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ABSTRACT

In the current study, the Asinex and ChEBI databases were virtually screened for the identification of
potential Lyn protein inhibitors. Therefore, a multi-steps molecular docking study was carried out using
the VSW utility tool embedded in Maestro user interface of the Schrodinger suite. On initial screening,
molecules having a higher XP-docking score and binding free energy compared to Staurosporin were
considered for further assessment. Based on in silico pharmacokinetic analysis and a common-feature
pharmacophore mapping model developed from the Staurosporin, four molecules were proposed as
promising Lyn inhibitors. The binding interactions of all proposed Lyn inhibitors revealed strong ligand
efficiency in terms of energy score obtained in molecular modelling analyses. Furthermore, the dynamic
behaviour of each molecule in association with the Lyn protein-bound state was assessed through an
all-atoms molecular dynamics (MD) simulation study. MD simulation analyses were confirmed with
notable intermolecular interactions and consistent stability for the Lyn protein-ligand complexes
throughout the simulation. High negative binding free energy of identified four compounds calculated
through MM-PBSA approach demonstrated a strong binding affinity towards the Lyn protein. Hence, the
proposed compounds might be taken forward as potential next-generation Lyn kinase inhibitors for
managing numerous Lyn associated diseases or health complications after experimental validation.
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Introduction

Lyn protein is an important member of the Src family and belongs to the intracellular membrane-
associated tyrosine kinases. It is essentially known to be acting as signalling intermediaries to regulate
various cellular outcomes like proliferation, differentiation, apoptosis, immune responses, adhesion,
metabolism and migration [1]. It has been reported that Lyn protein can mediate both negative and
positive signalling processes for regulating a number of important cellular/biological processes starting
from cellular growth to trigger the cellular immune responses [2—4]. Most importantly, Lyn acts as a
specific type of enzymes that can regulate information transfer in both ways by turning on and off
kinase activity, depending on the types of cells it is working on and information input [1]. For example,
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Lyn protein acts as a positive regulator of myofibroblast migration, proliferation, and collagen
production, and therefore inhibition of Lyn kinase activity can be the potential target for preventing
fibrosis by means of restricting the synthesis of procollagen and collagen [5]. Beside negative
regulation or activation functions, Lyn protein also plays a crucial role in immune self-tolerance by
acting on downstream of several immune receptors, including the B-cell receptor, toll-like receptors
(e.g. TLR2 and TLR4) and many clusters of differentiation (e.g. CD79A, CD79B, CD5, CD19 and CD22)
transmembrane proteins [6]. In particular, Lyn protein has a significant contribution in tightly regulating
signalling pathways that are dysregulated in autoimmunity. Beyond above, Lyn is also greatly
expressed in a variety of cells or tissues such as hemato-poietic, epidermoid, and neuronal cells, and
helps in executing necessary signal transduction mechanism at the cytoplasmic side of the plasma
membrane [7-10]. However, mutations in Lyn and overexpression of Lyn kinase activity trigger
aggressive behaviour that warrants leading causes for at least more than 15 cancer types including
lung cell carcinoma, colon, renal and ovarian, prostate, breast, liver cancer, etc. [11-15]. Moreover, the
aberrant function of Lyn is also fundamentally associated with several serious pathophysiological
conditions including various forms of other cancers like acute myeloid leukaemia (AML), chronic
myeloid leukaemia (CML), melanoma and certain solid tumours [16—18]. Intriguingly, Lyn protein also
plays several important key roles as intracellular signalling proteins or interactor protein to form a multi-
protein complex for regulating cell proliferation and differentiation, and cell death [19,20]. Henceforth,
as a key kinase protein, Lyn can be ‘druggable’ and might deliver a therapeutic opportunity for many
diseases including cancer where Lyn protein expressions are explosively studied [21-23].

Based on pieces of evidence from a number of research outcomes, it is now quite clear that
dysregulated Lyn kinase activity strongly associated with the ample number of human diseases or
health complications. Hence, the Lyn protein kinase inhibition becomes an active area of drug
development and scientific progress. Therefore, the present research objective specifically has focused
on the identification of new small molecules directed towards the Lyn kinase protein inhibition for
beneficial health allied therapeutic applications. A number of significant advancements have already
been made for inhibition of Src-family kinases including Lyn kinase with small molecule inhibitors in the
past few decades. However, effective therapeutic agents highly specific for inhibiting the Lyn kinase
protein are still commercially absent. As of now, the major development of highly selective kinase
inhibitors focused on targeting the conserved ATP-binding site of kinases to bind with small molecule
inhibitors [24-26]. In that similar perspective, this study has also hypothesized to rationally identifying
specific molecular determinants present in a chemical entity which specifically able to recognize
catalytic domain of Lyn protein and could demonstrate exquisite selectivity for most likely to interact
with an ATP-binding pocket.

Therefore, in the current work, an attempt was rigorously employed and analysed a state-of-the-art
virtual screening scheme to find novel and potent chemical therapeutics that can be capable to interact
with Lyn kinase domain, and thus Lyn kinase inhibition can be achieved to manage the several
diseases or health complications such as cancers, autoimmune diseases, asthma and psoriasis, etc.
[1]. Particularly adopted virtual screening strategy includes multi-step molecular docking analyses,
molecular dynamics (MD) simulation studies and in silico pharmacokinetic assessment for the identified
small molecules, and also analysed ligand-binding free energy estimations using Molecular Mechanics
Poisson-Boltzmann Surface Area (MM-PBSA) [27] method. The above-mentioned advanced and
modern cheminformatic methodologies were applied to screen out a few potential drugs like small
molecules from ~0.7 million compounds belonging to two highly known chemical library databases viz.
Asinex [28] and Chemical Entities of Biological Interest (ChEBI) [29] chemical library. Moreover, a
conventional state-of-the-art in silico approach was used to dig out the molecular mechanisms of action
for finally selecting four compounds which demonstrated relatively stable and better binding interaction
with Lyn kinase domain. Additionally, the bioactivity and ligand efficiency parameters of proposed Lyn



protein inhibitors were estimated using binding energy scores which also revealed acceptable and
strong ligand potentiality for exerting biological modulation. The employed molecular docking-based
virtual screening followed by the assessment of the ligands may give an insight for encompassing and
investigating the developmental process to find new therapeutic measures for Lyn protein-associated
therapeutic applications.

Materials and methods

In silico studies are being progressively used for the development of novel drugs or identification of
drug-like potential candidate molecules for various disease states. Most importantly, virtual screenings
(VS) of small molecular databases are getting continual attention for effectively and rationally identifying
lead molecules. Herein, to identify potential small molecules that can be pharmacologically and
biologically active and at the same time capable to interact with Lyn protein for modulating its role was
extensively studied through applications of in silico VS techniques. Therefore, large virtual compound
libraries were extensively filtered by employing several advanced levels of computational screening
procedures such as multi-step molecular docking combined with MM-GBSA analyses, in silico
pharmacokinetic analysis, and mapping on common pharmacophoric features of reference compound
for hierarchically reducing the number of candidate molecules to a smaller sub-set of potential
candidate molecules. Finally, molecular interaction stability was investigated through molecular
dynamics simulation studies and MM-PBSA-based protein-ligand binding free energy calculations.
More precisely, a total of 687,697 compounds were retrieved from Asinex and ChEBI screening library
databases those used for virtual screening purposes. The Asinex database consisting of the natural
product-like chemical compounds with mainly polar functional groups and suitable for exploration hit-to-
lead as well as fragment-based drug design (FBDD), and structure-based drug design (SBDD), etc. On
the other hand, ChEBI database contains separately distinguishable molecular entities either the
product of nature or synthetic product. In this study, primarily molecules from both databases were
screened out through a multi-step docking protocol using the ‘Virtual Screening Workflow’ (VSW) [30] in
Maestro user interface of Schrodinger suite. On the other hand, a common feature pharmacophore
model for standard ligand was generated using Discovery Studio [31], and then, it was used to fit all
newly identified screened hit compounds in that model. More detailed methodologies of each employed
technique are explained in the subsequent sections.

Preparation of ligand compounds and protein crystal structure

All downloaded compounds from both chemical library databases (Asinex and ChEBI) were carefully
and correctly prepared before to be subjected to a stepwise docking study. Initially, using the Discovery
Studio [31], all two-dimensional (2D) compounds in structural data format (.sdf) were checked to
remove duplicate molecules, repaired the inappropriate valence compounds, and finally, the 3D
coordinates were generated. Finally, from the above steps, 535,437 compounds were retained for
further analysis. Additionally, one known potential Lyn kinase domain inhibitor i.e. Staurosporine [32]
was used as a control compound in the current study for the assessment of outcomes. Finally, all
cleaned compounds from both chemical library databases and Staurosporine were prepared using the
‘LigPrep’ [33] utility tool in Maestro interface following standard procedure which allowed to generate a
maximum of 32 stereoisomers. Particularly, utilizing the Epik [34] tool, protonation states were
generated at physiological pH of 7.4 for all compounds.

On the other hand, the crystal structure of the protein Lyn tyrosine kinase domain was retrieved from
RCSB-Protein Data Bank (PDB) [35] (PDB ID: 3A40 [32]). The ‘Protein Preparation Wizard’ [36,37] tool
of the Schrédinger suite was used to prepare the protein crystal structure for molecular docking study.
All missing side and backbone chains were included during the protein preparation process. Hydrogen
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atoms were added to the crystal protein. Water molecules, co-factors were removed from the typical
PDB structure. Missing information on connectivity was corrected with the appropriate assignment of
bond orders, formal charges and by capping the protein terminals. Loop refinement was carried out to
rectify the missing and invalid residues on the protein structure. The protonation state of the protein
was determined at close to the physiological pH by selecting PROPKA function in ‘Protein Preparation
Wizard'. In the final step, protein structure was minimized using OPLS3 [38] molecular mechanics force
field to improve the steric clashes that might be present in the protein structure. The restrained
minimization process was allowed until when the convergence of the heavy atoms reaches to the root-
mean-square deviation (RMSD) of 0.30 A. Thereafter, using the ‘Receptor Grid Generation’ panel of
Glide (Grid-Based Ligand Docking with Energetics) module [39] embedded in Schrodinger's Maestro
interface, the grid was generated for the prepared protein structure. The receptor grid box was
generated around the surrounding active site residues by selecting information of co-crystallized ligand,
i.e. Staurosporine, at the centre and thereby enclosing the specified space inside a rectangular box
which usually contains receptor and binding site information. In detail, this study targeted the Lyn
kinase ATP or catalytic binding site consisting of important amino acid residues such as Leu22, Gly23,
Ala42, Lys44, Glu89, Met91, Ala92, Ser95, Ala140, Asn141, Val142, Leu143, Ala153, and Asp154 as
described in a number of previous studies for inhibiting the role of Lyn kinase protein [32,40]. More
specifically, Lyn-Staurosporine binding region and the substrate-binding groove/ATP-binding site in the
hinge region between the N- and C-lobes in Lyn protein were selected and targeted for docking
interaction analysis.

Virtual screening of large compound databases

Initially for screening out compounds with a strong binding affinity towards Lyn protein, an extensive
hierarchical filter-based approach was utilized. Therefore, VSW utility tool embedded in Schrodinger
suite was used for multi-step molecular docking. In particular, VSW is comprised of three sequential
molecular docking methods, i.e. Glide-HTVS (high throughput virtual screening), Glide-SP (standard
precision), and Glide-XP (extra precision) docking, and followed by MM-GBSA based binding free
energy analysis for the best dock-scored ligand-protein complexes. These three levels of docking
programs performed a systematic search for extracting the best conformational orientation for the
docked ligand with Lyn protein in each step. In the CHPC server
(https://www.chpc.ac.za/index.php/resources/lengau-cluster), the VSW protocol was executed under
some specified parameters. In VSW panel, under ‘Input’ tab, browsing of .sdf compounds was done as
the source of ligands. Under ‘Filtering’ tab, execution of QikProp module [41] was carried out for pre-
filtering compounds by means of Lipinski’s rule of five (RoF). Violation of such recommended rule
kicked out the compounds from further proceeding with VSW. The RoF describes the four important
rules for a molecule being a drug-like compound. These rules include, molecular weight and
hydrophobicity (log P) should not be more than 500 kDa and 5, respectively. The number of hydrogen
bond donors and acceptors should be less than or equals to 5 and 10, respectively. In ‘Receptor’ tab
previously generated grid file was browsed. As the selected parameter ‘Docking’ tab, 10% of the best
compounds were retained after docking in HTVS, SP and XP mode and considered for succeeding
steps. To explore the binding interactions the XP docking outcomes were written into the file. In each of
the molecular docking steps of VSW, the ‘all good scoring states’ were reserved. All other settings in
VSW panel were maintained as default. Finally, the MM-GBSA approach of the Prime module was
adopted to obtain ligand-binding free energies of the left-out molecules in Glide-XP docking. After the
successful completion of VSW, top-ranked molecules were selected based on both Glide XP and MM-
GBSA scores.



Pharmacophore model development

In order to screen out the molecules having a different pharmacophoric pattern in comparison to the
Staurosporin, the Common Feature Pharmacophore model was developed from the Staurosporin using
the Discovery Studio [31]. Before the pharmacophore model development, the conformations of the
Staurosporin were generated. Out of two methods BEST/FAST, the BEST method was used which
develops multiple acceptable conformations with the help of rigorous energy minimization and
optimization through poling algorithm [42,43]. The chemical features are properly arranged rather than
simply atom arrangements in the BEST algorithm [43]. The conformers having a range of 20 Kcal/mol
energy value with respect to the global minimum were used to develop the pharmacophore models
using the HipHop approach. The HipHop approach uses the conformers of active molecules only to
generate the pharmacophore model. The input features were given as hydrogen bond (HB) acceptor
(a), HB donor (d), hydrophobic (p) and ring aromatics (r).

The selected model was validated through the decoy set validation approach. The decoy set validation
method checks the proficiency of the model in respect of select active molecules over the inactive
compounds. A small dataset of active Lyn inhibitors having inhibition concentration (ICso) less than

2.1 nM was mixed up with a large dataset of inactive Lyn inhibitors (ICso greater than 10,000 nM). Both
datasets were collected from the BindingDB database. The merged dataset was screened by the
selected pharmacophore model to find outfitted active and inactive molecules. From the above data, a
number of parameters were calculated included true positive (TP), true negative (TN), false positive
(FP), false negative (FN), the enrichment factor (EF) from the top 1% hits, etc. To check the
significance of the screened data the Boltzmann-enhanced discrimination of receiver operating
characteristic (BEDROC) was calculated. The BEDROC is an inclusive form of receiver operating
characteristic (ROC) that identifies difficulties in the screening method. After successful validation, the
model was used to map the molecules left out following the molecular docking and pharmacokinetic
analyses.

In silico ADME and drug-likeness prediction

The in silico pharmacokinetics (ADME) assessment is one of the most crucial and critical drug-likeness
analyses of the molecules obtained from a large chemical database. Molecules retained in VSW are
then allowed for ADME profile predictions by using freely available online SwissADME web tool [44]. A
number of physiochemical, lipophilicity, water-solubility, pharmacokinetics, drug-like properties including
RoF [45] and Veber's rule [46] were documented. Due to the fast predictive power and spontaneous,
straightforward interpretation of the molecular design aspect, SwissADME became widely popular in the
scientific community. Initially, all generated molecules were checked for RoF and Veber's rule. The RoF
explains the drug-likeness characteristics of the molecules. The flexibility and surface area of promising
molecules can be explained through Veber's rule. According to this rule, being a potential molecule, the
total polar surface area (TPSA) and the number of rotatable bonds should not be more than 140 A2 and
10, respectively. Moreover, another two pharmacokinetic parameters, the human intestinal absorption
(HIA) and blood-brain barrier (BBB), were assessed. Both parameters play an important role in
facilitating the appropriate selection of good candidate drug-like molecules [47]. The intestine is
normally the primary site for the absorption of a drug from an orally administered solution. The HIA
parameter explains that for a given compound how much percentage will be absorbed through the
human intestine [47]. The BBB parameter indicates the capability of the molecules to enter the brain
cells. High HIA and low BBB explain low adverse effect and toxicities within the brain [47].



MD simulation

Proposed potential inhibitors complexed with Lyn kinase domain were considered for all-atoms MD
simulation study for 100 ns of time span. The Gromacs 2018-2 software tool (http://www.gromacs.org/)
available at the Lengau CHPC server (https://www.chpc.ac.za/index.php/resources/lengau-cluster) was
used for the MD simulation study. In the simulation, the time step, constant temperature and constant
pressure were considered as 2 fs, 300 K and 1 atm, respectively. To generate the ligand, topology an
external opensource online server the SwissParam tool [48] was used. The CHARM36 all-atom force
field [49] was applied and the system was solvated by the TIP3P water model [50]. The simulation
system was built confining the protein-ligand complex within a cubic box with a diameter of 1 A from the
centre of the system. A total of five Na* ions were added to neutralize the system prior to the energy
minimization and simulation. In order to overcome the close-contacts or overlaps between the atoms,
the steepest descent algorithm was considered. In order to equal distribution of solvent and ions around
the protein-ligand complex, the entire system was equilibrated with NVT (constant number of particles,
volume, and temperature) followed by NPT (constant number of particles, pressure, and temperature)
ensemble approaches. To address the long-range interaction parameters the van der Waals and
electrostatic cut off were used to 0.9 and 1.4 nm, respectively. The trajectory information was updated
in 1ps interval. Different parameters including root-mean-square deviation (RMSD), root-mean-square
fluctuation (RMSF) and radius of Gyration (Rg) were calculated from the entire trajectory of MD
simulation to observe and explore behaviour of molecules in dynamic states.

Binding free energy calculation through MM-PBSA method

The binding free energy (AGbing) of the final proposed Lyn inhibitors was calculated through MM-PBSA
approach using g_mmpbsa tool [51]. The MM-PBSA approach in binding free energy calculation is a
widely used and important application to study biomolecular complexes [51]. It is important to note that
MD simulation combined with MM-PBSA can also consider the conformational fluctuation and entropic
contributions [51]. In particular, the compiled g_mmpbsa program is a standalone tool that does not
need any dependency except it requires four input files. Those required input files were generated
during MD simulation execution such as trajectory (i.e. trr or xtc) file, a topology-parameter (i.e. tpr) file,
an index (i.e. ndx) file, and also the Gsonvation parameters (i.e. mdp) file. Herein, these all types of the file
obtained for specific Lyn protein-ligand complexes which were used to calculate the AGbing energy upon
execution of g_mmpbsa tool. The AGnins can be calculated using the following expression.
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The Geomplex is defined by the total free energy of the complex between protein and ligand. Gprotein and
Gigand describe the free energy of the protein and ligand, respectively, in the solvent. The free energy of
individual complex (G), protein (G) and ligand (G) can be calculated as below.
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The average molecular mechanics (MM) potential energy denoted by Emm in a vacuum. The Tand S
describe the temperature and entropy, respectively. The free energy of solvation denoted by Gsowation.

Ewm can be defined as follows:

EM M Ehunclmi T Emmbumlmi (3)



Ebonded is the combination of bonded interactions such as bond length, bond angle and dihedral angle.
The Enonbonded describes the nonbonding interactions included electrostatic and van der Waals
interactions.

The Gsonation is defined by the energy required to transfer a solute from a vacuum to the solvent. It can

be expressed as follows:
G solvation G]:IHLI'I.E | Gunup@]m (4)

The Gpolar and Gronpolar are denoted by the electrostatic and non-electrostatic contribution to the
solvation free energy, respectively.

Results and discussion
Virtual screening using multi-steps docking and MM-GBSA analysis

In the last few decades, an exponential increase in computationally employing virtual screening utility of
large molecular databases has intensified as an effective way for drug candidates like hit-to-lead
identification and optimization [52]. In that respect, structure-based virtual screening (SBVS) is an
impressive computational approach which being implemented in recent years towards the selection of
novel and selective potential molecules for a specific target [53]. Generally, a large chemical dataset of
potentially bioactive compounds is screened through SBVS to find out some subset of novel and potent
chemical compounds that can be further utilized for digging out more relevant pharmacologically active
lead-like compounds and finally allowing them for experimental testing [52]. In the current study, about
0.7 million compounds belonging to the entire Asinex and the ChEBI databases were considered to
screen against the Lyn protein through the multi-steps molecular docking such as Glide-HTVS, Glide-
SP and Glide-XP followed by binding energy assessment by Prime-MM-GBSA approach. The flow
diagram of the employed computational work is given in Figure 1. Prior to execute the VSW of both
databases, the molecular protocol was validated using the self-docking approach. In this method, the
co-crystal Staurosporine was re-drawn and docked in the same active site where it was bound. The
best docked pose was extracted and superimposed with co-crystal Staurosporine conformer. The
superimposed structure is given in Figure S1 (Supplementary file). The RMSD value of both
superimposed conformers was found to be 0.275 A. It is reported that RMSD less than 2 A of co-crystal
ligand and best docked pose of the same validate the docking protocol [54]. Therefore, the docking
protocol considered in the current study was successfully validated.

Moreover, for comparison of the outcomes in the present study, the potent Lyn inhibitor, Staurosporine
was chosen as a control or reference compound. In VSW method, sequential filtering and continuing
with the best 10% compounds were implemented in each step of Glide-HTVS, Glide-SP and Glide-XP
docking techniques. Final compound sets obtained in Glide-XP docking approach and Staurosporine
were used to calculate the binding free energy using the Prime-MM-GBSA method. For the standard
compound Staurosporine, the Glide-XP score and MM-GBSA score were found to be -6.812 and
-65.68 Kcal/mol, respectively, and henceforth used those scores as the cut-off for filtering out the
compounds in successive steps. From the molecular docking, the best ligand binding pose was
considered on the basis of molecular binding interaction pattern and Glide-XP score. Based on the
Glide-XP score and binding free energy analyses, finally, a total of 36 compounds were carefully sorted
and then used for further assessment. To identify drug-like lead compounds it is necessary to check the
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ADME profile of each compound. Therefore, all 36 screened compounds were subject to the ADME
analyses and the obtained results are presented in Table S1 (Supplementary data). From Table S$1, it
was revealed that a total of 24 compounds showed acceptable pharmacokinetic profiles and again we
have considered those compounds for further analyses. For simplicity, the above 24 molecules were
named as Mol_1, Mol_2, Mol_3 and so on. In order to identify molecules having pharmacophoric
features similar to the Staurosporine, a common feature ligand-based pharmacophore model was
generated using the standard Lyn inhibitor Staurosporine, and subsequently, each compound mapped
to the pharmacophore model by setting maximum omitted feature value as 0 (zero). All mapped
compounds on the pharmacophore model are depicted in Figure S2 (Supplementary data). It was
observed that out of 24 compounds, 17 compounds failed to fit with at least one

Complex of Lyn kinase domain with Staurosporine Collection of chemical compounds from Asinex
PDB ID: 3A40 database and ChEBI database (687697)

| |

Removal of redundancy and bad valency
(535437 compounds remained)

- -

Virtual Screening Workflow
HTVS (535437) >> SP (53543) >> XP (5354) >> BE (MM-GBSA)

Prepare and grid generation around the bound ligand

XP-Glide score < -

6.812 & BE_MM-

GBSA <-65.68
Kcal/mol

Reject

. Binding free energy analyses
Total 36 compounds remained
Pharmacokinetics analysesl gﬁmmpbsa'
- Protein-ligand stability analyses
Total 24 compounds remained (RMSD, RMSF, Rg)
Mapped on pharmacophorel All-atoms MD simulation'
Binding interactions T
Total 7 compounds mapped hl Best 4 Lyn protein inhibitors

Figure 1. Schematic virtual screening workflow for identification of Lyn inhibitors

pharmacophore feature and hence they were removed from further processing. Finally, seven
molecules (Mol_1, Mol_9, Mol_14, Mol_15, Mol_18, Mol_21 and Mol_24 in Figure S2 (Supplementary
file)) those mapped to all pharmacophoric features were considered for a deeper level of molecular
binding interaction analyses and comparisons with Staurosporine. The binding interaction profile of
each of the above seven molecules along with Staurosporine is given in Figure S3 (Supplementary file).
Based on binding interaction profiles, four molecules (Mol_1, Mol_9, Mol_21 and Mol_24) were finally
selected as promising LynB inhibitors. Two-dimensional (2D) representations of selected four LynB
inhibitors are given in Figure 2. It has been observed that all identified proposed Lyn inhibitors hold
several different types of functional groups (e.g. hydroxyl, methyl, carbonyl, amino, thiol and fluorine)



which might help in the formation of potential chemical interactions with Lyn amino acid residues for
exerting necessary biological effects. The presence of suitable functional groups in any chemical
moiety enhances the chance of potential binding interaction formation with the counter functional
groups of the amino acids of the target protein macromolecules. Hence, the identified molecules can
create essential intermolecular interactions utilizing their functional groups with the active site residues
of Lyn protein. It was observed that all molecules hold phenyl ring which was found to be common and
that might be crucial to establish hydrophobic interactions with potential hydrophobic amino acid
residues of Lyn protein. The presence of pyrimidine or pyridine ring in the chemical scaffold was
indicated the chances of formation of hydrogen bonding (H-bond) interaction. The presence of ‘-oxo0’
groups in Mol_1, Mol_9, Mol_21 and Mol_24 was undoubtedly explained that all ligands can behave as
hydrogen bond acceptor for participating in molecular interactions. Methyl group present in Mol_9 and
Mol_21 can be a crucial component for hydrophobic interactions. The hydroxyl group attached to the
pyrimidine ring in Mol_24 may be proved as important as either hydrogen bond acceptor or donor.
Apart from the above-mentioned structural features, a number of heterocyclic rings were observed in all
four inhibitors which can be participated in potential molecular interactions. Overall, all proposed Lyn
inhibitors were consisting of a number of crucial functional groups, and those can be key components
to stabilize the protein-ligand complex upon interaction formation.

Figure 2. Two-dimensional representation of finally selected Lyn inhibitors

Analysis of molecular interactions between Lyn and identified inhibitors

Molecular interaction patterns of selected four compounds and standard Staurosporine bound to Lyn
kinase domain were analysed critically using Protein-Ligand Interaction Profiler (PLIP) [55]. However,
before going to analyse the docking generated molecular binding interaction profile of identified (Mol_1,
Mol_9, Mol_21 and Mol_24) and reference Staurosporine compounds, the interaction profile of the
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original co-crystallized Staurosporine has been extracted with the help of ligand explorer module in
NGL viewer available in PDB to investigate the original molecular binding interaction profile for the
standard compound Staurosporine (presented in Figure S4, supplementary file), which bound with the
Lyn crystal structure. It was revealed that the Staurosporine tightly interacted at the Lyn kinase ATP-
binding site or catalytic site. Close observation on it suggested that interactions were detected with
several catalytic amino acid residues (such as Leu22, Gly23, Ala42, Glu89, Met91,

--._'L}Qm
Aspl54Y § ¥ adis:

Mol 9

== = = Hydrophobic interaction

=== Hydrogen bond interaction

Staurosporine

Figure 3. Binding interaction profile of Lyn inhibitors with Lyn protein
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Ala92, Ser95, Ala140, Asn141, Val142, Leu143, Ala153 and Asp154) which present in the ATP or
substrate-binding groove of Lyn protein for implicating potential inhibitory action biologically. Realizing
such original molecular binding interaction profile for the reference compound Staurosporine helps in
understanding the potentiality of newly identified compounds in terms of their inhibitory mechanism
analysis. Molecular binding interaction profiles of all identified Lyn inhibitors are given in Figure 3. It can
be noted that the -NH group present between phenyl and pyrimidine rings in Mol_1 was found to be
essential for hydrogen bond interactions with key amino acid Met91. Another catalytic amino acid
residue, Ser95 has also established hydrogen bond interaction with the -oxo group present between
phenyl and pyridine rings of Mol_1. It was revealed that the ‘-oxo’ group behaved as hydrogen bond
acceptor and the amine group of Ser95 as hydrogen bond donor. Further, it was also observed that
Mol_1 formed the hydrophobic interactions with residues Leu22, Ala42, Tyr90 and Leu143 with
measured distances of 2.57, 2.59, 2.84, 2.35 A, respectively. It was worth noting that the phenyl and
pyrimidine rings were involved in the above hydrophobic interactions. There was a Tr-cation interaction
observed with basic amino acid Lys44 at the bonding distance of 3.66 A with fluorobenzene moiety
present in compound Mol_1.

The -oxo group attached to the pyrimidine ring and nitrogen atom of the same were found to act as
hydrogen bond acceptor and form potential hydrogen bond interaction with catalytic amino residues
Met91 and Glu89, respectively. Dimethyl benzene ring in Mol_9 has established a m-cation interaction
with Lys44 at a distance of 3.80 A. A number of hydrophobic interactions were observed between
Mol_9 and catalytic amino residues of Lyn protein. The phenyl ring fused with a pyrimidine, alkyl group
attached with triazolidine ring and dimethyl benzene ring in Mol_9 participate in the hydrophobic
interactions with Lyn protein. In particular, compound Mol_9 was found to form two hydrophobic
contacts with Phe27 with a distance of 2.71 and 2.95 A, while, each of Leu143, Ala153, and Asp154
residue establishes single hydrophobic contacts at the distances of 2.93, 2.76, and 2.82 A, respectively.
A number of functional groups present in Mol_21 included benzene, piperideine and pyridine rings
along with alkyl group were found to be crucial to form hydrophobic interactions with Lyn protein. The
catalytic amino residues viz. Leu22, Val30, Ala42, Thr88, Leu143 and Ala153 formed hydrophobic
contacts with Mol_21 at the measured distances of 2.99, 2.57, 2.21, 2.81, 2.58 and 2.82 A,
respectively. The -oxo group present between piperideine ring and methylamine and the nitrogen atom
of methylamine itself were found to be crucial to form hydrogen bond interactions with Lys44 and
Asp154, respectively. Another catalytic amino residue, Met91 critically formed hydrogen bond
interaction with the nitrogen atom of the pyridine ring. In the case of Mol_24, the nitrogen atom of
pyridine and hydroxyl group attached in pyrimidine formed hydrogen bond interaction with Asp154. One
of the oxygen atoms of dioxolane ring fused with benzene was also found to form hydrogen bond
interaction with Met91. Several other amino acid residues Leu22, Val30, Val72, Tyr90, and Leu143
formed hydrophobic contacts with Mol_24 at a distance of 2.84, 2.99, 2.92, 2.63, 2.92, 2.63 A,
respectively. All hydrophobic contacts were found with benzene, pyridine and piperidein rings of
Mol_24. In the case of docking-based molecular interaction analysis for standard compound
Staurosporine, it was observed that Staurosporine formed several numbers of hydrophobic interactions
with Leu22, Val30, Ala42, Tyr90, Leu143 and the distances measured as 2.74, 2.67, 2.85, 2.98, 2.73,
2.37 A, respectively. Further, the catalytic amino acid residues Gly23, Thr88, Glu89, Met91 and Ala140
participated to interact with Staurosporine through hydrogen bonding. It is reported that the
Staurosporine molecule binds to the ATP-binding pocket in Lyn protein. In the present study, a similar
pattern of binding interactions was found with all identified compounds, i.e. Mol_1, Mol_9, Mol_21 and
Mol_24 with Lyn protein. Moreover, a number of studies explored small molecule inhibitors for Lyn
protein. For instance, experimentally proven that three small molecule inhibitors for Lyn protein were
bound to the ATP-binding site in hinge region/substrate-binding groove present between N- and C-
lobes in Lyn kinase. In Lyn kinase domain, a number of hydrophilic interactions and hydrogen bonds
were observed between Glu89, Met91, Ala92, Asp154, Asn141, Gly23 and the identified inhibitors [40].
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In the present study, the molecular interaction analysis of docked ligands was demonstrated alike
hydrogen bond interactions with the amino acid residues Glu89, Met91, Asp154 and Gly23 which
definitely correlate the significance of current observations. Moreover, a molecular surface view portrait
was obtained which could possibly identify the unique binding orientation of each molecule in protein
binding pockets in a surface curvature (Figure 4). It can be observed that each identified molecule
along with Staurosporine was perfectly localized inside the receptor cavity of Lyn protein and facilitating
important intermolecular contacts in three-dimensional geometry.

Iy

Staurosporie All proposed and Staﬁrosporine

Figure 4. Binding mode of proposed inhibitors in the Lyn protein

Most interestingly, the present findings are highly in agreement with the previous study [40] outcomes
in terms of molecular binding interaction analyses, where few flavonoid compounds (e.g. quercetin,
apigenin and catechin) were studied for inhibition of Lyn protein kinase domain. In that study, important
amino acid residues such as Glu89, Met91 and Ala92 of substrate-binding groove of Lyn kinase domain
were found to participate in H-bond and hydrophobic interactions with apigenin and catechin for
exhibiting inhibition of kinase activity at a significant level. Above all, it was interesting to note in many
instances that almost all identified compounds (Mol_1, Mol_9, Mol_21 and Mol_24) show alike
intermolecular binding interactions profile as originally bound reference compound Staurosporine
(Figure S4 in supplementary file). Therefore, it can be postulated that computationally obtained
conformational analysis of all identified compounds can also yield an equally probable inhibition
mechanism as observed for staurosporine under in vivo state.

In silico pharmacokinetics study

Analyses of pharmacokinetics and physiological properties of chemical compounds are very crucial and
also represent an important step in the drug discovery process. A number of parameters are taken into
consideration to find out promising drug-like hit-to-lead compounds. To explore the pharmacokinetic
analyses of proposed Lyn inhibitors the freely available SwissADME
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(http://www.swissadme.ch/index.php) web tool was used. During analysing the results obtained from
SwissADME, on very first observation, drug-likeness parameters were checked for all compounds
following the Ghose [56] and Veber rules. More precisely, both rules imply the prediction of drug-like
pharmacological properties of molecules applied to drug discovery research to prioritize the selection of
active potential molecules with increased drug-like characteristics. Several pharmacokinetic and drug-
likeness parameters were calculated and presented in Table 1. The molecular weight of all four
identified molecules was found <500 g/mol, which suggested that the size of each molecule suitable to
penetrate inside the cell membrane. The total polar surface area (TPSA) of all four molecules was
found within the range of 62 to 111 A2 which also satisfied the drug-likeness criteria (<140 A2).
Gastrointestinal absorption indicates the high absorbable nature of each molecule in the intestine.
Solubility class property showed that all molecules were moderately soluble in nature. Synthetic
accessibility of molecules Mol_1, Mol_9, Mol_21 and Mol_24 were found to be 3.93, 3.62, 4.29 and
3.94, respectively, which undoubtedly suggested that not a single molecule found difficult to synthesize.

Table 1. Physiochemical and ADME properties of selected Lyn protein inhibitors

Parameters Mol 1 Mol 9 Mol 21 Mol 24

Formula CagHazFNg0; Ca3Ha3Ms055 CayHz3M10; CazHagMN40y

MW(g/mol) 470.50 433.53 431.57 420.46

NHA 35 3 32 31

MAHA 24 21 12 18

MNRE 7 8 8 5

MR 13225 123.46 131.79 118.03

TPSA (A 9313 110.99 62.30 89.83

log 5 -5.09 —4.86 —4.58 —4.25

SC Moderately Moderately Moderately Moderately
soluble soluble soluble Soluble

Gl High High High High

vROF 0 Q Q 0

BS 0.55 0.55 0.55 0.55

SA 3.93 3.62 429 3.94

log P 34 292 3.60 3.90

MW: molecular weight; NHA: no. of heavy atoms; NAHA: no. of aromatic heavy atoms; NRB: no. of rotatable bonds; MR:
molar refractivity; TPSA: topological polar surface area; S: solubility; SC: solubility class; Gl: gastrointestinal absorption;
vROF: violation If Lipinski's rule of five; BS: bloavailability score; SA: synthetic accessibility.

The BOILED-EGG representation was obtained from the SwissADME web tool to explore two important
aspects of the molecules such as HIA (Human Intestinal Absorption) and BBB (Blood-Brain Barrier).
Pictorial explanation of boiled-egg is given in Figure 5. The permeation ability of all four molecules in
albumin (white) and yolk (yellow) area is explained in Figure 5. Molecules present in the albumin region
are more prone to penetrate in the intestine, while, compounds found in the yolk area are considered to
be favourable for BBB. It is also important to note that the yolk and white areas are not mutually
exclusive. From Figure 5, it can be observed that Mol_1, Mol_9 and Mol_24 more favourable for the
permeation in HIA, whereas, Mol_21 more favourable towards the BBB. Further, it was observed that
Mol_1, Mol_21 and Mol_24 were effluated from the central nervous system (CNS) by P-Glycoprotein
and denoted by the blue colour in Figure 5. On the other hand, Mol_9 was not effluated from CNS by P-
Glycoprotein. From the above observation of pharmacokinetics and drug-likeness analyses, it can be
postulated that all four proposed molecules possess strong characteristics to be potential Lyn inhibitors.
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Figure 5. The EGG-BOILED model for the final screened Lyn inhibitors

Ligand efficiency assessment

160 TPSA

A number of crucial parameters including Ligand Efficiency (LE), Ligand Efficiency Scale (LE_Scale),
Fit Quality (FQ) and LE dependent Lipophilicity (LELP) were calculated to assess the quality and drug-
likeness properties of the proposed Lyn inhibitors. All the above-mentioned parameters were calculated

and are presented in Table 2.

Table 2. Bioactivity and efficiency parameters of proposed Lyn protein inhibitors

Molecule BE

Mal_1 —10.110
Mol 9 —9.072
Mol 21 —9.750
Mol 24 —9.0M

LE
0288
0292
0304
0290

*LE Scale
0.288
0326
0316
0326

rg *LELP

1 11.840
0.895 8.957
0.962 11.392
0.889 11.963

BE: binding energy; LE: ligand effidency; LE_Scale: ligand efficiency scale; FQ: fit quality; LELP: ligand-efficiency

dependent lipophilicity.

First of all, the LE is calculated by using Equation (5) which was proposed by Hopkins et al. [57]. The
LE is basically the negative ratio between the binding energy (BE) obtained in molecular docking study
and the number of heavy atoms (NHA). The recommended value of LE for a drug-like molecule is <0.4.
For the proposed Lyn inhibitors, the LE was found to be 0.288, 0.292, 0.304, and 0.290 for Mol_1,
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Mol_9, Mol_21 and Mol_24, respectively. Hence, the above values clearly show that all proposed Lyn
inhibitors present drug-like characteristics.

BE
LE= 22 5

The LE_Scale was proposed by Reynolds et al. [58] and can be calculated using Equation (6). The
size-dependent comparison of small molecules was portrayed by LE_Scale. LE_Scale of Mol_1, Mol_9,

Mol_21 and Mol_24 was calculated as 0.288, 0.326, 0.316 and 0.326, respectively (Table 2).
LE Scale = 0.873 x e M020<NHA _ n 064 6)

The good binding ability of the molecule can be checked through FQ and calculated from Equation (7).
The FQ score is basically the ratio between LE and LE_Scale of the molecules. The FQ value of a
molecule should be approximately 1 [59]. The FQ scores of Mol_1, Mol_9, Mol_21 and Mol_24 were
1.000, 0.895, 0.962, and 0.889, respectively, showing the good binding ability of molecules to Lyn
protein.

FQ LE

LE Scale (7)

The LELP parameter can be calculated by Equation (8) which is the ratio between log P and LE and
which was proposed by Keseru and Makara [60]. For a drug-like molecule, the LELP value should be
more than 3. The LELP of Mol_1, Mol_9, Mol_21 and Mol_24 was found to be 11.840, 8.957, 11.392
and 11.963, respectively. Hence, the LELP parameter explains without any doubt that all proposed Lyn
inhibitors show drug-like characteristics.

LELP — 287
®

Common pharmacophore-based assessment of identified compounds

The presence of essential pharmacophoric features in the small molecules usually contributes in
determining the formation of molecular binding pattern and orientation inside the receptor cavity. In
particular, a pharmacophore model represents a specific binding mode of small molecules/ligands
within the macromolecular target. Therefore, it is undoubtedly interesting to have the same set of
pharmacophoric features in the proposed molecules as of any standard established inhibitor. In this
study, a common-feature pharmacophore model was developed from the standard compound
Staurosporine, and the developed pharmacophore model was explained by the presence of two of each
hydrogen bond acceptor (HBA), and hydrophobic (p) pharmacophoric features along with one hydrogen
bond donor (HBD) pharmacophoric feature in 3D space. Further, the pharmacophore model was
validated through the decoy set validation approach. In this method, a set of 323 molecules (D) having
23 actives (A) and the remaining 300 as inactive were collected from the BindingDB. The entire set was
screened through the pharmacophore model. The total hit molecules (Ht) were found to be 190. A total
of active hits were screened of 19. Therefore, the TP, TN, FP and FN were found to be 19, 129, 171
and 4, respectively. The enrichment factor was found to be 4.68 which implies that the selected model
is efficient to pick active molecules 4.68 times higher from the database than expected by chance. The
goodness of hits score (GH) was calculated and it was found to be 0.655. It is reported that the GH
value of more than 0.5 is significant to select any pharmacophore model for database screening. The
ROC curve is another crucial parameter to assess the quality of the model. This curve explains the
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relationship between model sensitivity, i.e. capability to pick true positives, and specificity, i.e. capability
to leave out the false positives [61]. The higher value of ROC score (represented by the area under
ROC curve, i.e. AUC) of any model explains the proficiency to distinguish the good and bad molecules.
The ROC curve of the pharmacophore model was developed and it is given in Figure S5
(Supplementary file). The ROC score was found to be 0.60 which implies that out of 10, six cases
randomly selected Lyn inhibitors are ranked more than inactive inhibitors. The calculation procedure of
all parameters can be found in Tai et al. [62]. Hence, the above parameters clearly validate the model
and can be used in the virtual screening of the Lyn inhibitors.

All four proposed Lyn inhibitors were mapped on the developed pharmacophore model and presented
in Figure 6. From Figure 6, it may be noticed that all identified four molecules perfectly map with all
pharmacophoric features in the model obtained for standard compound Staurosporine. Hence, the
proposed Lyn inhibitors consist of proper geometric and chemical compatibility with similar
pharmacophoric profiles as of Staurosporine and such 3D pharmacophore matching similarity might
indicate physically reasonable scoring terms for being promising drug candidate like molecules for
exhibiting significant Lyn inhibitory activity.

Figure 6. Pharmacophoric features of four identified Lyn inhibitors (Mol_1, Mol_9, Mol_21, Mol_24) and standard compound
mapped on developed common feature pharmacophore model
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Molecular dynamics simulation analyses Lyn protein-inhibitors complexes

In order to reproduce the nearly accurate or actual dynamic behaviour of protein-ligand complex, the
MD simulation is an important and widely used approach implemented in recent days in drug discovery
research for facilitating the understanding of energetic information about protein and ligand interactions
in a time-affordable manner [63]. Herein, to explore the biophysical mechanism at the atomic level and
elucidate the dynamic characteristics of the final proposed inhibitors inside the Lyn receptor cavity, all-
atoms classical MD simulation for 100 ns time span of each complex was carried out. To evaluate the
stability/flexibility of each protein-ligand complex, a number of parameters including RMSD, RMSF and
radius of gyration (Rg) were analysed from the MD simulation trajectory.

Root-mean-square deviation (RMSD)

The RMSD value obtained from the MD simulation trajectory is one of the critical parameters that
explains changes in structural conformation of the protein backbone over time upon system
equilibration. To accurately analyse overall structural changes, the RMSD of backbone atoms of Lyn
protein bound with compounds Mol_1, Mol_9, Mol_21, Mol_24 and Staurosporine was calculated and
plotted against time of the simulation. The RMSD plot of Lyn protein bound with each inhibitor is
depicted in Figure 7. In addition, the minimum, maximum and average RMSD of Lyn protein bound with
Mol_1, Mol_9, Mol_21, Mol_24 and Staurosporine are given in Table 3. It was observed that Lyn
backbone bound with proposed inhibitors was reached equilibration state and remained stable till the
end of the simulation. Notice that the highest RMSD of Lyn protein was found to be 0.369 nm when
bound with compound Mol_24. In the case of Lyn-Staurosporine complex, the RMSD value of
backbone atoms was found to be fluctuated in a larger scale in comparison to the other compounds.
Precisely, from 30 to 70 ns, the RMSD values oscillated much and afterwards it equilibrated around

0.3 nm till the simulation end period. Deviation from the native state of the crystal structure can be
explained by the average values of RMSD of the Lyn backbone. The average RMSD of Lyn backbone
bound with Mol_1, Mol_9, Mol_21, Mol_24 and Staurosporine was found to be 0.251, 0.226, 0.225,
0.255 and 0.331 nm, respectively. The above low RMSD values undoubtedly suggest the greater
conformational stability of Lyn protein when bound with proposed potential inhibitors. Overall, the
stability of the MD simulated systems in regards to the RMSD was clearly adjudged to the findings of a
number of crucial binding interactions obtained in the molecular docking study. Moreover, there was no
substantial variation in Lyn backbone RMSD found when bound with compounds Mol_1, Mol_9, Mol_21
and Mol_24. By observing the magnitude of deviation, taken together, it can be concluded that Lyn
protein backbone bound with proposed inhibitors and was found to be more stable in comparison to the
Lyn backbone bound with standard compound Staurosporine.
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Table 3. Average, maximum and minimum RMSD, RMSF and Rg values of proposed Lyn protein bound with
proposed inhibitors and Staurosporine

Mol 1 Mol 9 Mol_21 Mol _24 Staurosporine
RMSD {nm)
Min 0.0004 0.0004 0.0005 0.0005 0.0005
Max 0318 0329 0.295 0.369 0.526
Average 0.251 0.226 0.225 0.255 0.331
RMSF (nm)
Min 0.054 0.041 0.041 0.044 0.048
Max 0.679 0.737 0421 0.855 1.532
Average 0.162 0.143 0.128 0.151 0.169
Rg (nm)
Min 1.903 1.908 1.914 1932 1914
Max 2010 2.009 2.003 207 2083
Average 1.949 1.964 1.961 1.968 201

Max: maximum; Min: minimum.
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Figure 7. RMSD of Lyn backbone over time of simulation bound with Mol_1, Mol_9, Mol_21, Mol_24 and Staurosporine

Root-mean-square fluctuation (RMSF)

In protein-ligand stability, individual amino acid residue plays a significant role in protein stability
specially bound with a small molecule. The amino acid residue fluctuation can be measured through the
RMSF parameter calculated from the MD simulation trajectories. The analysed RMSF values plotted
against each amino acid residue are presented in Figure 8. A similar pattern of RMSF variation was
found for each amino residue of Lyn bound with Lyn inhibitors. Only both terminal residues (C-terminal
and N-terminal) bit high, however, not a single amino acid was found to have an RMSF value of more
than 0.8 nm. Due to binding interaction with the ligand, the RMSF of catalytic amino residues was found
significantly low. Maximum, minimum and average RMSF values were calculated and are given in
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. The fluctuation range of all complexes was found to be 0.041 to 1.532 nm. Difference between
maximum and average, and, average and minimum can give an idea of fluctuation of the amino
residues of Lyn. It was of 0.517 and 0.625 nm, 0.594 and 0.696 nm, 0.293 and 0.380 nm, 0.704 and
0.811 nm, and, 0.1.363 and 1.484 nm for the complex of Lyn with Mol_1, Mol_9, Mol_21, Mol_24 and
Staurosporine, respectively. Such low values clearly explain that individual amino residue remained
intact during the MD simulation.
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Figure 8. RMSF of individual amino residue of Lyn bound with proposed inhibitors and Staurosporine

Radius of gyration (Rg)

The compactness of the protein-bound with small molecules can be assessed through the Rg
parameter calculated from the entire set of MD simulation trajectories. The relatively stable Rg signifies
stably folding of protein during the MD simulation. In the case of unfolding the protein, the molecule
gives a fluctuated Rg value over the time of the simulation. All Lyn-ligand complexes were used to
calculate the Rg and are given in Figure 9. The Lyn protein that bound with Mol_1, Mol_9, Mol_21 and
Mol_24 was found to be intact throughout the simulation. Rg values varied between 1.017 and

2.017 nm. The Lyn protein bound with Staurosporine was seen to fluctuate with higher Rg in
comparison to others and finally equilibrated. Average Rg values of Lyn protein were found to be 1.949,
1.964, 1.961, 1.968 and 2.011 nm (Table 3) in case of bound with Mol_1, Mol_9, Mol_21, Mol_24 and
Staurosporine, respectively. In the comparative observations, it was found that residual backbone and
folding of the Lyn protein were consistently stable after binding with Mol_1, Mol_9, Mol_21 and Mol_24.

19



2.12
— Mol 1
2.08F — Mol 9
— Mol _21
g 2'04_ M01_24
\; —Staurosporing
=
8 2.00
2 Ty [ Ll iy
: o
|l(‘ . ;'IM
5 ‘
=1
~1.92

Ja—
oo
co

20 a0 . 60 30 T00
Time (ns)

S

Figure 9. Radius of gyration Lyn protein-bound proposed inhibitor and Staurosporine

Binding free energy estimation using MM-PBSA method

It is essential to calculate the AGoing of the small molecule in an accurate and trustworthy method. The
scoring functions are approximated to calculate the binding energy in any molecular docking tool. The
MM-PBSA approach which combines the molecular mechanics and continuum solvent models is
considered to be accurate and trusted binding free energy calculation of small molecules. This
approach used an ensemble of representative protein-ligand snapshots from the MD simulation
trajectories and calculates the AGuing 0f each snapshot. To explore the binding affinity of the proposed
inhibitors towards the Lyn protein the binding free energy of each inhibitor calculated from the entire
MD simulation trajectories using the MM-PBSA approach. The binding free energy of each frame was
extracted and plotted against the simulation time (Figure 10). Maximum, minimum and average AGbind
are given in Table 4. Among proposed Lyn inhibitors it was observed that the highest average binding
affinity was found to be -401.150 kJ/mol for Mol_24 followed by Mol_1, Mol_21 and Mol_9 with
-272.070, -192.720 and 166.347 kJ/mol, respectively.

Table 4. Maximum, minimum and average values of binding free energy of proposed Lyn protein inhibitors and
Staurosporine

MM-PBSA Mol 1 Mol 9 Mol 21 Mol _24 Staurosporine
Binding free energy (AGung kifimol

Minimum —415.480 —364.58 —353.52 -631.21 —930.688
Maximum -134.470 —18.753 —B83.753 —164.83 —431.77
Average =272.070 —166.347 -192.72 —A401.15 —671.507
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Figure 10. Binding free energy of proposed Lyn protein inhibitors and Staurosporine

From Figure 10, it can be seen that Staurosporine exhibits the highest AGoing with an average value of
-671.507 kJ/mol. Among the proposed Lyn inhibitors, Mol_24 was shown to have a comparable binding
affinity with Staurosporine. The other three inhibitors (Mol_1, Mol_9 and Mol_21) show relatively less
binding free energies compared to the reference compound Staurosporine. However, the molecules
were found to have inconsistency in their binding free energies when dynamically interacted with Lyn
protein. Hence, it was undoubtedly clear that all proposed Lyn inhibitors show a strong and good
binding affinity towards the Lyn protein. Furthermore, it was seen that the Coulomb or electrostatic
interaction (AGcoulomb) Or van der Waals interaction energy (AGvaw) mainly augmented to accomplish
higher AGbina value. Therefore, from the above results and discussions, it can be concluded that all the
proposed Lyn protein inhibitors bind to the receptor and acquire a strong ability to inhibit the Lyn
protein.

Conclusion

A multi-steps molecular docking-based virtual screening was performed to screen the Asinex and the
ChEBI databases against the Lyn protein to identify potential chemical agents for the dysregulated Lyn
associated therapeutic applications. Both prepared databases were used to VSW workflow for three
consecutive molecular docking such as Glide-HTVS, Glide-SP and Glide-XP to remove low potential
and inactive molecules. The binding energy of the remaining compounds and Staurosporine was
calculated using the Prime-MM-GBSA approach. The Glide-XP score and Prime-MM-GBSA binding
energy of Staurosporine were used as the threshold to consider the molecules for further analysis.
Retained molecules were used to assess through the in silico pharmacokinetic analyses and removed
molecules having poor pharmacokinetic profile. A common-feature pharmacophore model was
developed from Staurosporine and remaining molecules from the above step were mapped. Molecules
mapped with all pharmacophore features were considered for binding interaction analyses. Finally, four
molecules were found to be potential against the Lyn protein. A number of strong binding interactions
between proposed inhibitors and catalytic amino residues of Lyn were observed. The binding
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interaction profile of the proposed molecules substantially matched with already published binding
interactions observed in Lyn inhibitors. Drug-likeness characteristics were clearly explained that the
proposed molecules were efficient enough to be Lyn inhibitors. The behaviour of the molecules in
dynamic states was explored through all-atoms MD simulation study. A number of parameters were
calculated from the MD simulation trajectories and found that protein-ligand complexes remained intact
throughout the simulation. The MM-PBSA approach was used to calculate the binding free energy of
the molecules and it was found that all proposed Lyn inhibitors showed a strong binding affinity towards
the protein. Therefore, the proposed molecules might be crucial Lyn inhibitors and need an
experimental validation.
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