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kinase inhibitor exhibits subjective
characteristics that contribute to its inhibitory
activities as a potential anti-cancer candidate:
insights through computational biomolecular
modelling of UM-164 binding with lyn protein

Umar Ndagi, *a Maryam Abdullahi,b Asmau N. Hamzac

and Mahmoud E. Soliman b

The recent emergence of lyn kinase as a driver of aggressive behaviour in triple-negative breast cancer

(TNBC) remains a major concern posing a burden for people living with breast cancer and drug

development. The binding of UM-164 to lyn protein has been noted to impact the conformational

dynamics required for drug fitness. Herein, we provide the first account of the molecular impact of an

experimental drug, UM-164 binding on lyn protein using various computational approaches including

molecular docking and molecular dynamics simulation. These computational modelling methods

enabled us to analyse parameters, for example principal component analysis (PCA), dynamics cross-

correlation matrices (DCCM) analysis, hydrogen bond occupancy, thermodynamics calculation and

ligand–residue interaction. Findings from these analyses revealed that UM-164 exhibited a higher binding

affinity of �9.9 kcal mol�1 with lyn protein than Dasatinib, with a binding affinity of �8.3 kcal mol�1 on

docking. It was observed that the binding of UM-164 to lyn protein decreases the capacity of its loop to

fluctuate, influences the ligand optimum orientation on the conformational space of lyn protein, and

increases the hydrogen bond formation in the lyn-UM-164 system. Also, an increase in drug binding

energy of UM-164 was recorded with increasing residue correlation in the lyn-UM-164 system. It is quite

informative to note that Met85 was a key stabilising factor in the binding of UM-164 to lyn protein. These

findings can provide important insights that will potentially serve as a baseline in the design of novel lyn

inhibitors. It could also stimulate further research into multidimensional approaches required to curb the

influence of lyn protein in TNBC.
1. Introduction

In the recent past, breast cancer has been known to be the most
frequently diagnosed and life-threatening cancer in women1

and a leading cause of cancer death among women.2 Breast
cancers (BCs) ranked as the third leading cause of cancer death
in the United States of America.2 BCs are classied into 6
genomic subtypes due to their genetic predispositions.3 The
triple-negative subtypes are more heterogeneous with marked
aggressiveness, more advanced frequency of relapse and lower
survival in metastatic milieu relative to other forms of breast
cancers.4 They are associated with the lack of oestrogen receptor
(ER), progesterone receptor (PR) and lack of amplication of
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human epidermal growth factor receptor-2 (ErbB2/HER-2).4

They are characterised by well-dened ductal histology, high
grade, high mitotic and cell proliferation rates.5,6

The triple-negative breast cancer (TNBC) is commonly asso-
ciated with poor prognosis, high risk of local reoccurrence rate
(LRR), poor disease-free survival (PDFS) and cancer-specic
survival (CSS).6 Reactive lymph nodes are oen seen in local
reoccurrence,6 and this is higher in patients with TNBC in the
rst 3 to 5 years aer diagnosis compared to oestrogen receptor
(ER) positive breast cancer.6 TNBCs are sometimes associated
with genetic mutations,7,8 the distinct molecular features of
TNBCs varies in both carriers and non-carriers of related genetic
mutations.9 The clinicopathological characteristics of patients
with TNBCs associated breast cancer gene 1 (BRCA1) mutation
is quiet similar to patients diagnosed with other BRCA1
mutated tumours.10

There is an evidence that sporadic TNBCs and basal
phenotypic tumours are linked to BRCA1 dysfunction, which is
highly implicated in the development and progression of this
RSC Adv., 2020, 10, 145–161 | 145
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disease.6 The aggressive behaviour of TNBCs may be attributed
to cellular senescence and cytoprotective autophagy that can
enhance the malignant phenotype responsible for this
disease.11,12 Themajor histopathological changes resulting from
a genetic mutation that occurs in TNBC include brosis and
inammation,13 hence the establishment of a panel of markers
for the diagnosis of TNBCs metastasis is said to be a welcome
idea. However, TNBCs usually exhibit a negative prole for most
markers of breast origin13 consequently, routine diagnosis
becomes a difficult tax.14 Efforts have been made in establishing
a panel of makers with clinical usage for proper diagnosis of
TNBCs metastases,14 this was mate with stiff challenges.
However, there is research evidence for focal positivity to cyto-
keratin 7 (CK7) with heterogeneous properties.14,15

TNBCs is highly associated with basal-like breast carcinoma
(BLBCs) and are considered as overlapping molecular entities,
contributing to aggressive behaviour and poor breast cancer
prognosis.16–18 Several potential therapeutic options have been
recommended in TNBCs, but relative heterogeneity in TNBCs
made it possible for us to consider that BRCA1/2 mutation with
androgen receptor (AR) could be a potential drug target in the
treatment of TNBCs.19 Other potential therapeutic targets may
include, PIM-2 inhibitor and serine/threonine kinase.20

In the past, there is no approved targeted therapy for TNBCs
in clinical practice.21,22 However, chemotherapeutic agents such
as taxanes, anthracyclines and cyclophosphamide were used in
the management of the patients with this form of cancer21 with
little clearance. The need to have a good insight into the
molecular features of primary TNBCs and their metastases is
quite important in order to establish the stratication of TNBCs
carcinogenesis towards the development of proper treatment
strategy5 for the patients.

Triple-negative breast cancer is highly associated with
different proteins and has been well dened in a study that
relates TNBCs with c-Src protein in an attempt to identify
predictive markers response to chemotherapy.3 This study led to
the discovery of dual kinase inhibitor UM-164 with profound
activity against Src and p38 kinases.3 This inhibitor has been
proved to be a promising lead compound for developing the
rst targeted therapeutic strategy against TNBC.23,24 In a related
development, the therapeutic options in TNBC are said to be
limited and chemotherapy is one of the best treatment strate-
gies aer surgery.

Recent research placed lyn protein as a driver of aggressive
breast cancer that belongs to the family of protein kinase which
is highly expressed in TNBC.25 This lyn kinase is a downstream
effector of the c-KIT receptor in normal breast cells.25 Loss of
BRCA1 function hyperactivates lyn via prolyl isomerase 1
upregulation.25 The lyn protein exists in isomeric form, its full-
length promotes tumour cell invasion.25

Again, TNBC has a high risk of relapse26 this may be due to
unidentied biomarkers that are responsible for aggression and
progression of TNBC. This has made the nding of the recent
discovery of the relationship between lyn and TNBC very
lucrative in drug design. Fortunately, there exists a promising
lead compound in the treatment of TNBC,23 the compound UM-
164, is a potent dual kinase inhibitor of Src/p38 with established
146 | RSC Adv., 2020, 10, 145–161
better potency prole than Dasatinib. Deriving the family
advantage of protein kinase, UM-164 portend a greater inhibi-
tory activity on lyn protein, therefore, UM-164 remain a poten-
tial drug to be tried on lyn protein. In addition, the protein
tyrosine kinase (PTK) also known as lyn has been identied as
the most important kinase in Src-family.27 It has signicantly
contributed to the development of certain solid tumour27

including colon cancer, prostate cancer, leukaemia and recently
shown to be involved in TNBC.28

Approximately 15% of people living with breast cancer are
triple-negative.29 This huge population is a global burden and
source of serious concern because TNBC has a high risk of
relapse.25 Therefore, the need for an in-depth molecular
understanding of lyn in TNBC and perhaps, a better under-
standing of the conformational features and ligand binding
landscape of UM-164 complex with lyn is highly imperative.
This would forester goodmolecular understanding and detailed
insight on the therapeutic effect of the lead compound UM-164
on lyn protein for successful management of TNBC.

Currently, no conformational studies have been carried out
on lyn complex with UM-164. Herein, we aim to provide
a detailed insight into the conformational features and ligand
binding landscape of lyn complex with UM-164 thus providing
a new dimension to future research on lyn protein. This will
require long time-scale molecular dynamics simulations that
will provide adequate information on the dynamics of the
complex. To achieve this, we perform molecular docking and
molecular dynamics (MD) simulations of; lyn-UM-164 complex,
lyn-Dasatinib (wild type) system and unbound lyn (apo). Prin-
cipal component analysis (PCA), dynamic cross-correlation
(DCCA) and binding free energy calculations as well as
ligand–residue interaction network prole, were done to
understand the conformational dynamics resulting from the
binding of UM-164 to lyn protein.

Different post dynamic techniques have been used to
provide a molecular understanding of molecular dynamics. The
principal component analysis (PCA), also known as essential
dynamics analysis,30 is one of the most popular post-dynamics
techniques30 that is widely applied to understand the changes
in biological systems.30 PCA eliminates translational and rota-
tional motions in molecular dynamic (MD) trajectory and
correlated motions in atomic simulations of proteins.30,31

Based on our previous studies, we are sure that computa-
tional and molecular modelling tools as adopted in this study
would provide the necessary information on the subject matter.
These tools are known to facilitate the process of drug
discovery,32 therefore, provide a platform for the discovery of
novel therapeutics.32 Findings from this study would demon-
strate the conformational and structural properties of lyn in
complex with UM-164, may form the baseline for which other
potential therapeutics targeting lyn can be developed.

2. Computational methods
2.1. System preparation and molecular docking

In one of the studies conducted in the past, an X-ray crystal
structure of lyn was successfully elucidated in the apo and
This journal is © The Royal Society of Chemistry 2020
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inhibitor-bound state,27 the kinase domain is represented in an
active conformational state.27 Binding mode of inhibitors from
this study reveals features accounting for their varying speci-
city to lyn,27 for this reason the inhibitors are increasingly
becoming important class of therapeutic agent.27 With recent
determination to profound solution to TNBC and wide accep-
tance of lyn as major player in solid and other forms of
tumour,27 the X-ray crystal forms of lyn is said to be positioned
for the design of the next generation of clinical therapeutics
against lyn.27 It is known that all clinically used Src inhibitors
act by binding the active conformation of the kinase.28 There-
fore, the use of experimental compound UM-164 relative to
Dasatinib that was originally designed as a selective inhibitor to
the Src kinases is key to the termination of aggressive activities
of lyn in TNBC.

The X-ray crystal structure of lyn in complex with Dasatinib
was obtained from the protein data bank (PDB) with code
(2ZVA).27 This is an active conformational state of the lyn
structure with a single chain (Chain A). However, missing resi-
dues were observed along the loop region and this protein was
Fig. 1 The 3D structure of LYN protein27 investigated in this study.

This journal is © The Royal Society of Chemistry 2020
therefore properly generated/recovered with the aid of modeller
in graphic user interphase (GUI) UCSF chimera.33 Before the
replacement of the missing residues from the loop, the Dasa-
tinib was separated from the protein. The existing chain A was
used for docking; it reduces the computational cost.

Using the UCSF chimera,33 the water molecules were
removed from the protein structure. This precedes the separa-
tion of Dasatinib from the protein and saved in mol2 and pdb
format, respectively. In the same soware, the hydrogen atom
was added to the protein structure. The steepest descent
method and MMFF94 force eld in Avogadro34 soware were
then used to optimised Dasatinib and UM-164 for energy
minimization. The resulting molecules were visualised using
GUI of UCSF chimera33 and hydrogen atoms were then removed
from these ligands. Provided in Fig. 1 is the 3D structure of lyn
protein complex with UM-164.

2.2. Molecular docking

To access the docking pose and corresponding binding energy,
molecular docking was conducted using Autodock vina.35 The
RSC Adv., 2020, 10, 145–161 | 147
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Gasteiger partial charges36 were used to allocate the atomic
charges to both the protein and the ligands. AutoDock graphical
user interphase (AGUI) provided by MGL tools was used to
outline AutoDock atom type. The grid box was set out with
corresponding grid parameters being x ¼ 54 Å, y ¼ 80 Å, z ¼ 76
Å, for the dimension while x¼ 17.43 Å, y¼�7.57 Å, z¼ 26.25 Å,
for the centre and 8 exhaustiveness. The selected dimension
houses the whole Dasatinib plus UM-164 binding sites in the
protein complex. Five (5) docking runs was performed, the
Lamarckian genetic algorithm36 in AutoDock vina was used to
generate different docked conformation and dynamic ligand
positions within the protein conformational space. The binding
energy for the docked conformations was between
�8.2 kcal mol�1 to �9.8 kcal mol�1 for each docking run con-
ducted. The two ligands used in this study is presented in Fig. 2.
2.3. System preparation for MD

Three systems were used for the MD simulation, the docked
complex of lyn-UM-164, lyn-Dasatinib complex and apo. The
apo system was prepared by uploading the X-ray crystal struc-
ture of unbound lyn with pdb code 2ZV7,27 which is an active
conformation of lyn structure available in the PDB with a single
chain. In this study, we use the same chain for MD simulation
aer recovering the missing residues with the UCSF Chimera
soware.33 The modeller tool in Chimera was used to generate
the missing loop residues and the best model was isolated from
the pool as the most negative score. Hydrogen was deleted from
the apo structure and H++ server37 was used to assign the correct
protonation state to the protein structure.

The ligand from the docked complex of lyn-UM-164 and lyn-
Dasatinib (wild type) were both separated from the protein and
hydrogen atoms were added to it using Chimera soware.33

Gaussian 09 (ref. 38) calculations at HF/6-31G* level of theory was
executed to optimise the geometry of Dasatinib and UM-164. The
ligand charges were then tted with R.E.D server,39 this produces
ligand parameters inmol2 format for subsequentMD simulations.
2.4. Molecular dynamics simulations

The three stipulated systems, lyn-Dasatinib (wild type), lyn-UM-
164 and apo systems were simulated using graphics processing
Fig. 2 2D structure of Dasatinib and experimental Src inhibitor (UM-164
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unit (GPU) version of the Particle Mesh Ewald Molecular
Dynamics (PMEMD)40 package with Sander module of Amber14.
The atomic partial charges of the ligand were generated with the
aid of antechamber module using restrained electrostatic
potential (RESP) and force eld parameters of general amber
force eld (gaff).41 Amber force eld ff14SB42 was used to set the
protein parameters. The LEaP module implemented in
Amber14 was used to add hydrogen atoms to the protein and to
add counter ions for system neutralization. Each system is
enclosed in an orthorhombic TIP3P water box with protein
atoms located 10 Å between the protein surface and box
boundary to allow for adequate solvation of the systems
throughout the simulation time.

All the systems had cubic periodic boundary conditions
implemented, long-range electrostatic interaction was treated
using the petric-mesh Ewald40 method implemented in
Amber14 with a nonbonding cut-off distance of 12 Å. The
systems were subjected to two minimization process, partial
and full minimizations. The restrained potential of
500 kcal mol�1 Å�2 was applied to the solute for 1000 steps, this
was used for initial energy minimization process while unre-
strained conjugated gradient minimization for 1000 steps was
conducted for the entire system using the SANDER module of
the Amber14 program.

Canonical ensemble (NVT) MD simulations were performed
for 50 ps and system was gradually heated from 0 to 300 K, with
the aid of the Langevin thermostat43 to achieve harmonic
restraint of 5 kcal mol�1 Å�2 for solute atoms with a random
collision frequency of 1 ps. The systems were equilibrated at 300
K with 2 fs time step in the NPT ensemble for 500 ps without any
restraint and a Berendsen barostat44 was used to maintain the
pressure at 1 bar. The hydrogen bonds in the systems were
constrained with the aid of SHAKE45 algorithm.

The 2 fs timescale and SPFP precision model were used for
the MD runs. In the absence of restraints, a production run of
300 ns MD simulations was performed in an isothermal–
isobaric (NPT) ensemble using a Berendsen barostat at a pres-
sure of 1 bar and a pressure-coupling constant of 2 ps. For every
1 ps of simulation, coordinates were saved and trajectories were
analysed. Post-MD analyses were performed, this includes
principal component analysis (PCA), root mean square
).

This journal is © The Royal Society of Chemistry 2020
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deviation (RMSD), root mean square uctuations (RMSF), the
radius of gyration (Rg), hydrogen bond occupancy and dynamic
cross-correlation (DCCR) using PTRAJ and CPPTRAJ46 module
in Amber14, as well as ligand–residue interactions. Trajectories
were visualised using Chimera soware. The results were ana-
lysed and plots were generated with the aid of Origin soware.47

2.5. Thermodynamic calculations

The binding free energy calculation is an important thermo-
dynamic parameter that offers detailed information on the
interaction between ligand and protein.48 It also provides a good
understanding of the mechanism of binding, including their
various energy contributions, such as enthalpy and entropy, to
molecular recognition.48 Molecular Mechanics/Generalized-
Born Surface Area method (MM/GBSA)48 is a popular method
that can be used to estimate the binding free energy of small
ligands to the biological macromolecule.48 The binding free
energy of lyn-UM-164, lyn-Dasatinib (wild type) and apo systems
were calculated using MM/GBSA.48 For a 300 ns trajectory, 1000
snapshots were considered during the calculation of the
binding free energy. The following equations described binding
free energy calculation:

DGbind ¼ Gcomplex � Greceptor � Gligand (1)

DGbind ¼ Egas + Gsol � TS (2)

Egas ¼ Eint + EvdW + Eele (3)

Gsol ¼ GGB + GSA (4)

From the equation above, Egas is the energy of the gas phase,
Eint represents internal energy, Eele represents Coulomb while
EvdW is the van der Waals energies. Egas is estimated directly
from the ff14SB42 force eld. Gsol which is the solvation free
energy can be broken down to polar and non-polar forms of
contribution. The contribution of polar solvation (GGB) is
assessed by resolving GGB equation and non-polar solvation
(GSA) is determined from the solvent-accessible surface area,
which can be estimated from water probe radius of 1.4 Å with
temperature (T) and total solute entropy (S). The MM/GBSA
binding free energy method in Amber14 was used to calculate
the contribution of each residue to the total binding free energy.

2.6. Principal component analysis

Principal component analysis (PCA) is also referred to as
essential dynamics of the protein.49 It is a multivariate statistical
technique applied to motions in protein49 to systematically
reduce the number of dimensions needed to describe the
protein dynamics.49 This is usually done through the decom-
position process that screen observed motions from largest to
smallest spatial scale.49 Therefore, PCA can be used to describe
the atomic displacement and conformational changes of
proteins complex by extracting different modes of conformation
of protein complex during dynamic simulations. PCA can also
be used to describe the direction of motion (eigenvectors) and
the extent of motion (eigenvalues) of the biological system.
This journal is © The Royal Society of Chemistry 2020
In this study, 300 ns of MD trajectories were stripped off their
solvent molecules and the ions using the CPPTRAJ46 module in
Amber14. This is a predetermined step before processing the
MD trajectory for PCA. The principal component analysis was
conducted on Ca atoms on 1000 snapshots at 100 ps time
interval each. Using the in-house script, the rst two principal
components (PC1 and PC2) were computed and 2 � 2 covari-
ance matrices were generated using Cartesian coordinates of Ca
atoms. PC1 and PC2 correspond to the rst two eigenvectors of
a covariant matrix. The PC plots were constructed with Origin
soware.47
2.7. Dynamic cross-correlation matrices (DCCM)

The cross-correlation is a 3D matrix representation that
graphically provides time-correlated information among the
residues of the proteins.50 Visual pattern recognition is one of
the commonest method used in the analyses of residue-based
time-correlated data. To probe into dynamics of lyn-UM-164,
lyn-Dasatinib and apo structures, a DCCM was generated to
determine cross-correlated displacements of backbone Ca
atoms in the trajectories, using the following equation

Cij ¼ hDriDrji/(hDri2ihDrj2i)1/2 (5)

where i and j represent ith and jth residues and Dri and Drj
correspond to the displacement of ith and jth atom from the
mean, respectively. The coefficient of cross-correlation Cij, var-
ies between the range �1 to +1, where the upper and lower
limits correspond to strong correlated (+) and anti-correlated
(�) motions within the period of simulations. The DCCM
analysis was conducted using CPPTRAJ module in Amber14.46

The matrix generated were analysed using Origin soware.47
3. Results and discussion
3.1. Docking studies and structural validation

In molecular modelling, docking of a ligand to the protein
active site is one of the commonly used methods to determine
the preferred orientation of each of the entity that forms the
complex (ligand and receptor) when bound together. However,
results from docking may sometimes remain unreliable. This is
true because even the best-docked conformation can shi from
the active site of the protein within a short time interval of MD
simulation. Therefore, we embarked on MD simulations to be
sure that the docked complex remained in the active site of
protein within a specic time scale. Fig. 3 shows the apo,
docked complex of lyn-Dasatinib and docked complex of lyn-
UM-164 superimposed on each other. This was done to vali-
date the orientation of the docked ligand on the active site of
the receptor.

It is important to note that, the docked complex was used to
run 300 ns of molecular dynamics simulation. The result of
docking shows that the UM-164 demonstrated higher binding
affinity of �9.9 kcal mol�1 than Dasatinib with a binding
affinity of �8.3 kcal mol�1. This relative high binding affinity
exhibited by UM-164 can greatly contribute to the displacement
RSC Adv., 2020, 10, 145–161 | 149



Fig. 3 A 3D depiction of apo (light-brown), docked lyn-Dasatinib
(light-blue) and lyn-UM-164 (light-pink) superimposed to validate the
docking.
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of Dasatinib by UM-164 in the hierarchy of antineoplastic
potency, particularly against the new target (lyn protein).
3.2. System stability MD simulations

To explore the dynamics of a well relaxed and equilibrated
system, 300 ns of MD simulation of the three systems was
carried out before the MD trajectory analysis. This is to allow an
adequate investigation into the stability of 3D backbone atoms
of the protein structure by assessing the various RMSD uctu-
ations relative to their initial structure during the period of
simulation. The RMSD was calculated to assess the overall
dynamics, stability and convergence of the various systems and
the results are presented in Fig. 4.

The RMSD of apo, lyn-Dasatinib and lyn-UM-164 protein
structure graphically elucidate the convergence of the respective
Fig. 4 RMSD plot of Ca atoms of apo (black), lyn-Dasatinib (red) and
lyn-UM-164 (green) systems, respectively.
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systems. Apo system is characterised with RMSD uctuations
with an initially low RMSD uctuation of 2.5 Å within 0 and
25 000 ps, this is followed by a relative increase in RMSD at
intervals with highest peak RMSD of 2.7 Å at 75 000 ps. These
uctuations reect the changes associated with protein expan-
sion within this period, thereby allowing the solvent molecules
to inltrate the hydrophobic sites. However, aer approximately
150 000 ps, the RMSD trajectories converged and the uctua-
tion rested below 2.50 Å.

In lyn-Dasatinib system, the highest uctuation observed
was 3.5 Å at 125 000 ps, aer which the uctuation rested below
2.5 Å at one point. Similarly, in lyn-UM-164 the peak RMSD of
2.5 Å was reached at about 50 000 ps. The average RMSD of 1.89
Å and 2.19 Å was observed in apo and lyn-Dasatinib systems
respectively, while in lyn-UM-164, an average RMSD of 1.79 Å
was observed. These account for the system stability since the
standard parameter for a stable system is RMSD of 2 Å and
below.
3.3. Root mean square uctuation (RMSF)

Amino acids aggregates to form a protein51 and play an
important role in the dynamics and conformational features of
the protein. Changes associated with protein conformation can
occur during a chemical reaction or mechanical events.52

Consequently, ligand interaction with active site residue may
induce conformational changes in the structure of the protein
and alter its functions. These conformational changes are more
pronounced during ligand binding as a result of ligand-induced
motion mirroring the chemical activity within the residues and
the ligand.53

Knowledge of ligand-induced conformational changes in the
protein structure is critical to the structure-based rational drug
design. The RMSF determines the average atomic mobility of
backbone atoms (N, Ca and C) during MD simulation.54 To
understand the conformational changes and to explore the
effect of ligand binding on protein dynamics, the RMSF of the
studied systems was calculated from MD trajectories and pre-
sented in Fig. 5. The core of the protein appears to be more rigid
relative to the loops (solvent-exposed) with very high
uctuations.

The highest uctuations were observed in the loop region C
involving residue Glu160 and Thr180 with RMSF values of 4.0 Å
and 2.4 Å respectively. In loop region B, uctuations are not
extensive relative to other loops, this involves residues Ala70,
Ile80, Lys101, Tyr120 and Glu140 with RMSF values of 1.8 Å, 1.2
Å, 0.8 Å, 1.1 Å and 1.0 Å in apo, lyn-Dasatinib and lyn-UM-164
systems, respectively. Loop region A involving residues Trp3,
Ile5, Ile10, Tyr29 and Leu40 exhibits uctuations with RMSF
values of 1.8 Å, 2.7 Å, 2.4 Å, 2.7 Å and 1.1 Å. The RMSF values of
2.0 Å, 2.3 Å and 1.4 Å were observed in loop region D with
residues Lys200, Arg220 and Lys240 in apo, lyn-Dasatinib and
lyn-UM-164 systems.

These activation loops are important in the conversion of
the inactive conformational state of tyrosine kinase to active
conformation state. However, the lyn-Dasatinib complex used
in this study is an active form of tyrosine kinase. This is
This journal is © The Royal Society of Chemistry 2020



Fig. 5 RMSF plot of Ca atoms of apo (black), lyn-Dasatinib (red) and lyn-UM-164 (green) systems, respectively.
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because dasatinib is one of the rst kinase inhibitor identied
to be potent in active form of the protein.27 Similarly, inactive
form of tyrosine kinase has low basal activity55 because its
activation loop can interconvert with the phosphorylated
active state only at a lower frequency.56 Based on this, an
analogue of Dasatinib called UM-164 is well position to bind
favourably to lyn protein.

The binding of UM-164 rigidied the residues thereby
decreasing the tendency of loop uctuations as seen in Fig. 5.
This conforms with experimental evidence narrating that the
catalytic activity of protein tyrosine kinase can be regulated by
This journal is © The Royal Society of Chemistry 2020
the phosphorylation state of the activation loop Tyr residue
(Tyr120) and is correlated with movements in the loop and Ca.
The region of the activation loop spanning this residue is highly
exible.27 Note that the binding of UM-164 to lyn protein causes
maximum rigidity around this region Try120. This perhaps is
due to the presence of uorinated benzene ring that prevents
the exible loops from uctuating, thereby stabilising the
conformational state of the protein as seen in Fig. 6.

This relative reduction in uctuation decrease the
tendency of phosphorylation that would otherwise increase
the catalytic activity of lyn. Higher uctuations are observed
RSC Adv., 2020, 10, 145–161 | 151



Fig. 6 Structure of lyn-UM-164 complex with a fluorinated benzene ring.
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in the lyn-Dasatinib system meaning that UM-164 is more
stable in the active site of lyn protein and may have better
pharmacological activity as a chemotherapeutic agent tar-
geting lyn protein.
3.4. Radius of gyration (RoG)

The radius of gyration is a moment of inertia of Ca atoms from
their centre of mass. It is frequently used inmolecular dynamics
simulations to gain insight into the molecular stability of
Fig. 7 The radius of gyration plot of Ca atoms of apo (black), lyn-
Dasatinib (red) and lyn-UM-164 (green) protein structures,
respectively.
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biological systems. The RoG of apo, lyn-Dasatinib and lyn-UM-
164 was assessed and the result is presented in Fig. 7.

There is a relatively similar level of compactness in apo and
lyn-Dasatinib systems. However, lyn-UM-164 system exhibits
a higher level of compactness and a lower average RoG of 18.839
Å compare to the rst two systems. The apo has average RoG of
19.015 Å while the lyn-Dasatinib has a higher RoG of 19.178 Å.
The relative high RoG in apo and lyn-Dasatinib systems agreed
with the experimental evidence that state that the binding of
Dasatinib and Imatinib to lyn causes only minor changes in
overall structure from the unliganded state.27 The conforma-
tional stability achieved in lyn-UM-164 can be compared to the
stability of lyn aer binding of UM-164.
3.5. Principal component analysis (PCA)

Protein conformation plays a crucial role in the determination
of its function,57 and PCA is one of the essential tools used in
determining the exibility of each atom during the simula-
tion.30 Fig. 8 represent PCA plot of the three systems used in this
study. For signicant representation in this study, we adopt the
clustering method of principal component (PC). This method
can describe different conformational states sampled during
a simulation by grouping molecular structures into a subset
based on their conformational similarities.58

The eigenvalues can be used to provide adequate informa-
tion on the percentage variability or the total mean square
displacement of the atom's positional uctuation captured in
each dimension.30 This method of PCA was used to examine
major conformational changes in apo, lyn-Dasatinib and lyn-
UM-164 systems during a 300 ns simulations. For proper
assessment of motions of systems with distinct molecular
behaviour, the systems were projected along the direction of the
rst two principal components (PC1 vs. PC2) or eigenvectors.
This journal is © The Royal Society of Chemistry 2020



Fig. 8 PCA projection of the motion of Ca atoms constructed by
plotting the first two principal components (PC1 and PC2) in the
conformational space with apo (black), lyn-Dasatinib (red) and lyn-
UM-164 (green) colours, respectively.

Fig. 9 Cross-correlation matrices of the fluctuations of Ca atoms in ap

This journal is © The Royal Society of Chemistry 2020
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Fig. 8 depicts a scattered plot for apo, lyn-Dasatinib and lyn-UM-
164 complexes. Notable from this plot is the signicant differ-
ence in the three systems as evident from the features of the
structures plotted along the direction of the two principal
components.

There is a marked separation of motion from the three
systems. However, a more correlated motion was observed in
lyn-UM-164 along with two principal components PC1 and PC2
compared to lyn-Dasatinib and apo systems, which present
relatively less correlated motions. The apo system appears to be
more exible than lyn-Dasatinib and lyn-UM-164 systems, sug-
gesting that the binding of UM-164 to the protein (lyn) induces
a conformational dynamics mirrored in PCs as a wave of
motions. In contrast, the binding of Dasatinib to lyn protein
impact a less dynamic effect on the protein compared to lyn-
UM-164. A decrease in uctuation observed in the lyn-UM-164
result from the impact of UM-164 binding on the lyn protein.
This analysis agreed with experimental work of Williams et al.
(2008) which observed that the binding of three distinct struc-
tural inhibitors of lyn including Dasatinib, caused only minor
changes in overall structure from unliganded state.27
o (A), lyn-Dasatinib (B) and (C) lyn-UM-164.
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Fig. 10 Number of hydrogen bond formation during simulation
overtime between apo, lyn-Dasatinib and lyn-UM-164 systems.

RSC Advances Paper
3.6. Dynamics cross-correlation matrices (DCCM) analysis

To assess conformational changes of lyn upon ligand binding,
DCCM analysis was conducted on the position of Ca throughout
the simulations to examine the dynamics and presence of
correlated motions as seen in Fig. 9. Highly positive correlated
motions of specic residues are represented as yellow-red
(colour) regions, whereas anti-correlated motions (highly
negative) of specic residues are represented as blue-black
(colour) regions.

The three systems assessed in this study exhibited the overall
correlated motions of residue relative to anti-correlated
motions. Analysis of DCCM shows that the binding of UM-164
to lyn protein confers structural dynamics on the protein
leading to conformational changes as reected by the changes
in the correlated motions. In the apo conformation (Fig. 9A)
Phe50 correlates with leu60, similarly, Ile80 correlates with
Ser89, while Glu140 slightly correlates with Leu 151. Anti-
correlated motions of residue in apo occur between residues
170 to 260 compare to lyn-Dasatinib (Fig. 9B), and lyn-UM-164
systems with variant correlated and anti-correlated motions.

The lyn-UM-164 exhibit two notable correlated regions
(Fig. 9C), this includes residues 1–90 the strongly correlated
region, whereas residues 140–160 slightly correlated region.
These regions take a host of most hydrophobic active site resi-
dues and it represents the most dynamic regions in the
receptor. In a related development, the lyn-Dasatinib system
relative to lyn-UM-164 system exhibits a decrease in correlation
between residues 1–90 with a more pronounced anti-correlation
motion between residues 170–261 (Fig. 9B). This phenomenal
suggest that the binding of Dasatinib to lyn protein do not have
much signicant effect on the conformational state of the
protein. Therefore, the potency of Dasatinib as lyn inhibitor
may be a life dream compared to UM-164 that have demon-
strated the characteristics of a highly potent agent on lyn
protein.
3.7. Hydrogen bond formation between amino acid residues
and the ligand

Hydrogen bond (H-bond) plays a central role in many chemical
activities and are very important in biological systems, partic-
ularly in the maintenance of protein structural integrity.59 H-
bond promotes protein–ligand interaction, catalysis and
protein–ligand binding.59 Therefore, the formation of hydrogen
bonds between amino acid residues is critical to the determi-
nation of conformational stability of amino acids. In line with
this, we investigate the formation of hydrogen bonds during the
simulation and represent in Fig. 10.

The apo system exhibits a lower average H-bond (120.39)
formation during simulation compared to lyn-Dasatinib and
lyn-UM-164 systems with average H-bond of 122.31 and 123.73,
respectively. The relative decrease in H-bond formation
observed in the lyn-Dasatinib system could be as a result of loop
exibility that ultimately affects the strength of drug binding.
The decrease in H-bond formation leads to structural destabi-
lization and conformational dynamics which consequently
affects drug binding.59
154 | RSC Adv., 2020, 10, 145–161
To further assess the relative stability of lyn-UM-164, lyn-
Dasatinib and apo, we monitored the H-bond distance and
occupancy of the three respective systems throughout the
simulation time and the results are presented in Table 1.

In the lyn-UM-164 system, Lys154 exhibits high H-bond
occupancy of 88% with an average H-bond distance of 2.82 Å.
Similarly, lyn-Dasatinib exhibits the same H-bond occupancy
but with slightly different average H-bond distance of 2.85 Å.
This small difference in H-bond distancemay be responsible for
high bond strength in lyn-UM-164 complex compared to lyn-
Dasatinib. Within the same systems, a maximum H-bond
occupancy of 52% was observed between O atom of Tyr120
and H atom of Lys24 of lyn-UM-164, yet lyn-Dasatinib display
a variable H-bond occupancy 0.1% and H-bond distance of 2.88
Å between the atoms of the same residues.

The high value of H-bond occupancy with relative low H-
bond distance exhibited by Tyr120 in lyn-UM-164 signies the
importance Tyr120 to the conformational state of the complex.
The most obvious difference observed between the two systems
with respect to their H-bond angle, H-bond distance and H-
bond occupancy is the relationship between uoride atoms
(F1, F2 and F3) of UM-164 and H atom of Ser96 which is
completely absent in lyn-Dasatinib. This perhaps may be
responsible for the magnicent behaviour of the UM-164 on lyn
protein. Generally, the lyn-UM-164 system exhibits the highest
H-bond occupancy compared lyn-Dasatinib system.
3.8. Binding free energy and energy decomposition analysis

The Molecular Mechanics/Generalized-Born Surface Area (MM/
GBSA) method48 is the most acceptable technique used to esti-
mate the binding free energy of small ligands to biological
macromolecules.48 This method was used to estimate the total
binding free energy of lyn-Dasatinib and lyn-UM-164 systems as
presented in Table 2. Energy decomposition analysis shows that
This journal is © The Royal Society of Chemistry 2020



Table 1 Hydrogen bond occupancy of interacting active site residues of lyn-Dasatinib and lyn-UM-164 systems

H-bond acceptor H-bond donor Frame number Occupancy (%) Average distance (Å) Average angle (�)

lyn-Dasatinib
LIG_262@O2 ASP_148@H 94 357 2.2% 2.81 153
LIG_262@O1 PHE_21@H 29 260 7.1% 2.82 156
LIG_262@N5 ARG_132@HH22 12 040 2.9% 2.91 152
LIG_262@N6 ARG132@HH22 9837 2.3% 2.92 148
ILE_146@O VAL_66@H 236 457 57% 2.88 162
ALA_36@O THR_82@HG1 27 618 6.7% 2.80 156
LYS_154@O LEU_137@H 341 732 82% 2.85 162
MET_85@O GLY_88@H 76 244 18% 2.90 154
LEU_90@O PHE_93@H 905 2.2% 2.93 141
ASP_92@O SER_96@HG 364 0.9% 2.78 158
TYR_120@H LYS_24@H 47 0.1% 2.88 149

lyn-UM-164
LIG_262@O1 PHE_21@H 29 260 7.2% 2.88 156
LIG_262@N5 ARG_132@HH22 12 040 2.9% 2.91 154
LIG_262@N6 ARG_132@HH22 9837 2.3% 2.92 148
LIG_262@O2 GLY_150@H 7136 1.7% 2.90 142
LIG_262@F1 SER_96@HG 252 0.6% 2.84 152
LIG_262@F2 SER_96@HG 261 0.6% 2.85 152
LIG_262@F3 SER_96@HG 249 0.6% 2.86 151
ILE_146@O VAL_66@H 236 457 57% 2.88 166
ALA_36@O THR_82@HG1 27 618 6.8% 2.80 156
LYS_154@O LEU_137@H 341 732 82% 2.82 162
MET_85@O GLY_88@H 76 244 18% 2.90 154
TYR_120@O LYS_24@H 216 500 52% 2.87 155
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the lyn-UM-164 system has higher estimated binding free
energy (�54.867 � 5.961 kcal mol�1) compared to the lyn-
Dasatinib system with an estimated binding free energy of
�49.692 � 3.885 kcal mol�1. The difference in the binding free
energy between the lyn-Dasatinib and lyn-UM-164 is �5.175 �
2.076 kcal mol�1, which is quite signicant.

The force of interaction such as electrostatic (�32.387 �
11.763 kcal mol�1) and van der Waals (�71.319 �
4.209 kcal mol�1) greatly contributes to the total binding energy
of UM-164 to lyn protein compared to lyn-Dasatinib. Hydro-
phobic packing contributes immensely to the binding free
energy in lyn-UM-164 owing to a large number of aromatic and
hydrophobic rings within the conformational space and also
a set of hydrophobic residue around the binding pocket.
However, a decrease in energy contribution from interacting
forces particularly (DEvdW) in lyn-Dasatinib may result in
Table 2 MM/GBSA-based binding free energy profile of Dasatinib and U

DGbind (kcal mol�1) DEelec (kcal mol�1) DEvdW (kc

lyn-Dasatinib
�49.692 � 3.885 �36.605 � 10.822 �52.031 �

lyn-UM-164
�54.867 � 5.961 �32.387 � 11.763 �71.319 �
a DEele ¼ electrostatic energy; DEvdW ¼ van der Waals energy; DGbind ¼ ca

This journal is © The Royal Society of Chemistry 2020
a sharp decrease in potency of Dasatinib in lyn protein. This is
probably because the binding of Dasatinib to lyn protein only
cause minor changes to the conformal state of the protein.27

3.8.1. Per-residue energy decomposition analysis. To
determine the energy contribution of individual active site
residue to the total binding free energy, and to provide
a molecular understanding of the impact of protein dynamics
on the degree of different binding forces, energy decomposition
analysis was conducted on a per-residue basis and the result is
presented in Table 3. The graphical representation of per-
residue energy decomposition analysis of lyn-Dasatinib and
lyn-UM-164 is presented in Fig. 11. In lyn-UM-164 system, all the
active site residues contribute higher total binding free energy
except Thr82 (�0.248 � 0.139 kcal mol�1) and Glu98 (0.058 �
0.069 kcal mol�1) which has less signicant energy
contributions.
M-164 bound to lyn proteina

al mol�1) DGgas (kcal mol�1) DGsol (kcal mol�1)

4.074 �88.636 � 11.294 39.006 � 9.403

4.209 �103.704 � 12.191 48.837 � 10.216

lculated total binding free energy; DGsol ¼ solvation free energy.
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Table 3 Decomposition of the relative binding free energies on a per-residue basis for lyn-Dasatinib and lyn-UM-164 systemsa

Residues DEvdW DEele DGpolar DGnon-polar DGbinding

lyn-Dasatinib
Met85 �0.281 � 0.163 �0.449 � 0.515 0.590 � 0.528 �0.021 � 0.020 �0.161 � 0.161
Thr82 �0.835 � 0.563 �2.902 � 1.543 2.124 � 0.640 �0.126 � 0.017 �1.739 � 1.116
Phe84 �0.189 � 0.110 0.345 � 0.193 �0.302 � 0.208 �0.003 � 0.006 �0.150 � 0.104
Gly88 �0.369 � 0.120 0.662 � 0.248 �0.243 � 0.248 �0.087 � 0.026 �0.037 � 0.201
Glu98 �0.002 � 0.001 �7.963 � 0.520 7.965 � 0.521 0.000 � 0.000 0.001 � 0.000
Lys87 �0.057 � 0.013 9.822 � 0.236 �9.693 � 0.221 0.000 � 0.000 0.072 � 0.022
Tyr120 �0.003 � 0.001 0.125 � 0.083 �0.124 � 0.082 0.000 � 0.000 �0.001 � 0.003
Phe93 �0.018 � 0.006 0.355 � 0.039 �0.350 � 0.038 0.000 � 0.000 �0.013 � 0.009
Ser89 �0.474 � 0.218 0.964 � 0.217 �1.007 � 0.205 �0.071 � 0.040 �0.587 � 0.224
Asp92 �0.168 � 0.119 �12.218 � 1.14 12.765 � 1.434 �0.042 � 0.038 0.338 � 0.254

lyn-UM-164
Met85 �1.575 � 0.305 �2.662 � 0.975 1.930 � 0.589 �0.090 � 0.18 �2.397 � 0.823
Thr82 �0.878 � 0.145 �0.197 � 0.153 0.495 � 0.153 �0.0678 � 0.020 �0.248 � 0.139
Gly88 �1.541 � 0.293 �1.102 � 0.606 1.035 � 0.230 �0.189 � 0.029 �1.796 � 0.606
Glu98 �0.035 � 0.025 �5.254 � 0.541 5.394 � 0.560 �0.003 � 0.011 0.058 � 0.069
Lys87 �1.631 � 0.530 7.547 � 0.653 �6.685 � 0.876 �0.168 � 0.069 �0.936 � 0.365
Tyr120 �0.002 � 0.000 �0.004 � 0.047 0.010 � 0.046 0.000 � 0.000 0.004 � 0.003
Phe93 �0.142 � 0.082 �0.146 � 0.039 �0.133 � 0.037 �0.016 � 0.021 �0.145 � 0.102
Ser89 �0.891 � 0.249 �0.176 � 0.408 0.294 � 0.360 �0.145 � 0.032 �0.918 � 0.271
Phe84 �1.241 � 0.351 0.140 � 0.250 0.142 � 0.271 �0.104 � 0.024 �1.063 � 0.336
Asp92 �0.206 � 0.067 �6.526 � 0.491 7.015 � 0.466 �0.104 � 0.024 0.255 � 0.099

a All energies are in kcal mol�1. DEele ¼ electrostatic energy; DEvdW ¼ van der Waals energy; DGpolar ¼ polar solvation energy; DGnonpolar ¼ nonpolar
solvation energy; DGbinding ¼ total binding free energy.
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However, Met85 in the lyn-UM-164 system has the highest
binding free energy contribution (�2.397 � 0.823 kcal mol�1)
relative to other active site residues in lyn-Dasatinib and lyn-
UM-164 systems, respectively. Therefore, Met85 can be regar-
ded as the stabilising factor in the binding of UM-164 to lyn
protein. In a related development, there is a substantial
reduction in per-residue energy contribution in the lyn-
Dasatinib system except for Thr82 which has a higher total
binding free energy of �1.739 � 1.116 kcal mol�1 compared to
a lower energy value (�0.248 � 0.139 kcal mol�1) exhibited by
Thr82 in the lyn-UM-164 system.
Fig. 11 The per-residue energy decomposition analysis graph of lyn-Da
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Asp92 in lyn-Dasatinib system exhibit the highest electrostatic
energy contribution �12.218 � 1.14 kcal mol�1 compared to its
contribution in lyn-UM-164, which is relatively lower (�6.526 �
0.491 kcal mol�1). The van der Waals energy contribution of
Asp92 in lyn-UM-164 is relatively higher �0.206 �
0.067 kcal mol�1 compared to�0.168� 0.119 kcal mol�1 van der
Waals exhibited by Asp92 in the lyn-Dasatinib system. This may
be attributed to the orientation of UM-164 in the conformational
space of the protein. The observed decrease in total binding free
energy contribution in the lyn-Dasatinib system is amirror image
of the reduction in potency of Dasatinib as an inhibitor of lyn
satinib and lyn-UM-164 systems.

This journal is © The Royal Society of Chemistry 2020
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protein. Within the context of the total binding free energy
contribution in the lyn-UM-164 system, UM-164 can be rated as
a better potential inhibitor of lyn protein.
3.9. Ligand–residue interaction network prole

The interaction of active site residues with the ligand is an
important element used in assessing the orientation of the
ligand in the protein. Herein, interaction of active site residues
of lyn protein with Dasatinib and UM-164 was examined to
Fig. 12 The interacting residues of lyn complexed with Dasatinib and U

This journal is © The Royal Society of Chemistry 2020
assess the level of ligand–residue interaction (Fig. 12). It was
observed that orientation of UM-164 formed direct hydrogen
bonds with Glu98, Met85, Phe21 and Gln20 in lyn protein.
Similarly, the orientation of Dasatinib also formed direct
hydrogen bonds with Met85, Thr82 and lys87. However, Dasa-
tinib assumed three hydrogen bond formation relative to four
hydrogen bonds formed by UM-164 and lyn residues. The loss of
hydrogen bond in Gln20, Phe21 and Glu98 of lyn-Dasatinib
directly affects the orientation of Dasatinib in the active site
M-164.
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Fig. 13 3D structures of apo (light-brown), lyn-Dasatinib (light-blue)
and lyn-UM-164 (light-pink) superimposed onto each other.
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consequently affects the drug binding. Fig. 13 shows the
conformational state of apo, lyn-Dasatinib and lyn-UM-164
superimposed on each other. The alignment shows the
Fig. 14 Ligand residue interaction network of [A] Dasatinib and [B] UM-16
site of the protein.

158 | RSC Adv., 2020, 10, 145–161
orientation of Dasatinib and UM-164 in lyn protein conforma-
tional space.

The loss of a-amino acid (Phe21) in the lyn-Dasatinib system
could sterically serve as an impediment in the binding of
Dasatinib to lyn protein. This residue forms an essential
hydrogen bond important for binding of UM-164 to the protein
as depicted in Fig. 12.

Fig. 14 shows Dasatinib and UM-164 oriented within the
active site of the lyn protein. The orientation of UM-164 in lyn
protein permits for hydrogen bond formation between N atoms
of Gln20 and Phe21 of lyn protein and uoride atom (F1) of UM-
164. However, the characteristics orientation of Dasatinib in lyn
protein impedes the formation of these hydrogen bonds, the
loss of these bonds greatly contributes to the reduction in
potency of Dasatinib relative to UM-164. In addition, the Argi-
nine group (Arg132) of residue that forms a hydrogen bond with
UM-164 is oriented at an angle of 148� (Table 1). Despite the
existence of the interaction with same protein (lyn) the Arginine
group of residue (Arg132) that forms a hydrogen bond with
Dasatinib is oriented at an angle of 152� (Table 1). This
remarkable differences between UM-164 and Dasatinib can
result to steric effect that may affect drug binding. Most
importantly, the addition of uorinated benzenes ring in UM-
4 complexed with lyn protein showing ligands orientation in the active

This journal is © The Royal Society of Chemistry 2020
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164 created a niche for the molecule as a potent inhibitor of
tyrosine kinase of all types.

4. Conclusion

Currently, molecular understanding of the impact of experi-
mental drug UM-164 on lyn protein is lacking in literature. In
this study, we adopted different computational approaches
aimed at providing multidimensional insight into the effect of
UM-164 binding on the conformational space of lyn protein and
to establish the ligand binding landscape of UM-164 on lyn
protein. Molecular docking and molecular dynamics simula-
tions were performed. Post-MD analyses such as principal
component analysis (PCA), dynamics cross-correlation matrices
(DCCM) analysis, hydrogen bond occupancy, thermodynamics
calculation and ligand–residue interaction guide us to the
ndings that provide adequate information on the impact of
UM-164 binding with lyn protein.

Outcome from the docking analysis revealed that UM-164
exhibited a higher binding affinity of �9.9 kcal mol�1

compared to Dasatinib with a binding affinity of
�8.3 kcal mol�1. The MD simulations study enabled us to
provide a better picture of the binding landscape of UM-164 to
the lyn protein. Some of the crucial impacts of this binding
leading to favourable inhibition of this protein include:
decrease in the capacity of the loop to uctuate; inuence the
ligand optimum orientation on the conformational space of lyn
protein; increase the hydrogen bond formation in lyn-UM-164
complex.

In addition, an increase in drug binding energy (�5.175 �
2.076 kcal mol�1) of UM-164 was noted in comparison to
Dasatinib. It is quite fascinating to note that residue Met85 is an
important stabilising factor in the binding of UM-164 to lyn
protein. These ndings can provide important insights that will
serve as a baseline in the design of novel lyn inhibitors and
stimulate further research into multidimensional approaches
required to curb the inuence of lyn protein in triple-negative
breast cancer.
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