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Fyn kinase, a non-receptor tyrosine kinase, plays a crucial role in various cellular processes and is implicated in diseases
like neurodegenerative disorders and cancer. The present study employed a structure-based virtual screening approach
utilising a pharmacophore model derived from the known inhibitor staurosporine to identify potential therapeutic agents.
MolPort, a large chemical database, was screened to obtain 1,127 initial hits, which were filtered based on drug-likeness,
PAINS, pharmacokinetic properties, and toxicity profiles, resulting in 104 promising compounds.

Molecular docking of these compounds against the Fyn kinase ATP-binding site identified two top-ranking candidates,
MolPort-000-414-107 and MolPort-005-915-880, exhibiting favourable binding energies and stable binding poses. To
further evaluate the stability and dynamics of these interactions, 200 ns molecular dynamics simulations were performed.
The simulations revealed that both ligands maintained stable binding within the Fyn kinase active site, with minimal RMSD
fluctuations. Ligand binding led to a general reduction in protein flexibility and solvent accessibility. Hydrogen bond
analysis highlighted distinct interaction patterns for each ligand, indicating different binding modes. MM-GBSA
calculations predicted favourable binding free energies for both compounds, suggesting strong binding affinities. These in
silico findings suggest that MolPort-000-414-107 and MolPort-005-915-880 are promising lead compounds for development

of novel Fyn kinase inhibitors.
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Introduction

Tyrosine kinases (TKs) belong to the protein
kinase enzyme group that catalyse the transfer of a
phosphate group to tyrosine residues of substrate
proteins from ATP. They regulate various signalling
pathways involved in cell growth, differentiation,
metabolism, immune responses, and neuronal
plasticity'. Broadly, they are classified as receptor and
cytoplasmic TKs”. These kinases show a conserved
bilobed fold with distinct amino acid sequences and
conformations  responsible = for  characteristic
differences in catalytic efficiency and specificity to
substrate binding’.

*Correspondence:

E-mail: ankitganeshpurkar@gmail.com (AG);
adityaganeshpurkar@gmail.com (AG)

Suppl. data available on respective page of NOPR

Fyn kinase is a non-receptor TK belonging to the
Src family kinases (SFKs) localised in the cytoplasm
and involved in various cellular processes. It is a
59 kDa protein with an N-terminal sequence, three
modular SH domains (viz SH2, SH3 and kinase
domains) and a C-terminal, each contributing to its
regulatory and signalling functions®. The N-terminal
region facilitates the anchoring of the kinase with the
plasma membrane near its signalling partners. The
SH2 domain enables the enzyme to recognise and
bind to phosphorylated tyrosine residues on target
proteins, mediating crucial protein—protein
interactions for signal transduction. Further, the SH3
domain binds to proline-rich sequences, specifically
PXXP motifs, thereby stabilising interactions with
adaptor proteins’. The SH1 domain, or kinase domain,
constitutes the catalytic core of Fyn Kkinase,
responsible  for  phosphorylating  downstream
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substrates. Finally, the C-terminal tail contains

regulatory tyrosine residues whose phosphorylation
status modulates Fyn kinase activity, serving as a
molecular switch for activation or inhibition. It is
primarily localised in the ‘cytoplasmic leaflet of the
cell membrane’ and phosphorylates the tyrosine
residue of principal signalling proteins, modulating
various cellular signalling pathways®.

Staurosporine is a bisindole alkaloid initially
isolated from Streptomyces staurosporeus in 19777, It
is an adenosine triphosphate (ATP) competitive
inhibitor acting on a broad category of targets and
does not compete for the peptide binding site. It
inhibits protein kinase C, p60v-src, and protein kinase
A at nonomolar ICs, concentrations®. On the other
hand, casein kinase 1 (CK1), CK2, mitogen-activated
protein kinase and C-terminal Src kinase (CSK) are
inhibited at the micromolar range'*'". This differential
potency, despite targeting the conserved ATP-binding
site, reflects its selective affinity across various
protein kinases.

Fyn kinase is a critical regulator implicated in
cancer, neurodegeneration, autoimmune disorders,
cardiovascular diseases, metabolic dysfunctions, and
infectious diseases through its modulation of diverse
signalling pathways. Fyn kinase plays a central role in
the pathogenesis of Alzheimer’s disease (AD) by
contributing to both amyloid-fp (AP)-induced
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neurotoxicity and tau pathology. AP oligomers
interact with the cellular prion protein, which
aberrantly activates Fyn kinase, resulting in synaptic
dysfunction and excitotoxic neuronal damage.
Further, it interacts with phosphorylated tau,
promoting its hyperphosphorylation, aggregation, and
the formation of neurofibrillary tangles'?. In Fyn
kinase deficient mouse models, a significant reduction
in tau aggregation and neurofibrillary pathology has
been observed. Moreover, pharmacological inhibition
of Fyn kinase has demonstrated the ability to rescue
synaptic and cognitive deficits and to reduce both
AB- and tau-associated neurodegeneration'. These
findings suggest that Fyn kinase is a significant
therapeutic target, with ongoing clinical trials
evaluating the efficacy of Fyn kinase inhibitors in
mitigating AD-related neuropathology and cognitive
decline'*".

Pharmacophore modelling, based on ligand
interactions within the co-crystallized protein structure,
facilitates rapid identification of potential hit
compounds. Integrating structure-based pharmacophore
modelling with molecular dynamics (MD) simulations
and docking enhances the predictive accuracy of binding
interactions and ligand conformational stability. The
present study employs a pharmacophoric approach
in conjunction with complementary in silico
methodologies to identify and optimise novel Fyn kinase
inhibitors with improved efficacy.

Material and Methods

Pharmacophore hypothesis

The crystal structure of the Fyn kinase domain
complexed with staurosporine, an inhibitor of kinase
(PDB id - 2DQ7) was selected to develop a
pharmacophore hypothesis. The pharmacophore
model was generated employing key chemical
features, including hydrogen bond acceptors,
hydrogen bond donors, aromatic rings, and
hydrophobic centres using the Pharmit server
(https://pharmit.csb.pitt.edu/search.html)'°.
Screening of the database

The generated pharmacophore query was utilised
on the Pharmit web server (http:/pharmit.
csb.pitt.edu)'’. Virtual screening was conducted
against the MolPort library, containing 6,482,4361
conformers from 4,742,020 molecules, which was
updated on 05-09-2024 and used for screening.

Molecular property and ADMET filters
The pan assay interference compounds (PAINS),
Lipinski’s rule of five, were applied over the generated
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hits. It was followed by filtration through parameters
based on absorption, distribution, metabolism and
excretion. Finally, the toxicity filters were applied to
find suitable ligands for molecular docking studies. The
filters were applied through Swiss ADME
(http://www.swissadme.ch/index.php) and Deep-PK
(https://biosig.lab.uq.edu.au/deeppk/)'®".

Protein preparation and validation

The crystal structures of human Fyn kinase were
obtained from the protein databank (https://www.rcsb.
org/) using Uniprot ID — P06241. The final structure was
selected, and protonation states of the amino acid
residues were determined through PDB2PQR
server (https:/server.poissonboltzmann.org/pdb2pqr) at
physiological pH 7.4 using the AMBER force field
14SB for proteins. The hydrogen bond network of the
protein was also optimised in this process. The resulting
structure was subjected to energy minimisation using
AMBER2022. The topology of the protein was prepared
using the AMBER {ff14SB force field. The final
coordinate and topology files for the protein were
generated using tleap. The system was solvated in a
TIP3P water box under periodic boundary conditions,
employing an 8 A non-bonded cut-off and Particle Mesh
Ewald (PME) method for long-range electrostatics.
Energy minimisation was conducted using a
convergence criterion with an RMS gradient threshold
of 1 x 10™* kcal/mol-A through steepest descent and
cojugate gradient algorithms (Suppl. Table 1). The
protein obtained at the end of each stage was further
validated using validation parameters such as QMEAN,
Ramachandran plot and the MolProbity parameters™ .

Ligand preparation

The selected compounds were subjected to energy
minimisation using General Amber Force Field
(GAFF), RDKIT and Open Babel to optimise
molecular geometry, eliminate steric clashes, and
resolve atomic overlaps. The steepest descent
algorithm was employed to locate the local energy
minima by evaluating the total potential based on
bonded and non-bonded interactions™>*.

Identification of active site, grid generation and its validation
The active site of Fyn kinase was determined by
studying protein-ligand interactions obtained from
Discover Studio visualiser 2022. Further, the obtained
residues generated a grid box around the active site.
AutoGrid 4.0 was employed to create grid maps of
interaction energies for various ligand atom types (A, C,
HD, NA, N, OA, S, Br, Cl, and I). For staurosporine, the
grid dimensions were set to 65 x 65 X 65 with a spacing
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of 0.375 A. Grid validation was performed by redocking
the ligand using randomised coordinates, and the
resulting pose was assessed by calculating the RMSD of
heavy atoms relative to the co-crystallised structure.

Molecular docking

The molecular docking was carried out in two
stages using AutoDock 4.2. Initially, virtual screening
was carried out, followed by precision docking of top-
ranked compounds. The Lamarckian Genetic
Algorithm (LGA) was utilised for conformational
sampling in both phases, with parameter details
provided in (Suppl. Table 2). Docking results were
processed using vstools v0.16, a Python-based utility.
Post-docking analysis and visualisation were
conducted using AutoDock Tools 1.5.6 and Discovery
Studio Visualizer 2022, respectively.

Molecular dynamics studies

MD simulations were conducted to investigate the
structural dynamics and stability of Fyn kinase and its
complexes with selected ligands using AMBER2022.
Each complex was solvated in a TIP3P water cubic box
with a 12 A buffer, and counter ions were added to
neutralise the system. Long-range electrostatic
interactions were treated using the PME method. The
systems underwent energy minimisation, gradual
heating, density equilibration and equilibration under
periodic boundary conditions. The production phase of
the simulation was carried out for 200 ns under an NPT
ensemble at 310.15 K®. Visualisation of the 3D
trajectories and molecular structures was performed
using Visual Molecular Dynamics (VMD). The study
was performed following the protocol previously
reported”.

Results and discussion

Pharmacophore hypothesis

Staurosporine is a kinase inhibitor exhibiting strong
inhibition against Fyn kinase and binds to the ATP
binding site. It has a bis-indole system comprising two
indole rings fused to a central seven-membered ring,
facilitating & interactions with protein residues. Its core
structure is an indolocarbazole, a fused tricyclic system
crucial for kinase inhibition. A lactam group in the
central ring enables hydrogen bonding at the ATP-
binding site. The oxygen atom of the 1,3,6-
oxadiazepane ring also forms hydrogen bonds with
amino acid residues (Fig. 1a).

Using these interactions, a pharmacophore map
was prepared through the Pharmit server. The
obtained pharmacophore map consists of two
aromatic groups (Al and A2), two hydrogen bond
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Fig. 1 — (a) 2D-interaction diagram of staurosporine complexed
with Fyn kinase (PDB id — 2DQ?7); (b) Pharmacophore mapping
of staurosporine; and (c) Distance matrix depicting distances
(in A) between various pharmacophores

acceptors (HA1 and HA2), and one hydrogen bond
donor (HD1) (Fig. 1b). The distances among the
pharmacophore features are represented in (Fig. 1c).

Screening of the database

The generated pharmacophore model was
employed to screen the MolPort database, comprising
64,824,361 conformers corresponding to 4,742,020
unique molecules (available as of 05/09/2024), using
the Pharmit virtual screening platform. This process
yielded 1,127 structurally diverse hit compounds,
featuring a wide array of heterocyclic scaffolds such
as thiazoles, benzothiazoles, piperazines, pyrazoles,
and piperidines.

Molecular property and ADMET filters

Beginning with an initial pool of 1,127 virtual hit
compounds, the application of Lipinski’s Rule of
Five, which evaluates drug-likeness through key
physicochemical parameters predictive of oral
bioavailability, alongside the Pan-Assay Interference
Compounds (PAINS) filter, designed to eliminate
false positives and non-specific binders, refined the
dataset to 1,093 structurally suitable molecules. The
subsequent application of a filter limiting the number
of rotatable bonds to ten or fewer, a parameter linked
to conformational rigidity and enhanced oral
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bioavailability, further reduced the candidate list to
1,081 compounds.

An in silico assessment of intestinal absorption, a
critical determinant of oral pharmacokinetics,
identified 1,066 compounds with predicted favourable
absorption characteristics. Among these, 198
compounds were predicted to act as P-glycoprotein
(P-gp) inhibitors, while 75 were identified as P-gp
substrates. Given the central role of P-gp as an efflux
transporter influencing drug bioavailability and
central nervous system (CNS) penetration, these
findings bear significance for optimising therapeutic
exposure and minimising adverse drug-drug
interactions.

From the remaining 793 compounds, a total of 562
molecules were predicted to possess blood—brain
barrier permeability, a prerequisite for efficacious
CNS-targeted therapeutics. Within this subset, 277
compounds exhibited inhibition of fewer than three
cytochrome P450 (CYP) enzymes, suggesting a
reduced likelihood of metabolic instability and
cytochrome-mediated drug-drug interactions, thereby
indicating improved pharmacokinetic viability.

Subsequent toxicity profiling of these 277
compounds revealed that 119 were non-mutagenic
based on the Ames test, 111 were predicted to be non-
carcinogenic, and 104 did not exhibit inhibitory
activity against the human Ether-a-go-go-Related
Gene (hERG) potassium channel, a key indicator for
assessing cardiotoxicity. These cumulative filtration
steps constitute a scientifically robust strategy for
prioritising ~ CNS-permeable  compounds  with
favourable = pharmacokinetic and toxicological
attributes, suitable for advancement in drug discovery
pipelines (Tables 1 & 2, and Suppl. Table 1).

Protein preparation and validation

The initial protein structure (PDB ID: 2DQ7) was
refined using the PDB2PQR server, which enabled
structural preparation at physiological pH 7.4. This step
added missing atoms, standardised nomenclature, and
assigned atomic radii and partial charges according to
the AMBER force field. The PROPKA utility was
employed to assign the correct protonation states of
ionisable residues, which is critical for accurate
molecular docking and virtual screening, as the
protonation state significantly influences residue
charge distribution and thereby the ligand-
binding landscape. FEight sequential stages were
executed for energy minimisation (Suppl. Table 1). The
initial potential energy of the system was —102540.6
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Table 1 — Molecular properties of selected compounds

Compound ID Molecular Log(P) Hydrogen bond Hydrogen bond  Lipinski  Rotatable bonds pKa Acid
weight acceptor donor Violation
MolPort-000-414-107 345.387 4.01 7 2 0 3 8.59
MolPort-005-915-880 442.504 2.78 6 3 0 3 9.95
MolPort-005-914-867 426.436 1.77 6 3 0 3 10.15
MolPort-003-049-507 409.833 3.52 6 2 0 5 10.1
MolPort-003-049-585 440.257 3.47 6 3 0 3 8.67
MolPort-023-306-537 411.465 3.85 5 2 0 3 10.11
MolPort-003-049-539 460.675 3.71 6 3 0 3 8.04
MolPort-005-912-438 427.42 2.61 7 2 0 3 10.3
MolPort-023-306-533 394.394 2.09 6 2 0 2 10.01
MolPort-005-916-947 448.28 3.38 5 2 0 2 9.97
Table 2 — ADME properties of selected compounds
Compound ID Human P-Glycoprotein P-Glycoprotein Blood-Brain CYP 1A2 CYP2C19 CYP2C9 CYP2D6 CYP3A4
Intestinal Inhibitor Substrate Barrie Inhibitor  Inhibitor  Inhibitor Inhibitor Inhibitor
Absorption
MolPort-000-  Absorbed Non-Inhibitor ~Non-Substrate Penetrable Inhibitor Non- Inhibitor Non- Non-
414-107 Inhibitor Inhibitor  Inhibitor
MolPort-005- Absorbed Non-Inhibitor ~Non-Substrate Penetrable Non- Inhibitor  Inhibitor Non- Non-
915-880 Inhibitor Inhibitor  Inhibitor
MolPort-005-  Absorbed Non-Inhibitor ~Non-Substrate Penetrable Non- Inhibitor  Inhibitor Non- Non-
914-867 Inhibitor Inhibitor  Inhibitor
MolPort-003- Absorbed Non-Inhibitor ~Non-Substrate Penetrable Inhibitor Inhibitor Non- Non- Non-
049-507 Inhibitor  Inhibitor Inhibitor
MolPort-003-  Absorbed Non-Inhibitor ~Non-Substrate Penetrable Inhibitor  Inhibitor Non- Non- Non-
049-585 Inhibitor  Inhibitor  Inhibitor
MolPort-023-  Absorbed Non-Inhibitor ~Non-Substrate Penetrable Non- Inhibitor  Inhibitor Non- Non-
306-537 Inhibitor Inhibitor  Inhibitor
MolPort-003- Absorbed Non-Inhibitor ~Non-Substrate Penetrable Inhibitor Inhibitor Non- Non- Non-
049-539 Inhibitor  Inhibitor  Inhibitor
MolPort-005-  Absorbed Non-Inhibitor ~Non-Substrate Penetrable Non- Inhibitor  Inhibitor Non- Non-
912-438 Inhibitor Inhibitor  Inhibitor
MolPort-023- Absorbed Non-Inhibitor ~Non-Substrate Penetrable Non- Non- Inhibitor Non- Non-
306-533 Inhibitor  Inhibitor Inhibitor  Inhibitor
MolPort-005-  Absorbed Non-Inhibitor ~Non-Substrate Penetrable Non- Inhibitor  Inhibitor Non- Non-
916-947 Inhibitor Inhibitor  Inhibitor
kcal/mol, which was dramatically  structure had reached a stable low-energy conformation

reduced to —179070.4 kcal/mol after the final stage,
yielding a net decrease of 76529.8 kcal/mol. The
highest energy reduction was observed during Stage 1,
indicating the release of substantial steric strain and
conformational tension from the initial structure.
This was reflected by the largest energy decrease
of —65,180.1 kcal/mol and a mean gradient of
—13.0360 kcal/mol/step. Subsequent stages (2—4)
contributed to moderate and then diminishing energy
reductions, suggesting a transition from high-gradient
steepest descent minimisation to gentler convergence
as the system approached a local minimum. In the final
stages (Stages 5-8), energy changes were minimal
(Stage 8: —15.2 kcal/mol with a mean gradient of
—0.0061 kcal/mol/step), indicating that the protein

with minimal atomic fluctuations (Fig. 2).

The structural refinement was validated using
MolProbity and Ramachandran plot analyses.
Although the MolProbity score initially worsened due
to transient clashes (Stage 1: 3.49), it improved
steadily to 1.45 by Stage 8. Clash scores were
significantly reduced from 43.59 to 0.48, indicating
successful ~ resolution  of  steric overlaps.
Ramachandran favoured residues increased from
86.59% to 92.74%, with outliers and rotamer issues
markedly minimised. Minor bond geometry
deviations observed in early stages were fully
corrected by Stage 6. The QMEAN score remained
stable (0.84-0.86), confirming consistent global
model quality throughout the minimisation process
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Fig. 2 — (a) Representation of the Fyn kinase domain and ATP binding site; (b) Potential energy changes (kcal/mol) in protein models
during minimisation; and (¢ — 1) Validation scores of protein models during energy minimisation

(Fig. 2). The generated PDB file, at the end of the
minimisation process, was subsequently converted to
the PDBQT format required for AutoDock 4.2.

Ligand preparation

The energy minimisation of the compounds was
carried out using RDKIT and Open Babel to correct
geometrical distortions and eliminate steric clashes.
The steepest descent algorithm was employed to
locate a local energy minimum based on bonded and
non-bonded interactions.

Identification of active site, grid generation and its validation
The interaction analysis of staurosporine with Fyn
kinase revealed a combination of hydrogen bonding
and extensive hydrophobic interactions, contributing
to its stable binding conformation. Two key
conventional hydrogen bonds were observed: one
between Met345 and staurosporine, and another
between STU902 and the carboxylate oxygen of
Glu343. Additional carbon-hydrogen bonds involved
Gly278 and Leu277. Notably, staurosporine engaged
in multiple hydrophobic contacts, including =n-c
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interactions with Leu277 and Leu397, and several -
alkyl interactions with residues such as Val285,
Ala297, Leu277, Lys299, and Ala407. These
interactions suggest a strong affinity and effective
stabilisation of staurosporine within the Fyn kinase
binding site (Fig. 1a).

Autogrid4 was used to generate pre-calculated
atomic  affinity = potentials,  enhancing  the
computational efficiency of the docking procedure.
The grid box dimensions and point spacing were
validated, ensuring the docking protocol's accuracy by
reproducing the co-crystallised ligand pose with
minimal deviation. The selected grid parameters
demonstrated acceptable RMSD deviations of 1.67 A
within the acceptable limit of 2 A. These results
confirm the grid's reliability for virtual screening and
precision docking (Fig. 3).

Molecular docking

During the virtual screening, out of 104 compounds
and the reference ligand staurosporine, 11 top-ranking
candidates were shortlisted based on the 10™ percentile
binding energy threshold. These selected compounds
exhibited binding affinities ranging from —9.72 to
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—9.03 kcal/mol. The overall docking results showed a
near-normal distribution of binding energies, with the
majority of compounds clustering around moderately
high affinities (Suppl. Table 4). Only compounds
achieving the top 10 percentile cut-off were considered
for further precision docking to ensure focused
evaluation of the most promising hits (Fig. 3).
Precision molecular docking was carried out
utilising the extended LGA, with a population size set
at 100 to enhance the efficiency of conformational
sampling. To ensure reliability in pose prediction,
clustering analysis was implemented with a RMSD
tolerance of 2 A, and only clusters comprising 50 or
more conformers were considered for further
evaluation, thereby prioritising ligands with both
favourable binding energies and conformational

stability (Table 3).
Among the screened molecules, two compounds
demonstrated  significant clustering and were

shortlisted for detailed analysis. Staurosporine, a well-
characterised kinase inhibitor, served as the reference
compound and exhibited the most favourable binding
energy of —9.86 kcal/mol, with a cluster size of 41

(b) 0.35
0.30
025

0.20

Density

0.15
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0.00—
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7 ) 5 V)
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Fig. 3 — (a) Superimposition of docked (magenta) with co-crystallised (green) structures of staurosporine; and (b) Distribution of binding
energies of ligands during virtual screening (red broken line represents the mean of population and green broken line represents the 10™

percentile
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Table 3 — Binding energy of selected compounds obtained through precision docking.

Compound ID Lowest binding energy (Kcal/mol) Mean binding energy (kcal/mol) Cluster size
Staurosporine -9.86 -9.65+0.23 41
MolPort-000-414-107 -9.59 -9.47+£0.094 89
MolPort-005-915-880 -9.52 -9.45 +£0.053 85
MolPort-005-914-867 -9.44 -9.27 £0.07 63
MolPort-003-049-507 -9.56 -9.13 £0.397 30
MolPort-003-049-585 -9.39 -9.1+£0.411 73
MolPort-023-306-537 -9.74 -9.45+0.011 48
MolPort-003-049-539 -9.25 -8.94 +£0.442 45
MolPort-005-912-438 -9.2 -9.11 £0.097 65
MolPort-023-306-533 -9.2 -9.1+£0.82 58
MolPort-005-916-947 -9.12 -9.04 £ 0.0352 65

Pr\ﬁggé {

Fig. 4 — 3D interaction diagram of (a) staurosporine; (b) with MolPort-000-414-107; and (c) MolPort-005-915-880 with Fyn kinase

(PDB id — 2DQ7)

and a mean binding energy of —9.65 + 0.23 kcal/mol.
The docking profile indicated the formation of
conventional hydrogen bonds with residues Asn395
and Met345, along with a carbon-hydrogen bond
involving Tyr344. Additionally, the ligand engaged in
multiple m—c interactions with Val285 and Leu397,
and a network of m—alkyl interactions with Ala297,
Leu397, Leu277, Val285, and Lys299, highlighting a
robust hydrophobic anchoring within the receptor's
binding pocket (Fig. 4).

MolPort-000-414-107 displayed a minimum
binding energy of —9.59 kcal/mol and a mean binding
energy of —9.47 + 0.094 kcal/mol, forming a

dominant cluster with 89 conformations. It formed
three conventional hydrogen bonds with Ala394,
Asn395, and Asn279. It also participated in non-
covalent interactions, including m—cation bonding
with Lys299 and m—anion bonding with Asp408.
Hydrophobic interactions included m—c contacts
with Ala407, amide—m stacking with Phe282,
Gly283, and Glu284, and extensive m—alkyl
interactions  predominantly involving LYS299.
MolPort-005-915-880 was the second most promising
candidate, showing a minimum binding energy of
—9.52 kcal/mol and a mean of —9.45 £ 0.053 kcal/mol
with a cluster size of 85. The ligand formed three
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conventional hydrogen bonds with Lys299, Glu314,
and Asn279. Additionally, it engaged in m—anion
interactions with Asp408 and exhibited numerous
hydrophobic contacts, including 7—c interactions with
Leu277 and Val285, as well as m—alkyl interactions
with Leu397, Ala407, Lys299, Val285, and Ala297
(Fig. 4). The interaction profiles of staurosporine and
the two lead compounds revealed strong and diverse
binding interactions, involving both polar and
nonpolar residues.

Molecular dynamics studies

MD simulations represent a state-of-the-art
approach for investigating the temporal evolution and
conformational behaviour of biomolecular systems,
enabling the detailed examination of atomic motions
and intermolecular interactions under physiological
conditions.

Root Mean Square Deviation

RMSD quantifies the average positional deviations
of atoms in a structure over time relative to a
reference conformation, typically the initial frame.
Lower RMSD values indicate greater structural
stability throughout the simulation.

In the present study, we analysed RMSD values for
the apo form of Fyn kinase and its complexes with
MolPort-000-414-107 and MolPort-005-915-880 over
a 200 ns simulation. The RMSD fluctuations ranged
between 1-3 A, a range generally considered
acceptable for globular proteins, reflecting stable
dynamics. The average RMSD for the apo protein was
2.34+0.29 A. In contrast, Fyn kinase complexes with
ligands MolPort-000-414-107 and MolPort-005-915-
880 exhibited mean RMSD values of 2.12 + 0.27 and
1.87 £ 0.2 A, respectively. These results indicated
conformational stability upon ligand binding, with the
least deviation, suggesting superior structural integrity
among all tested ligands (Fig. 5).

Furthermore, we calculated the mean RMSD
deviations of the ligands within the enzyme cavity,
which were 1.36 + 0.18 and 0.86 + 0.19 A for
MolPort-000-414-107 and MolPort-005-915-880,
respectively. The end point RMSD was 1.40, and 0.94
A for MolPort-000-414-107 and MolPort-005-915-
880, respectively. These findings suggest that all
ligands bound stably. Notably, the average and
endpoint RMSD values differed little across all
systems, confirming that the ligand-bound complexes
reached stable conformations by the end of the
simulation (Fig. 5).
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Root Mean Square Fluctuation

The Root Mean Square Fluctuation (RMSF)
analysis provides insight into local flexibility and
mobility of amino acid residues within the protein
structure throughout the MD simulation. Lower
RMSF values typically reflect regions of structural
rigidity or stabilisation, often as a consequence of
ligand binding. The RMSF values were computed for
the protein 2DQ7 in its apo form and in complex with
two different ligands—MolPort-000-414-107 and
MolPort-005-915-880. A general reduction in RMSF
values across a majority of residues was observed
upon ligand binding, particularly with residues 261—
278. This suggests a stabilising interaction of the
ligand with these regions, which may contribute to the
overall structural integrity of the protein-ligand
complex. Further, the stabilisation was observed in
residues 354 — 359 and 416 — 426 upon ligand
binding. In the case of atomic fluctuation of
MolPort-000-414-107, the phenyl ring attached to
pyrimidine was found to be more flexible. This might
be because it displayed a minimal and weak
hydrophobic interaction with Lys299 and Ala407.
MolPort-005-915-880 displayed higher fluctuation in
the phenyl ring attached to pyrazole. The reason for
fluctation was minimal interaction with Leu277,
Ala297 and Leu397 through hydrophobic contact

(Fig. 5).

Radius of gyration

The radius of gyration (Rg) analysis over a 200 ns
simulation period reveals dynamic structural stability
differences among the apo protein (2DQ7) and its
complexes with MolPort-000-414-107 and MolPort-
005-915-880. The mean Rg was 19.52 = 016,
19.45 + 0.25 and 19.29 + 0.19 A for apo protein and
its complexes with MolPort-000-414-107 and
MolPort-005-915-880, respectively. The apo form
consistently maintained an Rg value in the narrow
range of 18.99 - 20.05 A, indicative of a relatively
stable and compact conformation throughout the
simulation. Both ligand did not significantly
influenced the compactness or structural dynamics of
the protein (Fig. 6).

The Rg analysis revealed that both ligands
maintained  stable  conformational  behaviour
throughout the simulation period. MolPort-000-414-
107 exhibited a mean Rg of 3 = 0.05 A, ranging from
3.77 to 4. A. Similarly, MolPort-005-915-880 showed
a slightly higher mean Rg of 4.57+ 0.03 A, and values
ranging from 4.43 to 4.A. These results indicate that
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neither ligand underwent significant conformational
fluctuations, suggesting a consistent and compact
structural profile during the simulation (Fig. 6).
Solvent accessible surface area

The Solvent Accessible Surface Area (SASA)
analysis revealed notable differences between the
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unbound protein and its ligand-bound complexes. The
native protein (2DQ7) exhibited a mean SASA of
14152.68 +366.67 A2. Upon binding with MolPort-
000-414-107, the mean SASA was reduced to
13753.92 +358.35 A2, while the 2DQ7-MolPort-005-
915-880 complex demonstrated a further decrease to
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13652.27+£330.19 A2, This progressive reduction in
SASA values upon ligand binding indicates a slight
compaction of the protein structure, reflecting
decreased solvent accessibility and suggesting
potential stabilisation of the protein conformation in
the ligand-bound states (Fig. 6).

The SASA analysis of the ligands in their bound
states revealed distinct differences in their exposure to
the solvent environment. MolPort-000-414-107
exhibited a SASA of 161.28+42.75A2 while
MolPort-005-915-880 showed a significantly higher
SASA of 287.45+77.48 A2. These findings indicate
that MolPort-005-915-880 remains more solvent-
exposed during the simulation, which may reflect

differences in their binding orientation, flexibility, or
extent of burial within the protein binding pocket
(Fig. 6).

Hydrogen bond analysis

Hydrogen bond analysis over the 200 ns molecular
dynamics simulations revealed that MolPort-000-
414-107 and MolPort-005-915-880 engage distinct
yet complementary interactions within the binding
pocket. MolPort-000-414-107 formed its most
persistent hydrogen bond with Asp408 (28.05% of
contact time), followed by Ser349 (23.33%) and
Met345 (18.98%), with only sporadic contacts
observed for Leu277 (3.40%), Lys299 (1.80%), and
Asn279 (1.45%), and marginal involvement of
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Tyr344, Ala394, 11e396, and Thr342 (< 0.5% each). In
contrast, MolPort-005-915-880 exhibited a markedly
higher reliance on polar side chains, with Ser349 and
Thr342 dominating its hydrogen-bonding profile
(59.10% and 45.25% occupancy, respectively),
supplemented by moderate stabilisation via Lys299
(15.08%), Lys275 (13.15%), and Lys302 (10.70%),
and occasional interactions with Phe282 (6.53%)
and Phe409 (6.28%). These complementary
interaction patterns suggest that while
MolPort-000-414-107 relies on a broader distribution
of contacts, particularly with charged and polar
residues, MolPort-005-915-880 achieves greater
binding persistence through a focused engagement of
serine  and threonine residues, underscoring
differences in their binding modes and potential

INDIAN J. BIOCHEM. BIOPHYS., VOL. 63, NOVEMBER 2026

MM-GBSA

Free energy calculations using MM-GBSA are
widely employed to estimate ligand binding affinities
by evaluating molecular interactions within protein—
ligand complexes. These methods decompose binding
energy (AGyingine) Into gas-phase energy (AGg,) and
solvation energy (AGg,). AGs includes bonded
(bond, angle, dihedral) and non-bonded (van der
Waals, electrostatic) terms, while AG,, comprises
polar (via GB models) and non-polar (via SASA)
contributions.

The MM-GBSA free energy calculations for both
ligands, MolPort-000-414-107 and MolPort-005-
915-880, suggest favourable binding affinities with
the protein target. MolPort-000-414-107 exhibited a
binding free energy (AGiyw) of —23.62kcal/mol,

affinities (Fig. 7). predominantly driven by van der Waals
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Table 4 — Energy contribution of ligands in MM-GBSA
Compound ID AEvdw AEele AGGB A(}Nonpolar A(}MM-GBSA
MolPort-000-414-107 -34.3236 £ 0.9185 -9.3782 + 1.5356 24.1549 £1.5306  -4.0692 +£0.2047  -23.6162+0.9311
MolPort-005-915-880 -26.5676 £ 0.9643  -49.5031 £2.5578  61.1177£2.3302  -3.5234+0.0731  -18.4764 £0.7379

(-34.32 kcal/mol) and electrostatic (—9.38 kcal/mol)
interactions, partially offset by solvation -effects
(+20.09 kcal/mol). Conversely, MolPort-005-915-880
displayed a slightly less negative AGgum of
—18.48 kcal/mol, despite  stronger electrostatic
contributions (—49.50 kcal/mol), as the high polar
solvation energy (+61.12kcal/mol) counteracted
favourable gas-phase interactions. Overall, both
ligands showed energetically favourable binding, with
MolPort-000-414-107 exhibiting a more balanced
interaction profile, suggesting slightly superior
binding stability under the simulation conditions
(Table 4).

Conclusion

The pharmacophore model derived from the Fyn
kinase inhibitor staurosporine, featuring two aromatic
groups, two hydrogen bond acceptors, and one
hydrogen bond donor, successfully screened a large
database, yielding 1,127 initial hits. Subsequent
in silico filtering based on Lipinski’s Rule of Five,
PAINS, rotatable bonds, intestinal absorption, P-gp
modulation, blood-brain barrier permeability, CYP
inhibition, and toxicity profiles progressively
narrowed the selection to 104 non-mutagenic, non-
carcinogenic compounds without hERG inhibition
and predicted CNS permeability. Molecular docking
studies of the top 11 virtual screening hits against Fyn
kinase revealed two promising lead compounds,
MolPort-000-414-107 and MolPort-005-915-880,
exhibiting comparable binding energies and
significant cluster sizes to the reference inhibitor
staurosporine. These compounds demonstrated strong
interactions within the ATP-binding site, including
hydrogen bonds, m-cation, m-anion, and hydrophobic
interactions with key residues like Asn395, Lys299,
and Asp408. MD simulations over 200 ns confirmed
the stability of Fyn kinase in complex with both lead
compounds, MolPort-000-414-107 and MolPort-005-
915-880, as evidenced by acceptable RMSD and Rg
values. Ligand binding generally reduced protein
flexibility (RMSF) and solvent accessibility (SASA).
Hydrogen bond analysis revealed distinct interaction
patterns for each ligand. MM-GBSA calculations
indicated favorable binding free energies for both
compounds, with MolPort-000-414-107 exhibiting a

slightly more balanced energy profile. These findings
reinforce the potential of both compounds as Fyn
kinase inhibitors.
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