the structural dynamics and stability of pro-
tein—ligand complexes for effective drug discovery. Similar
studies, such as those conducted by Chandra et al. [69], have
underscored the significance of solvent-accessible surface
area (SASA) analysis in determining ligand behaviour within
the binding pocket. Our observations of ligand-induced
changes in SASA complement their insights, suggesting
a consistent approach to studying ligand—protein interac-
tions (Fig. 3D). Additionally, the assessment of Root Mean
Square Deviation (RMSD) in our study aligns with the work
of Pieroni et al. 2023 [70], who emphasized the importance
of evaluating ligand—receptor complex stability over time.
The declining RMSD values in our simulations (Fig. 3A)
indicate a stable protein—ligand interaction, supporting the
notion that lower energy values correspond to more effective
binding, as suggested by Pieroni et al. 2023 [70]. The Root
Mean Square Deviation (RMSD) analysis indicated that the
ligands remained consistently bound to the protein, demon-
strating stability over the simulation period.

Root Mean Square Fluctuation (RMSF) analysis high-
lighted specific amino acid residues with reduced fluctua-
tions, suggesting rigid ligand binding within the protein’s
binding pocket (Fig. 3B). An observable shift in the Root
Mean Square Fluctuation (RMSF) values is noted within
the LdMcm10ID-Pasireotide complex, specifically across
residues spanning from 300 to 400 and 400 to 500, display-
ing a range of variation from 4 to 8 A. This discrepancy
is presumed to be attributable to conformational altera-
tions occurring within the rotatable bonds of the ligand.
This inference is substantiated by visualising these bonds
in the two-dimensional representation of the protein—ligand
interactions (Fig. 2C). These fluctuations result from per-
turbations in the torsion angles of the ligand, indicative of
dynamic conformational changes within the complex [71].
Secondary structure analysis illustrated the persistence of
stable secondary conformations throughout the simulation
(Supplementary Fig. 4).

Furthermore, our study’s emphasis on Hydrogen bond
(H-bond) analysis is consistent with research by Liao et al.
[52], which highlighted the critical role of H-bond interac-
tions in stabilizing protein—ligand complexes. Our com-
plexes’ average number of H-bond contacts resonates with
their findings, further reinforcing that durable complexes

rely on H-bond solid interactions (Fig. 3E). In contrast,
our observations regarding the Radius of Gyration (Rg)
align with earlier studies [50, 62], emphasizing Rg analy-
sis for assessing structural compactness and stability. The
varying Rg values for different complexes in our study
correlate with their findings, emphasizing the importance
of this metric in gauging structural integrity (Fig. 3C).
Our study corroborates and extends previous research
findings, providing a comprehensive understanding of the
structural dynamics and stability of LdMcm10ID-ligand
complexes. These consistent observations across various
studies strengthen the validity and reliability of our find-
ings, offering valuable insights for developing effective
therapeutics against L. donovani.

While our study provides a detailed examination of
ligand behaviour during simulations, it aligns with previous
research in certain aspects. The utilization of RMSD analy-
sis, as discussed in our work, is consistent with earlier find-
ings [53], emphasizing its importance in evaluating ligand
stability. As noted in our study, the observation of consistent
RMSD values for suramin resonates with findings in litera-
ture where ligands exhibit stable conformations throughout
simulations. Our work goes into more depth about how
ligands behave during simulations, but in some ways, it is
similar to other studies that have been done. We used RMSD
analysis in our work, similar to earlier works [53], which
shows how important it is for checking how stable ligands
are. The fact that the RMSD values for suramin stayed the
same throughout our work is similar to what other research
has found: that ligands keep their stable shapes during mod-
els. The use of rGyr values to measure ligand “extended-
ness” or “compactness’” makes it easy to make comparisons
with other studies [53]. Our study’s different rGyr trends for
suramin, pasireotide, and vapreotide align with other studies
that stress how important this parameter is for understanding
how ligand shape changes during simulations.

Additionally, the analysis of intra HB, MolISA, SASA,
and PSA, as conducted in our study, shares similarities with
previous works [53], where these properties indicate ligand
stability and interaction patterns. The trend of initial fluctua-
tions followed by stabilization, as observed in our research,
is consistent with observations in the literature, indicating
a typical pattern in ligand behaviour during simulation pro-
gress. Moreover, the binding free energy determined through
MM-GBSA calculation indicated suramin, pasireotide, and
vapreotide efficiency against LdMcm10 (Supplementary
Table 2).

While each study contributes unique insights, the align-
ment of our findings with established methodologies and
patterns in ligand behaviour, as demonstrated in previous
research, reinforces the robustness and reliability of our
approach. These comparisons strengthen the validity of our
observations and provide a foundation for future studies
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to build upon, fostering a cumulative understanding of
ligand—protein interactions in computational simulations.

Our study’s observations on the dose-dependent reduc-
tion in L. donovani viability, as influenced by suramin,
vapreotide, and pasireotide, align with established antipara-
sitic research in the field. The inclusion of negative con-
trols adheres to rigorous experimental standards, ensuring
that any observed cellular responses are attributable exclu-
sively to the administered compounds. The computed ICs,
values for each compound provide quantitative metrics of
their anti-leishmanial efficacy. The dose-response study
through MTT assay evaluated Suramin with an IC, value of
11.05+0.29 uM against L. donovani promastigotes (LDB-
PK1S) which was comparatively less in comparison with
the ICs, value of Suramin against L. donovani (AG83) [59].
Also, the study first reports the evaluation of vapreotide
and pasireotide as anti-leishmanial as both the compounds
showed potent anti-leishmanial activity with ICs,values of
16.71+0.15 uM and 12.59 +0.39 uM, respectively, against
LDBPKIS (Fig. 6). Our study confirms Suramin’s known
effectiveness against African trypanosomiasis [58], and the
IC4, values obtained suggest a consistent yet strain-depend-
ent efficacy against L. donovani. This aligns with existing
literature on suramin’s broad-spectrum antiparasitic activity.

The novel contribution of our study lies in elucidating
the anti-leishmanial activity of vapreotide and pasireotide,
both somatostatin analogues. While somatostatin analogues
have been explored for parasitic infections [60], their spe-
cific efficacy against L. donovani is a noteworthy finding.
Our research aligns with established antiparasitic principles,
reinforcing dose-dependent responses and emphasizing the
therapeutic potential of suramin, vapreotide, and pasireotide.
The unique contribution stems from confirming their effi-
cacy against L. donovani strains, warranting further com-
parative investigations and clinical exploration.

Conclusion

Overall, our research aimed to assess the possibility that the
Mcm10 protein found in L. donovani may serve as a treat-
ment target for leishmaniasis. We could predict the unique
three-dimensional structure of LdMcm10 by using the in
silico method. Suramin, vapreotide, and pasireotide were
discovered as viable candidates through molecular dock-
ing, and further simulations revealed that these compounds
formed stable complexes. It was shown that the compounds
exhibited dose-dependent decreases in the viability of L.
donovani. The effectiveness of suramin was consistent with
the research that had been done previously, but vapreotide
and pasireotide demonstrated unique anti-leishmanial activ-
ity, which broadened the range of possible treatments. In
conclusion, the findings of our study give insights into the
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structural dynamics of the internal domain of LdMcm10 and
identify prospective therapeutic options against L. donovani.
These findings also have significant clinical implications for
the treatment of leishmaniasis.
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