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Identification and characterization of binding
thermodynamics and kinetics of inhibitors
targeting FGFR1 via molecular modelling and
ligand Gaussian accelerated molecular dynamics
simulations†

Subhasmita Mahapatra and Parimal Kar *

Fibroblast growth factor receptor1 (FGFR1) kinase has a crucial role in cell proliferation, migration, and

differentiation. Any imbalance in its level can cause cancer and many other illnesses. Despite the

availability of numerous treatments, cytotoxicity, selectivity, and drug resistance issues demand the

development of new FGFR1 inhibitors. Herein, we performed a high-throughput virtual screening of

54 624 compounds from NPASS and HMDB databases using the Schrodinger software suite.

Compounds with a docking score cutoff of �11.0 kcal mol�1 were further screened for ADMET

properties. Following the all-atom molecular dynamics simulation of selected molecules in replica, the

binding free energy was calculated using the molecular mechanics Poisson Boltzmann surface area

(MM-PBSA) scheme. We obtained two compounds, namely, bevantolol and 3-hydroxy glabrol, which

exhibited higher binding affinities than the control drug ponatinib. Bevantolol was further optimized via

virtual screening and simulation studies of its 100 structural analogues to obtain the best analogue.

Subsequently, we investigated the binding thermodynamics and kinetics of the best analogue molecule

via ligand Gaussian accelerated molecular dynamics (LiGaMD) simulation, performing independent

replica runs of 4 ms each. The 1D and 2D potential of mean force and Kramer’s rate theory determined

the kinetic rate constants (kon/koff) associated with the FGFR1 complex. The binding constant was

estimated to be 7.4 � 0.27 nM, which was similar to the type II tyrosine kinase inhibitor ponatinib.

Overall, this study highlights the dynamics of FGFR1–ligand interaction while proposing bevantolol and

its analogue molecule ANLG-2 as promising drug candidates for FGFR1 therapeutic intervention.

1. Introduction

Human fibroblast growth factor receptors (FGFRs) exert impor-
tant physiological roles in embryogenesis, wound repair, cellu-
lar behaviour and endocrine homeostasis by interacting with
fibroblast growth factors (FGFs) and heparan sulfate proteogly-
cans (HSPGs).1 FGFRs are characterized as transmembrane
receptors with one extracellular and one intracellular domain
that act as a ligand binding domain and a tyrosine kinase
domain, respectively. The extracellular region contains three
immunoglobulin (Ig)-like components and an acidic box with
eight sequential acidic residues. Ig-I participates in receptor

auto-inhibition in conjunction with the acidic box. Meanwhile,
Ig-II and Ig-III create FGF and HSPG binding domains2

(Fig. 1A). Similar to other receptor tyrosine kinases, FGFRs rely
on tyrosine phosphorylation for activation. The ternary complex
of FGFR-FGF-HSPG leads to dimerization, autophosphorylation
and substrate phosphorylation in a coordinated manner. A
cascade of signalling pathways, such as the phospholipase-g
(PLC-g) pathway and the mitogen-activated protein kinase
(MAPK) pathway, get activated by these phosphorylations to
carry out various physiological processes.3

The FGFR family is made up of four receptors: FGFR1–
FGFR4. Although distinct genes encode these four receptors,
they share a great deal of similarity and range in sequence
identity from 56% to 71%.4 The fibroblast growth factor
receptor-like 1 (FGFRL1 or FGFR5) does not have the kinase
domain and acts as a bogus receptor to inhibit the signalling
cascade.5,6 The FGFR signalling pathway plays a crucial role in
cancer progression owing to its pleiotropic effects and
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involvement in key physiological processes. Its dysregulation
leads to antiapoptotic, mutagenic, and angiogenic responses
characteristic of cancer7 while serving as an escape mechanism
for therapy resistance. A comprehensive analysis of 4853 solid
tumours revealed FGFR1 aberrations in 3.5% of cases, com-
pared to 1.5% for FGFR2, 2% for FGFR3, and 0.5% for FGFR4.8

Notably, FGFR1 amplifications were predominant, constituting
66% of FGFR alterations, and were especially prevalent in
cancers such as breast cancer (10%)9 and squamous non-
small cell lung cancer (20%).10 Although FGFR2, FGFR3, and
FGFR4 also play roles in oncogenesis, their aberrations are less
common or more tumour-specific.10

There is an arsenal of FGFR-targeted therapeutics, and the FDA
has also approved two drugs: pemigatinib for FGFR2-fusion
cholangiocarcinoma11 and erdafitinib for FGFR3-altered urothelial
cancer.12 Although some patients respond to FGFR-targeted drugs
at first, many later experiences acquired resistance, which causes
the disease to worsen and therapy to be discontinued. Secondary
chromosomal changes like gatekeeper mutation in FGFR1 kinase
cause drug resistance while increasing autophosphorylation
activity.13 The conserved amino acid sequences in key regions (A-
loop, P-loop, and Hinge) share 65–78% identity,14 making kinase

domain targeting a challenge for inhibitor development across
malignancies. The higher frequency and broad distribution of
FGFR1 alterations make it a compelling target for therapeutic
intervention, which would benefit a larger patient population.

Analyzing the protein kinase conformational ensemble in their
multiple functional states can aid in comprehending the receptor–
ligand interactions.15,16 Current atomistic conventional molecular
dynamics (cMD) simulation techniques are restricted to limited
time scales and specific potential energy barriers between inter-
mediate states.17,18 Multiple enhanced sampling techniques like
metadynamics, hyperdynamics, and adaptive biasing approaches
evolved to better assess the biological processes.19,20 However, these
strategies are constrained by the necessity for predetermined
parameters. The Gaussian accelerated molecular dynamics (GaMD)
technique eliminates the need for specified collective variables or
reaction coordinates, significantly lowering energy barriers and
enhancing the speed of MD simulations exponentially.21 The
GaMD technique has effectively elucidated molecular interactions
that align with in vitro data and long-duration cMDs.22–24

Ligand GaMD (LiGaMD)21,25 enhance the sampling efficiency
of molecular dynamics simulations, particularly for ligand binding
and unbinding processes. Building upon the Gaussian accelerated

Fig. 1 (A) Activation of FGFR. The extracellular ligand-binding domain of FGFR is made up of Ig-I, acid box, Ig-II, and Ig-III, followed by the
transmembrane domain (TMD), Juxtra membrane domain (JMD), and the intracellular kinase domain. FGF ligand (blue) and heparin (violet) together
make a ternary complex to activate FGFR. (B) Three-dimensional structure of the FGFR1-ponatinib complex (PDB ID: 4V04). The ligand interaction
pocket was highlighted with mesh representation (C) workflow of processes associated with finding the promising inhibitor against FGFR1.
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molecular dynamics (GaMD) framework, LiGaMD selectively
applies a boost potential to the ligand’s non-bonded interaction
energy, effectively accelerating ligand movements without the need
for predefined reaction coordinates. This approach enables the
capture of repetitive binding and unbinding events within feasible
simulation timescales. In the initial development of LiGaMD,
Miao et al. demonstrated its efficacy using simulations of guest
molecules interacting with b-cyclodextrin and captured multiple
binding and unbinding events within hundreds of nanoseconds.
The calculated binding free energies closely matched experimental
data, with errors less than 1.0 kcal mol�1.21 LiGaMD offers power-
ful tools for accurately characterizing ligand binding thermody-
namics and kinetics, thereby facilitating computer-aided drug
design and a deeper understanding of molecular interactions.15

Here, we used a thorough computational method to find a
hit molecule that might be further refined into a potentially
special inhibitor of FGFR1 kinase. This strategy includes
structure-based virtual screening, ADMET (absorption, distribution,
metabolism, excretion, and toxicity) analysis and molecular
dynamics simulations (Fig. 1). We used the high throughput
virtual screening (HTVS) method to test about 54 624 natural
molecules against FGFR1 from the Natural Product Activity and
Species Source Database, NPASS (30 926 compounds), and
Human Metabolome Database, HMDB (23 698 compounds).
Following VS, every top lead compound from the ADMET
analysis was filtered. With the aid of MD simulations, further
binding poses, and structural refinement were performed on
each complex. Then, we used the molecular mechanics Pois-
son–Boltzmann surface area (MM-PBSA) approach to calculate
the binding free energies of each compound against FGFR1.
The best-hit compound with high binding affinity was further
optimized with the DELA-drug server by generating 100
analogues. These analogues underwent HTVS using the glide
module, and two compounds with the best docking score were
selected. We performed MD simulations of 2 � 200 ns followed
by trajectory analysis. ANLG-2 showed better interaction with
FGFR1 kinase. To gain deeper insights into the kinetics of the
ANLG-2 and FGFR1 kinase complex, we performed LiGaMD
simulations in replicates with each run extending to 4 ms. The
kinetic dissociation constant of the complex was calculated
using Kramer’s rate theory.

2. Methodology
2.1. Preparation of target protein

The crystal structure of FGFR1 kinase in association with
ponatinib has been used for this study (PDB ID: 4V04, resolu-
tion – 2.12 Å).26 Chain A was considered, and apo conformation
of FGFR1 kinase was obtained by removing the atomic coordi-
nates of the sulfate ion (SO4

2�) and 1,2-ethandiol (EDO) using
UCSF Chimera.27 All the missing residues were added using the
modeller software.28 The Schrödinger software suite’s protein
creation wizard was used to prepare the receptor protein.29 The
crystallographic waters beyond 5.0 Å from the kinase were
eliminated, and all missing hydrogen atoms were added.

With the aid of PROPKA, the structure was neutralized at pH
7.0 while considering the orientations of the retained water
molecules.30 Finally, using the OPLS3 force field,31 the protein
was minimized with default settings.

2.2. Preparation of ligand

The primary emphasis of the current investigation is kinase
inhibition. As a result, we have used natural compounds such
as phytochemicals and metabolite databases. Phytochemical
databases (30 926 compounds) and the Metabolome Database
(HMDB) (23 698 compounds) were used to screen a total of
54 624 compounds. The ligand compounds were downloaded
in SDF file format. To create the compound conformations and
their tautomeric combinations, the ligands were uploaded into
the Maestro interface and submitted to the Ligprep module.
After hydrogen atoms were added, the ligands were minimized
and described using the OPLS3 force field.31 We used all the
ligand conformers for virtual screening.

2.3. Virtual screening

The virtual screening workflow (VSW) procedure in the Glide
module of the Schrodinger suite was used to screen a total of
54 624 compounds against FGFR1.32 Initially, ponatinib from
the complex crystal structure was used as the pocket of FGFR1
to construct the receptor grid using Glide, leaving 12 Å cubic
space around it. The molecules from each database were
initially filtered using Lipinski’s rule of five and the QikProp
module during the VSW method. Our method of docking was
semi-flexible, making the ligands move freely inside the ligand
pocket while the protein remains rigid. Thus, just one structure
of the receptor was employed, but all configurations of each
compound were utilized during the docking process. High-
throughput virtual screening (HTVS), standard precession
(SP), and extra precession (XP) were the three tiers in which
the virtual screening was carried out progressively. For Glide-
SP, the top 30% of HTVS were taken. Finally, 10% of Glide-XP
was chosen once 20% of SP had been allocated for Glide-XP. All
the leads were screened and chosen for further analysis based
on the XP-docking score.

2.4. Pharmacokinetic profile

The Schrödinger QikProp module was used in the screening
step to make predictions about the physical and therapeutic
properties of organic molecules. This module forecasts 35
crucial traits that are used in the drug development programme
as screening for ligand libraries. Following the virtual screen-
ing, the 27 top lead compounds were assessed for their ADMET
characteristics using the ADMETlab 2.0 web server.33 Aspects
including pharmacochemical characteristics, ease of production,
drug-like characteristics, absorption, bioavailability and others
were covered in our prediction of ADMET traits. Among different
toxicological features, AMES toxicity, hepatotoxicity, carcinogeni-
city, and pulmonary toxicity were assessed. Four ligands were
ultimately evaluated with additional MD simulations according
to the docking score value and all the pharmacokinetic proper-
ties were determined.
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2.5. Molecular dynamic simulation

Atomistic MD simulations of 200 ns were conducted on the
systems of interest, including apo, control (ponatinib/FGFR1
complex), and FGFR1/lead complex. The AMBER ff14SB34 force
field was used for parameter assignment of the protein. For
ligands, we employed the generalized AMBER force field, version
2 (GAFF2).35–37 Ions were added in the right quantity to balance
the system. Each system was solvated in an octahedron water box
using the TIP3P explicit water model38 and 10.0 Å box size. The
SHAKE algorithm was utilized to describe all bonds, including
hydrogen atoms.39 With a non-bonded cutoff of 10.0 Å, the
particle–mesh Ewald (PME) technique40 was implemented to
compute long-range interactions. During the MD simulation, the
2-fs time-step was fixed for each complex. All six systems were
minimized using the 5000-step steepest descent followed by the
5000-step conjugate gradient, initially with a force constraint of
2.0 kcal mol�1 Å�2 and later without any constraint. With a
steady pressure of 1 bar and a constant volume, each system’s
temperature was regulated for 1 ns between 0 and 300 K. The
Langevin thermostat41 and Berendsen Barostat42 were used to
maintain the temperature and pressure, respectively. Two repli-
cates of 200 ns production run were carried out for each complex
at the NPT level. Using AMBER18’s Cpptraj43 module, 20 000
snapshots were created and examined altogether.

2.6. Binding free energy computation

The complexation free energy (DGbind) between receptor and
ligand was computed utilizing the renowned Poisson–Boltzmann
surface area (MM/PBSA) scheme. The MMPBSA.py tool of the
AMBER suite was used to evaluate DGbind. We have discussed the
specificities of the MMPBSA methods in earlier work.44,45

According to the mentioned equation,46 the binding free
energy has three terms: the conformational entropy term (TDS),
the solvation energy (DGsolv), and the internal energy of mole-
cular mechanics (DEinternal).

DGbind = DH � TDS = DEinternal + DGsolv � TDS (1)

Here, 5000 frames from the last 100 ns of the MD trajectory
were utilized to evaluate the free energy. The normal mode
analysis (NMA) technique was used to determine the entropy.
Only 50 frames were considered for NMA because of the high
computing expense. The respective contributions of each
amino acid to the total binding free energy were determined
using the MM-PBSA pair-wise decomposition approach.47

2.7. Production of conformational analogues

To optimize the best-selected molecule (bevantolol), 100 analogues
were generated utilizing the DeLA-Drug48 software. This imple-
ments deep learning algorithms like sampling with substitu-
tions (SWS) and a recurrent neural network (RNN). The
Schrödinger suite was used to systematically screen the gener-
ated analogues against FGFR1 in the virtual screening work-
flow, utilizing a variety of previously mentioned parameters.
Based on docking score data, 200 ns replica runs of atomistic
molecular dynamics simulations were performed on the top

two analogues (ANLG-1 and ANLG-2). Considering the confor-
mational stability and distance from the pocket, we selected
ANLG-2 for further LiGaMD simulation. The production simu-
lation was run for 4.0 ms in replicate, followed by energy
calculation using Kramer’s rate theory.

2.8. LiGaMD

When a ligand (L) attaches itself to a protein (P) in a physio-
logical condition (E), potential energy V(r) is created. This
potential energy can be estimated as follows:

V(r) = VP,b(rp) + VL,b(rL) + VE,b(rE) + VPP,nb(rp) + VLL,nb(rL) +
VEE,nb(rE) + VPL,nb(rPL) + VPE,nb(rPE) + VLE,nb(rLE)

(2)

The bound potential energies of protein P, ligand L, and
environment E are denoted by the symbols VP,b, VL,b, and VE,b,
respectively. The self-nonbonded potential energies of protein
P, ligand L, and environment E are VPP,nb, VLL,nb, and VEE,nb,
respectively. The non-bonded interaction energies of P–L, P–E,
and L–E are VPL,nb, VPE,nb, and VLE,nb, respectively. The P–L and
L–E nonbonded energies are the main mechanisms involved in
the binding and unbinding of ligands. The expression for this
interaction energy is as follows:

VL,nb(r) = VLL,nb(rL) + VPL,nb(rPL) + VLE,nb(rLE) (3)

In the LiGaMD simulation, a boost potential energy
DVL,nb(r), is introduced, which is stated as follows:

DVL;nbðrÞ ¼
1

2
kL;nb EL;nb � VL;nb rð Þ

� �2
; VL;nb rð ÞoEL;nb

0; VL;nb rð ÞoEL;nb

8><
>: ;

(4)

The harmonic constant in this case is kL,nb, while the boost
potential’s threshold energy is EL,nb. The parameters kL,nb and others
are obtained in a manner similar to that of the GaMD algorithm.22

2.9. Free energy calculations for LiGaMD simulation using
the Py reweighting method (1D- and 2D-PMF)

Given a reaction coordinate r, P*(A) represents the probability
distribution of the chosen reaction coordinates A(r). P*(A) can
be reweighted and represented as follows based on the LiGaMD
boost energies of each reaction coordinate:

P Aj

� �
¼ P� Aj

� � ebDV rð Þ� �
jPM

J¼1
ebDV rð Þ½ � j

; J ¼ 1 �M (5)

Here, M signifies the number of bins, b is equal to kBT, and
[ebDV(r)] j is the ensemble-average factor of the jth bin. The
following is a definition of the ensemble-average factor, which
is used to minimize energetic noise:

ebDV rð Þ
h i

¼ exp
X1
k¼1

bK

K !
CK

( )
(6)

The first three cumulants of (6) can be explained as:
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C1 = [DV], C2 = [DV2] � [DV]2, C3 = [DV3] � 3[DV2] [DV] + 2[DV]2,
(7)

The free energies from reweighting can be computed as:

F Aj

� �
¼ �1

b
lnP Aj

� �
(8)

The 1D and 2D reweighted PMFs and associated ligand
interaction-free energies were computed by reweighting
LiGaMD simulations using the PyReweighting toolkit.21,49

2.10. Kinetic rate constants derived through Kramer’s
rate theory

Miao et al.’ used Kramer’s’ rate theory in combination with
GaMD-related techniques to model the kinetic and thermo-
dynamic aspects of the ligand binding interaction’.21 The time
intervals and structural average of ligand-bound (tB) and
ligand-unbound (tU) states can be obtained for a suitable
sampling of ligand interaction during the simulation. The
following is the expression for the ligand binding and dissocia-
tion rate constants (kon and koff):

kon ¼
1

tB � L½ � and koff ¼
1

tU
(9)

where [L] represents the simulation system’s ligand concen-
tration. With 10 896 water molecules in the system along with
one ligand molecule, the ligand concentration was calculated to
be 5.1 mM. Initially estimating the system value guides towards
[L] calculations. The following is an expression for a chemical
reaction’s rate in the large viscosity limit:

KR ffi
WmWb

2px
e�DF=kBT (10)

Here, Wm and Wb are the estimated harmonic oscillator
frequencies close to the global energy minima, the energy
barrier x specifies the fictional rate constant, and DF signifies
the free energy difference of transversion. The fictional rate
constant x is connected to the diffusion coefficient D as x = kBT/
D. By dividing the kinetic rate computed using ‘he simulations’
transition time series by the kinetic rate computed utilizing the
probability density of the Smoluchowski equation, one may
determine the apparent diffusion coefficient D50,51 (dt = 0.00001
for kon and dt = 0.0001 for koff). The ratio of approximate
diffusion coefficients (D) is computed based on simulation
findings, and the free energy transitions of ligand binding
and unbinding are computed based on PMF profiles. The
computations are comparable for curvatures of PMF profiles
close to the energy barrier (‘‘Br’’), ligand-bound (‘‘B’’) and
unbound (‘‘U’’) low-energy wells. The original kinetic rate
constants can then be recovered by using the numbers that
were obtained in eqn (10) to compute the ligand association
and dissociation rates throughout the LiGaMD simulations.

2.11. Residual motion and structure network analyses

We created a dynamic cross-correlation map (DCCM)52 in
RStudio using the Bio3D53 package of R for analyzing the

residual correlation dynamics of the FGFR1 kinase for all the
systems. The calculations for the correlation coefficient were
done according to the atoms of the protein, and the temporal
average of the divergence of each residue was used from the
mean value over the duration of production runs. A value of 0
indicates that there is no connection between the motions of
the residues. Positive and negative values suggest correlated
and anti-correlated motions, respectively. Following that, an
FGFR1 structure-based model of the correlation motion was
created, and PyMOL was used to visualize it. Additionally, the
protein structure network (PSN)54 approach of the webPSN
v2.055 portal was used to characterize the structural commu-
nications between the kinase residues. Many aspects of a PSN
were examined and visualized using PyMOL, such as its nodes,
linkages, hubs, and communities.

3. Results and discussion
3.1. Virtual screening

The QikProp and Lipinski’s rule of five filters was used to
screen the large phytochemical dataset, and 54 624 chemicals
were passed for the subsequent HTVS docking module. 16 387
phytochemicals were processed by the HTVS module for the SP
docking protocol. Around 3278 compounds were sorted by the
SP docking programme before moving on to the precise screen-
ing of the extra precision (XP) docking programme. Then, we
selected 27 ligand molecules with a docking score cut off of
�11.0 kcal mol�1 for further analysis (Table S1, ESI†).

3.2. ADMET analysis

Using the well-known web servers ADMETlab 2.0 and the
QikProp module, we assessed their pharmacological profiles
to evaluate the likelihood of these 27 hits being produced as
human medicine in the future. The ESI,† Table provides a list
of the anticipated pharmacological characteristics. According
to Lipinski’s rule of five, all 27 hits had molecular weights
below 500 Da, a logarithm of the n-octanol/water distribution
coefficient (log p) below 5, and the number of hydrogen bond
recipients and donors below 10 and 5, respectively (Tables S1
and S2, ESI†). The logp value of 13 compounds lies in the range
of 2 to 3, while 7 compounds show a higher value of more than 4.
A calculation of the aqueous permeability (log s) to check the
cellular permeability suggested that all the compounds can move
through the cell membrane except silibinin and NPC174512. An
in vitro model of the Caco-2 (human colon adenocarcinoma) cell
line is used to predict intestinal mucosal absorption, which gives
an overview of oral absorption. Even though 11 out of the 27 hits
were in the marginally unfavourable range of Caco-2 and MDCK
(Madin–Darby canine kidney cells) permeability estimation,
others produced satisfactory results (Table S2, ESI†). Moreover,
we predicted each molecule’s toxicity profile, which is listed in
Table S3 (ESI†). It provided a variety of anticipated toxicity scores
for several tests, including AMES toxicity, hepatotoxicity, respira-
tory toxicity and hERG-blocking potency. None of the molecules
showed strong carcinogenicity and hepatotoxicity. After all the
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analysis, we considered bevantolol, 3-hydroxy glabrol, daurichro-
mene A and pawhuskin B as the hit molecules for molecular
dynamic simulation, based on their strong docking scores and
overall projected ADMET properties.

Further, these compounds were clustered by utilizing the
multidimensional scaling (MDS56) algorithm in the ChemMine57

interface based on their structural and physical similarity. A
similarity cutoff of 0.4 was used for the dissimilarity assessment.
With the help of the Tanimoto coefficient,58 a similarity matrix was
used to determine the distance matrices for each substructure
based on the shared and distinctive characteristics seen across
pairs. Lead molecules are divided into scatter plots (Fig. S4, ESI†),
and all exhibit significant differences from the FDA-approved drug
ponatinib. As a result, most investigated compounds differ struc-
turally from current medications.

3.3. Conformational stability analysis

A thorough analysis was conducted following the 200 ns
duplicate simulation run to ascertain the stability and dynamic
characteristics of the studied systems. For every backbone Ca
atom, we calculated the root mean square deviation (RMSD)
with respect to their initial configuration (Fig. S1, ESI†). Simu-
lations for every FGFR1/lead complex have shown convergence.
To learn more about the conformational variation of the overall
protein backbone, we implemented the kernel density estima-
tion (KDE) technique and illustrated the probability distribu-
tion of RMSD during the duplicate simulations (Fig. 2A).

The apo system shows a wider range of RMSD distribution
(2.1–3.7 Å) compared with the complex systems. The control
ponatinib (FDA-approved drug),59 bevantolol and pawhuskin B
complex with FGFR1 show narrow peak distribution at 2 Å, 2.5 Å,
and 2.8 Å, respectively. Bevantolol/FGFR1 shows a sharp peak with
high probability and narrow distribution (1.5–3 Å), suggesting a
single conformation with high structural stability. We also com-
puted the potential of mean force (PMF) to understand the
structural flexibility as energy functions (Fig. 2B). The apo and
daurichromeneA/FGFR1 systems show a wider free energy basin.
In contrast, others have a uniform global minimum with a smaller
shoulder peak. The energy minima of ponatinib/FGFR1 have a
range of 1.8–2.1 Å, with wider RMSD fluctuation until B3.8 Å.
A narrow free energy minimum with a shoulder peak barrier of
B1 kcal mol�1 is observed for the FGFR1/bevantolol system.
Meanwhile, FGFR1/pawhuskin B suggests multiple conforma-
tional variations isolated by an energy barrier of B0.5 kcal mol�1.

The probability density map of the radius of gyration (ROG)
in Fig. 2C depicts the structural compactness. Wider distributions
with a ROG range of 19.8 Å to 21.2 Å were visible in the apo
system. In contrast, the complex systems had a single unimodal
distribution, indicating that the structure becomes more rigid
when it is linked to the ligand. Each residue’s RMSF were
computed to study the residual variations of all the complexes.
Fig. 2D shows that the P-loop, substrate binding region, and
A-loop regions exhibit relatively higher fluctuations in all cases.
It was observed that bevantolol had lesser fluctuation while
daurichromene A showed elevated variation in the A-loop and
substrate binding regions. The variation that was observed after

ligand binding may have been caused by ligand–protein interac-
tions at different regions.

3.4. Binding pocket dynamics

We determined the FGFR1–ligand distance and represented it as a
probability density function to visualize the binding pocket
stability (Fig. 3A). The minimal distances between the ligand
and FGFR1 imply that the ligand remained in the binding pocket
of FGFR1 during the simulation. The control ligand ponatinib
showed a sharp peak at 0.5 Å with a high probability distribution,
suggesting an efficient interaction with FGFR1. The other systems
manifested a broader peak distribution in a range of B1 to 1.6 Å.
The time evolution plot conveys a similar result as the KDE plot of
ligand–protein distance (Fig. S2, ESI†). We additionally computed
the RMSD of the backbone atoms of the interaction pocket
of FGFR1, which comprises the residues in each system that are
less than the 5 Å range. From all the FGFR1/ligand complexes,
bevantolol showed a pronounced peak at 0.5 Å, with an elevated
probability distribution. Ponatinib showed two peaks at 0.5 Å and
1.5 Å, while 3-hydroxy glabrol had a widespread variation from 1 Å
to 1.5 Å, suggesting a high fluctuation of binding pocket through-
out the simulation. Pawhuskin B and daurichromene A had broad
distribution with shoulder peaks, implying multiple conforma-
tional possibilities. The time evolution of all the complexes was
converged for duplicate simulations, and similar observations
were inferred from the KDE plot (Fig. S3).

The H-bond interactions between the ligand and protein were
investigated to analyze the stability of the complex and compre-
hend the molecular interplay. Therefore, the intermolecular H-
bonds between the ligands and FGFR1 were calculated. Fig. 3C
shows the H-bond profile for each system during the simulations.
Bevantolol had the most H-bonds between the inhibitor and
FGFR1 compared to the other compounds. The average number
of H-bonds ranges from 1 to 5, such as 3-hydroxy glabrol: 4;
ponatinib: 2; pawhuskin B: 3; and daurichromene A: 2. These H-
bonds remained steady throughout the entire simulation.

Additionally, the H-bond occupancy between the ligand and
FGFR1 was computed and listed in Table S4 (ESI†) for each
complex along the trajectory. Bevantolol strongly binds to FGFR1
primarily with the residues Glu537 (from aChelix, B72.2% occu-
pancy) and Glu531 (from aChelix, B27.3% occupancy), indicating
consistent H-bonding between them. Glu568 of FGFR1 (from
Hinge, 64.5% occupancy) interacts strongly with 3-hydroxy glabrol.
Likewise, the highest number of H-bonds from the other com-
plexes include ponatinib, Glu531 (B30.8%); daurichromene A,
Asp647 (from DFG motif B51.4%); pawhuskin B, Glu568 (Hinge,
B56.1%). Overall, the strong contacts formed by the ligands at the
ATP-binding region seem to involve residues from the hinge region
and the aChelix region. Our findings demonstrated that the
phytochemical compound bevantolol and 3-hydroxy glabrol inter-
act strongly with FGFR1 through H-bonding and hydrophobic
contacts and may be useful for FGFR1-mediated therapeutics.

3.5. Binding free energy analysis

Free energy estimations combined with MD simulations are
useful for examining the strength of interactions and the
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stability of ligand binding. To comprehend the ligand interaction
strength with FGFR1, we evaluated several individual contribu-
tions of binding free energy and compared them with ponatinib
(Table 1 and Fig. S6, ESI†). The protein/ligand complexation was
influenced by electrostatic (DEelec), van der Waals (DEvdw), and
non-polar solvation free energy (DGnon-polar) interactions. The
polar solvation-free energy (DGpolar) and the entropic penalty
(TDS) oppose the complex formation. The four systems, along
with the control drug, were used to calculate the average binding
affinity.

All complexes have binding free energies that range from
�10.57 to �21.20 kcal mol�1. Our findings revealed that
human metabolite compounds had a higher binding affinity

than the FDA-approved drug ponatinib. It shows a KD value of
7.7 nm, consistent with its binding free energy.60 The HMDB
database compound bevantolol (�21.20 kcal mol�1) has the
highest binding affinity against FGFR1. The other compound,
3-hydroxy glabrol, shows a binding affinity of�18.63 kcal mol�1.
The binding energy of NPASS database compounds pawhuskin B
and daurichromene A are �12.74 and �10.57 kcal mol�1,
respectively, and are lower than the control compound.

The significant interaction between FGFR1 and bevantolol is
promoted by DEelec, DEvdw, and lowered entropy (Table 1). Our
earlier research on the FGFR1-ATP complex reveals that elec-
trostatic interactions are crucial to robust protein–ligand
bonds.45 Compared with 3-hydroxy glabrol, it seems that the

Fig. 2 (A) KDE plot of protein backbone Ca atom RMSD. (B) Energy functions representing the potential of mean force. (C) RMSF of important structural
segments of FGFR1. (D) Probability density distribution of ROG displayed for apo and complex systems.
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reduced entropy plays an important role in increasing the
binding affinity. For ponatinib, DEvdw favours complex for-
mation, although it is opposed by the high entropic value. High
polar contribution and low DEelec, DEvdw decrease the interaction
strength of pawhuskin B and daurichromene A. Overall, it
appears that bevantolol’s strong binding affinity for FGFR1 is
attributable to higher DEelec contributions than the others.

Bevantolol is a b1-adrenergic receptor antagonist primarily
used for managing hypertension and angina.61 There is a lack
of experimentation on bevantolol against FGFR1. However, a
study has explored the combined effects of nebivolol, another
b1-blocker, and FGFR inhibitors on breast cancer cells. The
study demonstrated that nebivolol synergistically increased the
sensitivity of BT-474 breast cancer cells to FGFR inhibitors like
erdafitinib and AZD4547, primarily through the down-regulation
of AKT activation.62 This suggests potential interactions between
b1-blockers and FGFR pathways. Bevantolol could aid future
therapeutic inventions against FGFR1 in cancer treatment. We

have considered these two compounds for further analysis.
We also calculated the MCS58 (Maximum Common Substruc-
ture) Tanimoto index to examine the structural similarity among
our selected drugs. Tanimoto coefficient ranges from 0 to 1: a
lower value implies less similarity, while a greater value implies
high structural similarity between molecules. We compared
bevantolol and 3-hydroxy glabrol with each other and the control
ponatinib. The overall analysis signifies structural diversity
among the selected compounds (Fig. S5, ESI†).

3.6. Per residue energy contribution

The MM/PBSA technique was used to calculate each residue’s
impact on the overall binding free energy to comprehend how
the selected compounds interact with FGFR1. The per-residue
breakdown of free energy reveals the critical residues responsible
for ligand binding. Fig. 4 shows the per residue energy contribu-
tion of FGFR1–ligand complexes with binding free energy greater

Fig. 3 Probability density function of (A) ligand protein distance and (B) binding pocket of lead molecules. (C) Hydrogen bond interaction profile of
FGFR1 with respective compounds.

Table 1 Components of each complex’s binding free energy (in kcal mol�1). The parenthesis indicates the standard error of the mean

FGFR1/ligand complex DEvdw DEelec DGpol DGnp �TDS DGbind

Ponatinib �70.98 (0.04) �26.21 (0.05) 56.56 (0.05) �6.11 (0.00) 30.30 (0.81) �16.20 (1.05)
Bevantolol �51.50 (0.05) �149.95 (0.21) 163.75 (0.16) �4.85 (0.00) 24.15 (0.98) �21.20 (0.91)
3-Hydroxy glabrol �49.72 (0.05) �27.85 (0.09) 44.50 (0.05) �4.86 (0.00) 19.30 (1.11) �18.63 (1.01)
Pawhuskin B �52.29 (0.03) �23.13 (0.06) 45.15 (0.04) �4.98 (0.00) 22.56 (0.81) �12.74 (0.97)
Daurichromene A �46.97 (0.04) �14.53 (0.06) 34.44 (0.06) �4.73 (0.00) 21.26 (1.11) �10.57 (0.93)
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than the control drug. The residues from the aChelix, A-loop,
and hinge region significantly influenced the interaction of the
specified compounds. Glu537 and Asp647 from the activation
loop region substantially impacted the interaction of bevantolol
with a strong electrostatic value (Fig. 4B and Table S7, ESI†).

In the case of ponatinib, Asp641 and Glu531 work against
complex formation, while Ile545 and Ala564 (from the Hinge
region) promote it (Fig. 4A). Asp641 shows a strong positive free
energy value supported by its high polar energy contribution
(Table S7, ESI†). 3-Hydroxy glabrol has Val498 and Leu636,
which encouraged the interaction with FGFR1 (Fig. 4C). This
outcome is consistent with bevantolol’s increased binding free
energy compared to the others. All things considered, identify-
ing the essential residues in complex formation might be
beneficial for creating effective treatments against FGFR1.

Additionally, we extended the aforementioned findings by
using Schrodinger Maestro software to analyze the final struc-
ture of each simulation. Consequently, Fig. 5 shows several
H-bonds and hydrophobic interactions of the ligand. The 3D
orientation of FGFR1/inhibitor complexes is shown in Fig. 5(A)–
(C), emphasizing the binding residues. The cyan colour repre-
sents the ligand, and the pink colour shows its neighbouring
residues in a range of 3 Å. Here, we observed that common
residues like Ile545, Glu568, and Asp641 are present in the
vicinity of the inhibitor for all the cases. A similar residual
connection was observed from the 2D profile, suggesting they
are both in sync. Dark lime-green residues indicate hydropho-
bic interactions, while a single pink arrow line indicates
hydrogen bonding. We created 2D ligand–protein interaction
profiles using Schrödinger Maestro for ponatinib and the
two FGFR1-bound leads. This interaction profile displays the
primary residues engaged in various interactions, such as polar
contributions, hydrogen bonds, and hydrophobic contacts
(Fig. 5(D)–(F)). There are nineteen hydrophobic contacts and
two H-bond interactions between Asp641 and Glu531

(Fig. 5(D)). Similarly, Ala570 and Glu568 from the hinge region
create H-bond interactions in the FGFR1/3-hydroxy glabrol
complex (Fig. 5(E)). The ligand interaction in the FGFR1/bev-
antolol complex was supported by a Glu537 and Asp647 H-bond
along with other hydrophobic interactions (Fig. 5(F)). Several
important critical residues often appeared, such as Asp641,
Glu568, Asp647, and Met541, which is consistent with their
favourable effect on binding free enthalpy. These crucial resi-
dues could help choose novel FGFR1 inhibitors.

3.7. Residual correlation motion

Using the dynamics cross-correlation matrix (DCCM) approach,
the effect of ligand binding on the kinetics of the FGFR1
residues was investigated. Consequently, a 3D structural illus-
tration of residual motions was shown. Correlated and anti-
correlated movements are shown by the red and blue lines,
respectively. Four key areas demonstrating how the residual
connection pattern varies across all systems are highlighted
(Fig. 6). In contrast to the apo structure, the FGFR1/molecule
complexes show more synchronized residual motion.

The activation segment region (641–670), denoted by R1,
exhibits varied correlation movements regarding R3. A similar
observation was obtained for R2, where 3-hydroxy glabrol
describes the strong positive movement with scattered pink
colour. The R3 region highlights the coupled mobility between
P-loop (481–491) and hinge (562–569), implying nearly identical
residual motion in all systems. However, a decline in anti-
correlation motion was seen for complex systems. The aChelix
region has contributed efficiently to the binding of ligands, as
discussed earlier (Fig. 4). This region displays elevated positive
correlation motion in ponatinib and bevantolol, in contrast
with the P-loop specified by R4. Due to their greater efficacy in
ligand binding, 3-hydroxy glabrol and bevantolol showed a
decrease in anti-correlation movement. Based on the different
degrees of linked motions of the complex structures, the DCCM

Fig. 4 Per-residue energy decomposition of (A) ponatinib, (B) bevantolol, and (C) 3-hydroxy glabrol.
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analysis shows that ligand binding stabilized the interacting
regions of FGFR1.

3.8. Protein structure network analysis

To comprehend the changes brought about by FGFR1’s com-
plexation with the lead compounds, the PSN of the complexes
and apo were examined using the webPSN v2.0 web server. The
nodes in a protein structure network represent the amino acids,
while the edges display their connections. Hubs are higher-
degree nodes, and a node’s degree is based on the number of

direct links it creates. Regions with a larger concentration of
intra-linked nodes are referred to as communities.

Fig. 7(A)–(D) shows the communities arranged by rank, and
Fig. 7(E)–(H) shows the hubs arranged by the strength of their
interactions. Detailed information on the network features is
provided in Table S4 (ESI†). Among the apo and complex
systems, the total number of hubs and communities differed
in an intriguing way. The inhibitor-bound structures for FGFR1/
ponatinib, FGFR1/3-hydroxy glabrol and FGFR1/bevantolol
have 32, 50, and 57 hubs, respectively, compared to the apo
structure’s 37 hubs. The complexes had greater stability and

Fig. 5 Protein–ligand interaction profile of FGFR1 with lead compounds. (A) and (D) Ponatinib. (B) and (E) 3-Hydroxy glabrol. (C) and (F) Bevantolol.
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robustness in the top-ranked C1 community than the others.
Following complexation, more nodes and linkages were provided
to the communities, with bevantolol showing the highest

number of nodes (298) and links within communities (146).
These compared PSN data reveal structural dynamics that could
be a key area for creating novel medicines targeting FGFR1.

Fig. 6 Correlation and anti-correlation motion of residues displayed as DCCM matrix and 3D structures for (A) apo (B) ponatinib (C) bevantolol and (D)
3-hydroxy glabrol.

Fig. 7 Protein structure network analysis of (A) and (E) apo (B) and (F) ponatinib (C) and (G) 3-hydroxy glabrol and (D) and (H) bevantolol. Community
interaction is a basic feature of residual interactions. Coloured as per the nodes in the community and hub, the most popular one is ranked in red.
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3.9. Optimization of bevantolol through structural analogues

We used the DeLA-Drug48 web server to produce one hundred
structural analogues of bevantolol, which were then assessed
against FGFR1 in a high-throughput virtual screening method.
The two best analogues (ANLG-1 and ANLG-2) demonstrated
docking scores of �11.52 and �11.21 kcal mol�1 (Table S6,
ESI†). Subsequently, these compounds were examined using a
200 ns atomistic MD simulation in a replica. Fig. 8(A)–(C)
shows the conformations of the related analogues. The time
series of the Ca backbone RMSD of complexes over the simula-
tion is displayed in Fig. 8(D). The RMSD stabilized for ANLG-2
during the simulation demonstrating the simulations’ conver-
gence. ANLG-2 has a smaller ligand protein distance, indicating
a stable interaction (Fig. 8(E)). Based on this analysis, we have
employed ANLG-2 for ligand Gaussian accelerated molecular
dynamics (LiGaMD) simulation for further understanding.

The ligand–protein distances and binding pocket RMSDs of
the replica 4000 ns LiGaMD simulation trajectories were inves-
tigated using AmberTools CPPTRAJ software. To get the 1D and
2D PMF profiles, the trajectories were reweighted utilizing the
PyReweighting method. The quantitative characterization of
ligand binding to FGFR1 was done using the 1D PMF profiles
(Fig. S7, ESI†). A unique free energy basin was obtained at a
ligand–protein distance of B2.0 Å, signifying the bound state of
ANLG-2. The ligand binding process was further explored by
analyzing the complex system’s conformational changes using
the respective 2D free energy profile (Fig. 9A).

It displayed four significant local energy minima states: one
complex bound state, one intermediate and two unbound
states. The lowest energy signifying the bound state was found
at a distance of B2 Å and a binding pocket RMSD of B1.25 Å.
The lowest PMFs for the intermediate state exhibited CM

distances of 8–10 Å and binding pocket RMSDs of 1.50–
1.75 Å. The first unbound state was obtained at a distance of
B14–16 Å and pocket RMSDs of B1.7–2.0 Å. The second
unbound state was seen at a lig-prot distance of B38–40 Å and
an RMSD range of 1.7–2.0 Å. The primary states of the 2D free
energy profiles were largely compatible with the significant
conformations of the 1D PMF when the two profiles were
compared. The key states of 2D FES provided structural details
on the unbinding and binding between the ligand and receptor.
Structural and binding mode analyses were performed on the
minimum conformations to identify the ligand binding process.

The K-means clustering method was used to identify the mini-
mum conformations from the 2D-PMF plot (Fig. 9(B)–(E)). In the
bound state, the ligand interacts with residues from the activa-
tion loop, P-loop, aC helix and aCb4 loop of FGFR1 kinase. As it
moved towards the intermediate state, the ligand slipped away
from the binding pocket. It shows a residual connection with the
aC helix and aCb4 loop (Fig. 9(C)). The unbound states display
no interaction between receptor and ANLG-2 (Fig. 9(D) and (E)).

To determine the kinetic rate constants of interaction with
FGFR1 kinase, the LiGaMD (Dual) simulations were analyzed
using Kramers’ rate theory and predicted values of 1D PMF. The
binding (kon) and dissociation (koff) rate constants for ANLG-2
were 3.1 � 0.41 � 106 M�1 s�1 and 2.3 � 0.59 � 10�2 M�1 s�1,
respectively. The dissociation binding constant (KD = koff/kon)
was 7.4 � 0.27 nM. As a type II tyrosine kinase inhibitor,
ponatinib shows an IC50 value of 1.5 nM in hematologic
cells63 and 40 nM in non-small-cell lung cancer.64 The experi-
mentally determined dissociation constant (KD) value was is 7
nM to 8 nM.26 The predicted KD value has almost similar
binding affinity as the experimental value. The predictions
were sound and offered dependable insights into the interac-
tions of ANLG-2 with FGFR1 kinase.

Fig. 8 2D structures of (A) bevantolol (B) ANLG-1 and (C) ANLG-2. Time series of (D) backbone Ca RMSD and (E) ligand–protein distance for FGFR1/
ANLG complex throughout the 200 ns simulation.
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4. Conclusion

FGFR1 is linked to numerous downstream signalling cascades
that are related to homeostasis and growth. Any imbalance can
result in a variety of illnesses, including cancer. A number of
FDA-approved medications have received approval as FGFR1
therapies. However, kinase specificity concerns and developing
resistance challenge the treatment of several ailments. In an
attempt to propose a better inhibitor against FGFR1, we per-
formed a structure-based virtual screening of 54 624 com-
pounds, taking FGFR1 as the target. Two databases, HMDB
and NPASS, have been used for this study. We conducted a
molecular docking-based screening of the small molecule
structures using the virtual screening workflow (VSW) metho-
dology of the Schrödinger suite. Then, we selected 27 lead
molecules based on a docking score cutoff of �11 kcal mol�1.
Four compounds were chosen after ADMET analysis and sub-
jected to additional study using 2 � 200 ns atomistic molecular
dynamics simulations and MM-PBSA-based free energy calcula-
tions. All the systems were stable in equilibrium throughout the
200 ns production simulation. By analysing the binding affi-
nities of selected compounds, we found two lead molecules
from the HMDB with higher free energy than the control drug
ponatinib (DG = �16 kcal mol�1). Bevantolol has the highest

binding efficacy, followed by 3-hydroxy glabrol, pawhuskin B
and daurichromene A. This MD-MMPBSA analysis showed that
electrostatic interactions are essential for the binding differ-
ences in bevantolol. Further, the hinge and aChelix region of
FGFR1 played a crucial role in protein–ligand interaction as
displayed by the per residue energy contribution and ligand
interaction profile (Fig. 4 and 5). Based on all the analysis, we
selected bevantolol for further optimization.

Using the DeLA-Drug web server, 100 analogues of bevanto-
lol were generated and assessed through the HTVS method of
the Schrödinger suite. The top two compounds with high
docking scores then underwent 2 � 200 ns MD simulation.
Further, we selected ANLG-2 for LiGaMD (Dual) simulation
based on the trajectory analysis. The bound, intermediate and
unbound states were identified from the 2D-free energy plot.
Using Kramer’s rate theory, we computed the kinetic rate
constant of receptor–ligand interactions. The KD value was
7.4 nM, which agrees with the experimental KD value of the
control drug ponatinib. Overall, this study provides valuable
insights into the kinetics of FGFR1–ligand interactions and
highlights bevantolol along with its two analogues. ANLG-2 can
be presented as a potential drug candidate for FGFR1 thera-
peutic intervention.
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Data availability

The authors confirm that the data supporting the findings of
this study are available within the article and its ESI.† Two
databases, namely, NPASS (https://bidd.group/NPASS/) and
HMDB (https://hmdb.ca), were used for this study. Virtual
screening and molecular docking data were obtained using
Schrödinger (https://www.schrodinger.com/). The ADMET ana-
lysis was performed with the ADMETlab 2.0 server (https://
admetmesh.scbdd.com). The conventional molecular dynamics
simulation data were obtained using AMBER18, a licensed
software for both academic and commercial use. It can be
purchased on the https://ambermd.org website. The DeLA-Drug
server was used to generate structural analogues (https://www.
ba.ic.cnr.it/softwareic/deladrugportal/). The ligand Gaussian
accelerated molecular dynamics (LiGaMD) data were obtained
using the AMBER20 software. The GaMD reweighting
was carried out with a toolkit of Python scripts generated by
the Miao lab, which is freely available at https://www.med.unc.
edu/pharm/miaolab/resources/pyreweighting/. Post-simulation

Fig. 9 (A) 2D free energy profile of FGFR1/ANLG-2 complex with reaction
coordinates of RMSD_binding pocket and ligand–protein distance. The
representative structures from the lower energy minima were extracted
using the K-means clustering method. The significant states were (B) bound
state, (C) intermediate state, (D) unbound state-I, and (E) unbound state-II.
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analyses were performed using the cpptraj module associated
with the AMBER18 and AmberTools19 packages. The Amber-
Tools19 package used can be accessed freely upon registration
at https://ambermd.org/GetAmber.php#ambertools, and its
components are mostly released under the GNU General Public
License (GPL). The in-house scripts for plotting were developed
using Python3, and they are freely available at https://www.
python.org/downloads. Various Python3 modules were used,
such as Pandas, NumPy, Scipy, and Matplotlib. The molecular
visualization software UCSF Chimera version 1.15 was used to
analyze the structure of the protein. Chimera is available to
non-commercial users under a distribution-specific license
(https://www.cgl.ucsf.edu/chimera/). For protein structure net-
work (PSN) analysis, the webPSN server was used, which is
available free at https://webpsn.hpc.unimo.it/wpsn3.php.
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