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Importance of protein flexibility in molecular
recognition: a case study on Type-I1/2 inhibitors
of ALK†

Xiaotian Kong,ab Huiyong Sun, a Peichen Pan,a Feng Zhu,a Shan Chang,c Lei Xu,c

Youyong Li b and Tingjun Hou *ab

Anaplastic lymphoma kinase (ALK) has been regarded as a promising target for the therapy of various

cancers. A large number of ALK inhibitors with diverse scaffolds have been discovered, and most of

them belong to Type-I inhibitors that only occupy the ATP-binding pocket. Recently, we reported a

series of novel and potent Type-I1/2 inhibitors of ALK with the 1-purine-3-piperidinecarboxamide

scaffold, which can bind to both the ATP-binding site of ALK and the adjacent hydrophobic allosteric

pocket. In this study, the binding mechanisms of these Type-I1/2 ALK inhibitors were elucidated by

multiple molecular modeling techniques. The calculation results demonstrate that the ensemble docking

based on multiple protein structures and the MM/PB(GB)SA calculations based on molecular dynamics

(MD) simulations yield better predictions than conventional rigid receptor docking (Glide, Surflex-Dock,

and Autodock Vina), highlighting the importance of incorporating receptor flexibility in the predictions of

binding poses and binding affinities of Type-I1/2 ALK inhibitors. Furthermore, the umbrella sampling (US)

simulations and MM/GBSA binding free energy decomposition analyses indicate that Leu1122, Leu1198,

Gly1202 and Glu1210 in the hinge region and Glu1197, Ile1171, Phe1174, Ile1179, His1247, Ile1268,

Asp1270 and Phe1271 in the allosteric pocket of ALK are the key residues for determining the relative

binding strength of the studied inhibitors. Besides, we found that the most potent inhibitor (001-017)

tends to form stronger transient interactions with residues along the dissociation channel due to the

high electronegativity of its bulky 4-(trifluoromethoxy) phenylamine tail. As a whole, both the stronger

binding affinity and the higher energetic barrier (which may prolong the drug-target residence time) of

001-017 contribute to its excellent anti-proliferation activity against ALK-positive cancer cells.

Introduction

Anaplastic lymphoma kinase (ALK), a receptor tyrosine kinase
(RTK) of the insulin receptor (IR) superfamily,1 is recognized as
an important therapeutic target for the treatment of non-small
cell lung cancer (NSCLC) with EML4-ALK fusion proteins
occurring in nearly 3–7% of NSCLC patients.2 As the first-
generation ALK inhibitor, Crizotinib was approved by the Food
and Drug Administration (FDA) in 2011 for the treatment
of advanced NSCLC harboring ALK rearrangements.3,4 Unfor-
tunately, the success of Crizotinib in ALK+ NSCLC was rapidly
overshadowed by the emergence of drug resistance caused by
the point mutations in the kinase domain, such as L1196M,
C1156Y and G1269A/S in both full length ALK and EML4-ALK,
as well as the later identified L1152R, I1171T/N/S, F1174V/L/C,
G1202R, D1203N, S1206Y, V1180L and 1151T-ins.5–8 Then, two
second-generation inhibitors, including Ceritinib and Alectinib,
were approved by the FDA in 2014 and 2015, respectively, for the
treatment of ALK+ metastatic NSCLC patients who experience
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disease progression or who are resistant to Crizotinib.9 On April
28, 2017, the FDA granted the accelerated approval to Brigatinib
(Alunbrig), which is also classified as a second-generation
inhibitor. In addition, a number of ALK inhibitors have been
pushed into clinical trials, including Entrectinib (phase II),
Lorlatinib (phase II), X-396 (phase I/II), ASP3026 (phase I), and
CEP-37440 (phase I).9

All of the ALK drugs and drug candidates in ongoing clinical
trials are Type-I inhibitors that bind with the ATP-binding
pocket in the active state (referred to as the DFG-in state), and
they are quite sensitive to the resistant mutations surrounding
the ATP pocket (e.g. L1196M, G1202R, G1269A, and S1206Y).
Recently, other kinds of ALK inhibitors, called Type-I1/2 inhibitors,
have been reported, and they can not only bind at the ATP-binding
site as Type-I inhibitors (Fig. 1A) but can also extend into the back
hydrophobic pocket adjacent to the ATP-binding site, which can
induce a unique DFG-shifted loop conformation (Fig. 1B).10 It has
been reported that Type-I1/2 and Type-II inhibitors are more
selective and exhibit better capability to combat drug resistance
than Type-I inhibitors.11–13 Moreover, they generally exhibit lower
dissociation rate constants (koff) and prolonged residence time
than Type-I inhibitors, which might enhance their efficacy both
in vitro and in vivo.14,15 To date, only several Type-II or Type-I1/2
inhibitors of ALK have been reported, and their inhibitory activity
is generally weak.16,17

In our previous study, a series of Type-I1/2 inhibitors of ALK
with the 1-purine-3-piperidinecarboxamide scaffold have been
reported, and several of them, such as compound 001-017, even
exhibit unparallel inhibitory activity against ALK (001-017:
IC50 = 0.27 nM) and better anti-proliferation activity against
NCI-H2228, NCI-H3122, and Karpas-299 cell lines than two
clinically used drugs, Crizotinib and Ceritinib (Table S1 and
Fig. S1 in the ESI†).10 It is noteworthy that compound 001-017
can also effectively inhibit several resistant ALK mutants
(e.g. L1196M, C1156Y, R1275Q and F1174L), which are intolerant
to Crizotinib and Ceritinib. Compound 001-017, to our knowledge,
is the most potent Type-I1/2 inhibitor of ALK reported so far.
In this study, in order to gain reliable structural information
to guide the optimization of these Type-I1/2 inhibitors, multiple
molecular modeling techniques were used to elucidate their
binding mechanisms. First, conventional docking calculations
were carried out to predict the protein–ligand binding structures
and binding affinities. Unfortunately, conventional docking
did not afford satisfactory predictions due to the ignorance of

protein flexibility and essential water molecules. Then, in order
to incorporate the conformational changes of the target into the
ligand-binding process, the ensemble docking and MM/GBSA
calculations based on molecular dynamics (MD) simulations
were subsequently utilized to mimic the ‘‘conformational
selection’’ and ‘‘induced-fit’’ phenomena in protein–ligand
recognition. Moreover, the enhanced sampling technique,
umbrella sampling (US), was used to reveal the possible obstacles
and transient conformations along the unbinding pathways of
the ligands, and the essential residues surrounding the binding
pocket were quantitatively highlighted by per-residue free energy
decomposition. It is expected that our results can guide further
design of novel Type-I1/2 ALK inhibitors with improved binding
affinity and pharmacokinetics.

Materials and methods
Generation of a representative conformational ensemble

The crystal structure of piperidine carboxamide inhibitor 2
in complex with ALK (PDB entry: 4FNZ,18 Fig. 2A) was used as
the initial structure for MD simulations. The missing regions,
including the G-loop and A-loop, were reconstructed using the
loop module in SYBYL-X2.1 package (Tripos Associates, St Louis,
MO, USA).

The protein and the ligand were parameterized using the
Amber ff14SB force field19 and the general Amber force field
(gaff),20 respectively. The electrostatic potential of the ligand
was calculated at the Hartree–Fock (HF) SCF/6-31* level of
theory using the Gaussian 09 package21 and the atomic charges
were subsequently fitted by using the restrained electrostatic
potential (RESP) technology22 in the antechamber module23

of Amber14.24 Then, the complex was immersed into a cubic
TIP3P water box25 extended 10 Å from any solute atom, and
4 Na+ were added to neutralize the unbalanced charge of the
system. For both molecular mechanics (MM) minimization and
MD simulations, the long-range electrostatics was handled
using the particle mesh Ewald (PME) algorithm,26 and the
non-bonded cutoff for the real-space interactions was set to
10 Å.27 Prior to MD simulations, the system was optimized
by the following four steps: (1) 5000 steps of minimization
(1000 cycles of steepest descent and 4000 cycles of conjugate
gradient) with all the heavy atoms restrained at 5 kcal mol�1 Å�2,
(2) 5000 steps of minimization (1000 cycles of steepest descent and

Fig. 1 The binding modes of (A) Type-I (PDB entry: 4MCK), (B) Type-I1/2 (PDB entry: 4FNZ), and (C) Type-II (PDB entry: 5IUG) inhibitors of ALK.
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4000 cycles of conjugate gradient) with the protein and the ligand
restrained at 5 kcal mol�1 Å�2, (3) 5000 steps of minimization
(1000 cycles of steepest descent and 4000 cycles of conjugate
gradient) with the backbone heavy atoms of the protein restrained
at 5 kcal mol�1 Å�2, (4) 10000 steps of minimization (5000 cycles of
steepest descent and 5000 cycles of conjugate gradient) without any
restrain.

Subsequently, MD simulations were performed for the system.
The SHAKE algorithm28 was used to restrain the covalent bonds
between heavy atoms and hydrogen atoms. The time step was set
to 2.0 fs. The system was heated from 0 to 310 K within 50 ps
under the restraint of 2 kcal mol�1 Å�2. Then, the system was
equilibrated for another 50 ps in an NPT ensemble (T = 310 K
and P = 1 atm). Finally, a 50 ns run was carried out in the NPT
ensemble using the pmemd.cuda module in Amber14. The coor-
dinates were saved with an interval of 10 ps.

Eventually, 200 conformations were evenly extracted from
the 50 ns MD trajectory (Fig. 2B), and 10 representative structures
for ensemble docking were chosen using the k-means clustering
algorithm29 based on the pairwise root-mean-square displace-
ments (RMSDs) between any two of the extracted structures30,31

(Fig. 2C and D).

Molecular docking by different protocols

The 32 inhibitors shown in Table S1 (ESI†) reported by our group10

were designed based on piperidine carboxamides, which were
reported as the Type-I1/2 inhibitors of ALK.16 Then, based on
the crystal structure of ALK complexed with piperidine carbox-
amide 2 (PDB ID: 4FNZ18), various molecular docking methods
were used to predict the binding structures of the studied
inhibitors at the active site of ALK, including Glide docking,
Glide docking with Prime-MM/GBSA rescoring (Prime-MM/GBSA-
rigid), Autodock Vina docking, Surflex-Dock docking, induced-fit

docking (IFD), and induced-fit docking with Prime-MM/GBSA
rescoring (Prime-MM/GBSA-flexible).

Glide docking and Prime-MM/GBSA rescoring. The protein
and inhibitors were prepared using the Protein Preparation
Wizard and ligprepmodules32 in Schrodinger 2016, respectively.
The inhibitors were docked into the active site of ALK by rigid-
receptor docking (RRD) using the extra precision (XP) scoring
mode implemented in the Glide module33 of Schrodinger
(Schrödinger, LLC, New York, NY, USA). The docking box was
set to 20 Å � 20 Å � 20 Å with the center located at the center of
mass of the co-crystallized ligand of 4FNZ. Then, MM/GBSA in
the Prime module in Schrodinger was used to rescore the
binding poses generated by Glide. Because the RRD algorithm
implemented in Glide was employed, the Prime-MM/GBSA
rescoring procedure was termed as ‘‘rigid’’ to distinguish it from
the following flexible rescoring for the induced-fit docking.

AutoDock Vina docking. The AutoGrid and AutoDock proce-
dures were used to conduct the grid point energy calculations
of the receptor and the binding pose scoring of the ligands,
respectively.34 The binding conformations of the ligands were
optimized using the Lamarckian Genetic Algorithm (LGA),35

where the initial population size for each ligand was set to
2 500 000 and the searching box was set to 24 Å � 22 Å � 20 Å.

Surflex-Dock docking. Surflex-Dock supported using the Protomol36

module of SYBYL-X2.1 was utilized to predict the binding poses of
the inhibitors, where all the inhibitors were minimized using the
Powell module with the standard Tripos force field.37

Induced-fit docking and Prime-MM/GBSA rescoring. The
induced-fit docking (IFD)38 was also conducted, where the residues
within 6 Å away from each inhibitor were relaxed using the Prime
module in Schrodinger. Then, MM/GBSA in the Prime module
in Schrodinger was used to rescore the binding poses generated
by IFD.

Fig. 2 Generation of representative conformational ensembles.

PCCP Paper

Pu
bl

ish
ed

 o
n 

16
 Ja

nu
ar

y 
20

18
. D

ow
nl

oa
de

d 
by

 Z
he

jia
ng

 U
ni

ve
rs

ity
 o

n 
4/

24
/2

02
0 

3:
05

:1
8 

PM
. 

View Article Online



4854 | Phys. Chem. Chem. Phys., 2018, 20, 4851--4863 This journal is© the Owner Societies 2018

Ensemble docking. In the ensemble docking, by using the
6 docking and rescoring methods, including Glide docking,
Glide docking with Prime-MM/GBSA rescoring, Autodock Vina
docking, Surflex-Dock docking, IFD, and IFD with Prime-MM/
GBSA rescoring, the 32 inhibitors were successively docked into
the 10 representative structures generated from the 50 ns MD
trajectory, and the best scored pose for each ligand was saved
for the further analyses (Fig. 2D).

End-point binding free energy calculation based on the
classical MM/GB(PB)SA and water-MM/GBSA

The binding poses predicted by Glide were used as the starting
structures for the following 5 ns NPT MD simulations. The
parameters of the MM minimizations and MD simulations
for each system can be found in the section of ‘‘Generation
of Representative Conformational Ensemble’’. During the MD
simulations, the coordinates of each system were saved with
an interval of 10 ps.

The classical Molecular Mechanics/Generalized Born Surface
Area (MM/GBSA) and Molecular Mechanics/Poisson Boltzmann
Surface Area (MM/PBSA) approaches in Amber14 were used
to estimate the ligand-target binding free energies (DGbind,
eqn (1)–(4)).39–46

DGbind = Gcom � (Grec + Glig) (1)

DGbind = DH � TDS E DEMM + DGsol � TDS (2)

DEMM = DEint + DEele + DEvdW (3)

DGsol = DGGB/PB + DGSA (4)

where DEint (intra-molecular interactions, including bond, angle,
and dihedral energies) in eqn (3) can be completely canceled
because the single trajectory strategy was used for the MM/GBSA
and MM/PBSA calculations.47 Thus, the MM energy (DEMM) only
contains the van der Waals (DEvdW) and electrostatic (DEele)
interactions. The non-polar part of the solvation free energy (DGSA)
was calculated by the solvent-accessible surface area (SASA)
through the LCPO algorithm: DGSA = g � SASA + b,48,49 where
the surface tension constants g and b were set to 0.0072 and 0,
respectively. The polar part of the solvation energy (DGGB or DGPB)
in the MM/GBSA or MM/PBSA calculations was estimated using
the GBmodel proposed by Onufriev et al.48 (GBOBC1, igb = 2) or the
PB model optimized by Tan et al.50 (PBpbsa), respectively. The
interior and exterior dielectric constants were set to 1 and 80,
respectively. The DEvdW, DEele, DGGB/PB and DGSA terms were
computed based on the last 400 snapshots extracted from the
1–5 ns MD trajectories. However, due to the high computational
cost of normalmode analysis (NMA), 32 snapshots evenly extracted
from the 1–5 ns MD trajectories (Fig. S2, ESI†) were used
to calculate the conformational entropies using the nmode module
in Amber14.24 The occupancy of H-bonds was calculated using the
HBonds Plugin in Visual Molecular Dynamics (VMD)51 software and
the cutoffs for the donor–acceptor distance and angle cutoff were set
to 3.0 Å and 20 degrees, respectively.

The water-MM/GBSA protocol52 was employed to explicitly
deal with the effects of the essential water molecules that

mediate protein–ligand interactions on the MM/GBSA calculations.
As shown in eqn (5), the essential watermolecules are treated as the
component of the protein.

DGbind = Gcom+wat � (Grec+wat + Glig) (5)

Here, the water molecules whose O atoms locate within 3.5 Å
of both the protein and the ligand are considered in the water-
MM/GBSA calculations. All the other parameters are the same
as those mentioned in the classical MM/GBSA calculations.

Umbrella sampling simulations

As widely recognized, many biological phenomena, such as
protein–ligand recognition, probably require microseconds or
an even longer timescale, which are difficult to be simulated
using conventional all-atom MD simulations because of the
limited simulation timescale.53,54 Enhanced sampling methods,
such as umbrella sampling (US), have been developed to over-
come the limitations of computational resources for many long
timescale problems.55–57 Here, to construct the reaction coordi-
nate (RC) for the US simulations, the direction along the ATP
binding pocket determined using Caver 2.058 was used as the
dissociation channel. In the ALK/001-007 system, the reaction
coordinate (RC) along the ATP channel is the distance between
the carbon atom (CB) of Ile79 in the receptor and the nitrogen
atom (N4) of 001-007 (ALK/001-013: carbon atom (CB) of Ile78,
carbon atom (C12) of 001-013; ALK/001-017: carbon atom (CB) of
Ile78, carbon atom (C9) of 001-017; ALK/002-012: carbon atom
(CB) of Ile78, carbon atom (C12) of 002-012; ALK/002-016: carbon
atom (CG1) of Ile78, nitrogen atom (N7) of 002-016; Fig. S3, ESI†).
The harmonic potential added in window i was calculated by
ui = 1/2ki(rcurrentposition � rinitial position)

2, where ki represents the
elastic constant of the restraint potential (5 kcal mol Å�2). The US
simulations were carried out for 41 continuous windows with
each 0.5 Å in length, leading to 20 Å away from the original
position. Besides, in order to achieve convergence, 5 ns US
simulations were executed for each window. Finally, the biased
distribution of the samples in each window was reconstructed
and combined to a normal one using the weighted histogram
analysis method (WHAM),59 which was used for the calculation of
the potential of mean force (PMF).

Results and discussion
Assessing molecular docking tools for binding affinity
prediction

As shown in previous studies, there are no universal computa-
tional methods that can achieve accurate predictions for all
protein–inhibitor systems; that is to say, system dependence
is prevailing in computational science.60–62 Therefore, in our
case, various docking techniques were evaluated. According to
the Pearson’s correlation coefficients (R) between the docking
scores and the experimental data (pIC50) shown in Fig. 3, Glide
and Glide with Prime-MM/GBSA rescoring exhibit relatively
better prediction capability than Autodock Vina and Surflex-Dock
(R: 0.52 and 0.51 versus 0.41 and 0.17). Besides, IFD performs
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Fig. 3 Correlations between the docking scores and the experimental pIC50.

Fig. 4 Pearson correlation coefficients between the experimental pIC50 and (A) the docking results for each ALK conformer, or (B and C) the average
docking scores of ensemble docking.

Fig. 5 Pearson correlation coefficients between the experimental pIC50 and the binding free energies calculated by (A) classical MM/GBSA (dark red),
MM/PBSA (red) and water-MM/GBSA (green), or (B) MM/GBSA combined with entropic contribution (TDS).
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worse than the rigid-receptor docking (R: 0.48 and 0.52), which
may be inconsistent with the commonly accepted knowledge that
incorporating protein flexibility can improve the prediction accu-
racy of molecular docking. Here we only incorporated the con-
formational change of the side chains of a limited set of residues
into flexible docking (residues within 6 Å radius of the ligand, that
is, a too simplified method), and it may inevitably introduce
inappropriate and/or insufficient dynamics or fluctuations that
will impair the accuracy of molecular docking. Therefore, our

results imply that traditional docking methodologies have limited
capability to correctly incorporate protein flexibility in the binding
of Type-I1/2 ALK inhibitors.

Behaviors of ‘‘conformational selection’’ and ‘‘induced-fit’’
models in molecular recognition

Docking into the MD ensemble. Protein flexibility
(conformational change) involved in the selective binding of a
ligand can be explained by conformational selection theory

Fig. 6 Dissociation process of 001-007 from the binding site of ALK along the ATP channel (panel A–F) and the corresponding PMF curve (panel G).
The initial crystal structure and inhibitor–residue interaction spectra of the ALK/001-007 complex are illustrated in panels A and H, respectively.

Table 1 Binding free energies and individual energy components of several representative ALK inhibitors predicted by MM/GBSA and US (kcal mol�1)

Name 001-007 001-013 001-017 002-012 002-016

DEele
a �32.1 � 0.84 �118.6 � 6.29 �110.15 � 5.99 �119.01 � 4.81 �93.19 � 3.78

DEvdW
b �63.0 � 0.26 �60.1 � 0.50 �66.46 � 0.48 �62.53 � 0.28 �53.31 � 0.43

DGGB
c 48.3 � 0.48 132.5 � 5.63 126.01 � 5.27 133.90 � 5.24 106.59 � 4.79

DGSA
d �5.5 � 0.05 �5.3 � 0.03 �5.7 � 0.007 �5.1 � 0.05 �4.3 � 0.10

DEnon-polar
e �68.5 � 0.32 �65.4 � 0.53 �72.1 � 0.47 �67.7 � 0.33 �57.6 � 0.53

DEpolar
f 16.2 � 0.35 13.8 � 0.66 15.9 � 0.72 14.9 � 0.42 13.4 � 1.01

DGbind
g �52.3 � 0.03 �51.6 � 1.19 �56.3 � 0.25 �52.8 � 0.09 �44.2 � 0.47

DGoff
h 9.5 � 0.13 12.5 � 0.08 15.6 � 0.29 9.0 � 0.18 1.9 � 0.04

DWPMF
i 11.4 � 0.29 13.3 � 0.12 16.5 � 0.22 12.5 � 0.08 6.4 � 0.26

pIC50 �6.83 �7.42 �9.57 �6.54 �5.72
R(DEnon-polar) 0.79 R(DEpolar) 0.53
R(DGbind) 0.82 R(DWPMF) 0.90

a Electrostatic interaction. b van der Waals interaction. c Polar contribution of the solvation effect. d Non-polar contribution of the solvation effect.
e Non-polar interaction. f Polar interaction. g Binding free energy. The standard deviations were estimated based on five blocks. h Activation free
energy of dissociation. The standard deviations were estimated from the PMF values of the last 3–5 ns US simulations. i PMF depth determined by
the last 3–5 ns US simulations.
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(population-shift mechanism),63–67 and a feasible strategy to
account for protein flexibility in molecular docking may be the
use of multiple structures or conformational ensembles derived
from MD simulations.68,69 Here, 10 representative structures
extracted from the 50 ns MD trajectory (Fig. 2) were used for the
docking of the 32 Type-I1/2 ALK inhibitors listed in Table S1
(ESI†). As shown in Fig. 4A, several ensemble members yield
better performance than the reference crystal structure (such as
Glide: R100 = 0.56, R325 = 0.62, R950 = 0.62, R2450 = 0.69, R3150 =
0.67 versus Rreference = 0.52; Prime-MM/GBSA-rigid: R325 = 0.57,
R950 = 0.74, R2150 = 0.65, R2450 = 0.67, R3150 = 0.76 versus Rreference =
0.51; Autodock Vina: R100 = 0.45, R325 = 0.46, R3150 = 0.51
versus Rreference = 0.41; Surflex-Dock: R100 = 0.35, R950 = 0.50,
R1325 = 0.46, R2450 = 0.27, R3150 = 0.40, R3600 = 0.42, R4275 = 0.39,
R4750 = 0.44 versus Rreference = 0.17), which, to a large extent,
might benefit from their preferable geometries to form better
energetic complementarity with the bound partners. An alter-
native explanation would be that the well-behaved conformers
might favor the formation of the initial contacts with the
ligands by some specific residues. Meanwhile, when unfavor-
able protein structures are employed, the docking methods may
fail to produce the correct binding orientation of the ligands
because the crucial ligand binding regions might have been
occupied by the disturbed residues of the protein. In addition,
the Ca-RMSDs between the active pocket of each conformer and
the reference were calculated (Fig. 2D), where we found that

the MD simulations have introduced small-scale structural
disturbance (backbone and side-chain fluctuations) to the
structure ensemble (0.7–2.5 Å), and the success rate of docking
for a conformer has no apparent correlation with its similarity
to the reference bound state. Considering the one-sidedness of
using a single conformer to describe the realistic binding feature,
all the docking scores generated by different conformers were
averaged to get a mean ensemble docking score. As shown in
Fig. 4B and C, the ensemble docking scores have much higher
correlations (Glide: R = 0.72; Prime-MM/GBSA-rigid: R = 0.74) with
the experimental data than those based on the crystal structure.
Overall, the above analyses demonstrate that the molecular
docking based on a validated conformational ensemble could
be utilized to improve the prediction accuracy of the docking
based on a single crystal structure.

Incorporating flexibility and solvent effect in molecular
recognition. Apart from the ‘‘conformational selection’’, an
alternative approach to mimic the binding mechanism of a
ligand is the ‘‘induced-fit’’ process,70 where the flexibility can
be introduced explicitly by MD simulations to imitate sidechain
and/or backbone fluctuations.62,71,72 Herein, MD simulations
were launched to incorporate the induced-fit effect into protein–
ligand recognition. The initial structures were generated from the
above Glide docking because of its relatively better performance
among the investigated docking methods. As shown in Fig. S2
(ESI†), the RMSDs of the representative inhibitor–ALK complexes

Fig. 7 Dissociation process of 001-013 from the binding site of ALK kinase along the ATP channel (panel A–F) and the corresponding PMF curve
(panel G). The initial crystal structure and inhibitor–residue interaction spectra of the ALK/001-013 complex are illustrated in panels A and H, respectively.
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(001-007, 001-013, 001-017, 002-012 and 002-016) (Fig. S2A, ESI†),
as well as the binding site and the bound inhibitors (Fig. S2B,
ESI†), achieve stability after B1 ns MD simulation. Moreover,
the root-mean-square fluctuations (RMSFs) versus per residue of
the selected systems are illustrated in Fig. S3 (ESI†), where we can
observe that the RMSF distributions and the trends of the fluctua-
tions are roughly consistent with each other, implying that the
results are suitable for further analyses.

Then the binding free energies of all the inhibitor–ALK
systems were predicted using the MM/GBSA and MM/PBSA
methods based on the 400 snapshots derived from the last
4 ns MD trajectories. It can be observed from Fig. 5A that
MM/PBSA performs relatively better than MM/GBSA (R = 0.71
versus R = 0.67). Obviously, the MD-based MM/PBSA and
MM/GBSA calculations exhibit advantages in predicting the
binding affinities of the Type-I1/2 inhibitors of ALK over rigid
receptor docking. Besides, although previous studies indicated
that the changes in vibrational, translational, and rotational
entropies are closely associated with protein–ligand interactions,
but unfortunately, the inclusion of entropic contributions in our
case cannot improve the accuracy of the binding free energy
calculation (R = 0.50, Fig. 5B). Moreover, the limited improvement
of incorporating explicit water into MM/GBSA compared with
classical MM/GBSA (R = 0.69 versus R = 0.67) indicates that dealing
with the essential water molecules is still a big issue in MM/GBSA
and MM/PBSA calculations (Fig. 5A). The failure of the above

attempts may attribute to the fact that the inclusion of more
contributions to energy calculations may bring additional noise
into binding pose prediction and binding affinity estimation.
To sum up, MD simulations can indeed improve the prediction
accuracy of molecular recognition by providing structural flexi-
bility, and we should also put emphasis on avoiding the undesir-
able fluctuations and unfavorable contributions to the end-point
binding free energy calculations.

Binding mechanism described by a combined molecular
modeling strategy

Although none of the above mentioned methods yielded satis-
factory prediction accuracy (such as R 4 0.8), the MD-based
MM/PBSA or MM/GBSA calculation and ensemble docking are
sufficient to distinguish the tight-binding inhibitors from the
loose-binding ones for the ALK system (Fig. 4 and 5). Moreover,
we can observe that the non-polar parts exhibit higher linear
correlations with the experimental data (DEvdW: R = 0.71, DGSA:
R = 0.72) than the polar parts (DEele: R = 0.06, DGGB: R = 0.06)
(Fig. S5, ESI†), suggesting that the non-polar contributions are
the determinant factors for the binding of these Type-I1/2
inhibitors.

Considering the relatively short timescale and limited sampling
capacity of MD simulations, the US simulations (41 � 5 ns =
205 ns) and the MD-based (4 ns) free energy decompositions were
combined to investigate the binding mechanisms of the studied

Fig. 8 Dissociation process of 001-017 from the binding site of ALK kinase along the ATP channel (panel A–F) and the corresponding PMF curve (panel G). The
initial crystal structure and inhibitor–residue interaction spectra of the ALK/001-017 complex are illustrated in panels A and H, respectively.
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ALK inhibitors. Because of the high computational cost, only
several representative inhibitors (001-007, 001-013, 001-017, 002-
012, and 002-016) were used for the investigation. As shown in
Fig. S4 (ESI†), the systems converged after B2 ns US simulation
(2–3, 3–4, and 4–5 ns), and thus the PMF curves were depicted
based on the last 3 ns US samples (3–5 ns). As illustrated in
Table 1, the predicted binding affinities (PMF depth, DWPMF and
DGbind) exhibit good consistency with the experimental data
(R(DWPMF) = 0.90, R(DGbind) = 0.82). Furthermore, previous studies
suggest that a larger activation energy of dissociation (DGoff)
corresponds to a prolonged residence time: DGoff p ln(1/koff),
where 1/koff represents the residence time.56,73,74 It can be found in
Fig. 6G–10G that a large barrier located atB9.8 Å of the RC in the

001-017 system, which may significantly lengthen the residence
time with the DGoff of B15.6 kcal mol�1, much larger than those
in the systems of 001-007, 001-013, 002-012, and 002-016 (9.5, 12.5,
9.0, and 1.9 kcal mol�1, respectively, Table 1), and further confirms
001-017 as a more potential ALK inhibitor.

Comparison of reaction coordinates with inhibitors sharing
R1 modifications. As we can see from Fig. 6G–8G, the increasing
trend of the PMF curves of 001-007, 001-013 and 001-017 is similar
while the energy profile of 001-017 is relatively higher than those
of the other two systems (DWPMF), suggesting that 001-017 needs
to overcome more obstacles before escaping from the binding
pocket (namely, exhibiting a longer residence time). With the
increase of the biasing potentials on 001-007, 001-013 and 001-017,

Table 2 Hydrogen bond analysis extracted from the MD trajectories

Donor Acceptor 001-007 (%)a 001-013 (%) 001-017 (%)a 002-012 (%)a 002-016 (%)a

Met1199-NH Ligand-N1 (65.0 � 8.87) (68.6 � 2.59) (70.0 � 7.56) (70.8 � 3.20) (73.0 � 3.67)
Ligand-NH Met1199-CO (64.4 � 14.22) (54.4 � 11.62) (65.6 � 4.21) (61.0 � 9.60) (54.6 � 6.16)
Lys1150-NH Ligand-CO (30.2 � 7.75) (24.0 � 13.46) (34.2 � 10.70) (26.2 � 2.48) (58.0 � 7.36)
Ligand-NH Gly1269-CO (63.4 � 1.78) (69.6 � 2.06) (68.4 � 11.96) (69.0 � 6.40) (7.4 � 7.12)
Ligand-NH Glu1197-CO (6.8 � 2.34) (19.8 � 3.76) (19.0 � 4.54) (10.6 � 2.48) (13.0 � 2.34)

a The occupancy of the Hbonds were calculated based on the 101–500 frames from MD trajectories by VMD software, and the uncertainties were

defined by s ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1

Xi � �Xð Þ2

n� 1

vuut
(101–200, 201–300, 301–400, and 401–500).

Fig. 9 Dissociation process of 002-012 from the binding site of ALK kinase along the ATP channel (panel A–F) and the corresponding PMF curve (panel G).
The initial crystal structure and inhibitor–residue interaction spectra of the ALK/002-012 complex are illustrated in panels A and H, respectively.
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the hydrogen bonds between the carboxamide carbonyl (–CO)
group and the sidechain (–NH2) of Lys1150 vanish quickly in the
three systems (Fig. 6B–8B). Subsequently, the ligands continue to
move horizontally along the pocket channel, accompanied by the
attenuation of the original interactions (residues both in the
allosteric and ATP pockets) and the formation of new interactions,
such as the p–p interaction between the phenyl ring of the
ligands and Asp1270. Under a biasing potential (PMF curve) of
B5 kcal mol�1, the amide NH of 001-007 loses the hydrogen
interaction with the backbone carbonyl of Gly1269 at B2.5 Å of
the RC (Fig. 6B), and both 001-017 and 001-013 get rid of this
constraint at B4 Å and B3.5 Å of the RCs, respectively, with a
PMF value of B9 kcal mol�1 (Fig. 8C and 7C). Then, when the
biasing potential reaches B11 kcal mol�1 in the PMF curve,
other two H-bonding interactions in the 001-017 and 001-013
systems formed by N1 of the aminopyrimidine ring in Met1199
and NH of the imidazole ring of the ligands are disrupted
(Fig. 8D and 7D). As for the 001-007 system, these two H-bonding
interactions are lost under a biasing potential of B7 kcal mol�1

(Fig. 6C). Without the constraint of hydrogen bonds, the drugs
collapse soon and constantly adjust the posture to accommodate
themselves in the binding cavity. The flat regions in Fig. 6D and
7D suggest that the strain energies released in both the 001-007
and 001-013 systems just compensate for the biasing potential
added to the drugs to shake off the other non-Hbond interactions.

Whereas, in the 001-017 system, enhanced biasing potential is
required to handle these remaining constraints that cannot be
offset by simply conformational adjustment (upgrading region at
5–9 Å of the RCs in Fig. 8G).

As shown in Fig. 6A–8A, although the fragments of N-phenyl-
piperazine, 2-methoxypyridine and sulfur heterocyclic (R1 moi-
eties) in the initial structures of 001-007, 001-013, and 001-017
are all sandwiched by Leu1122 and the hinge region of ALK,
different positions with a slightly different posture are shown for
these moieties. Nevertheless, these inhibitors are tightly stabilized
in the narrow gorge of the binding pocket with a ‘‘DFG-shifted’’
conformation (Type-I1/2 inhibitor conformation) by intricate inter-
action networks, such as the H-bonding interactions with residues
Lys1150, Gly1269, and Met1199. The quantitative analyses of the
H-bonds, as listed in Table 2, indicate that the H-bond contribu-
tions are almost equal to each other in all the three systems,
implying that the non-Hbond interactions may be the key factor in
determining the different dissociation behaviors of the above
studied systems. The per-residue energy analyses further confirm
the conjecture, where 001-017 forms more favorable interactions
with most residues located in the ATP pocket than 001-007 and
001-013, such as the H–p interaction with the sidechain of Leu1122
(�5.74, �4.6 and �4.76 kcal mol�1), van der Waals interactions
with Leu1198 (�3.56, �3.06 and �2.92 kcal mol�1), and Gly1202
(�2.18, �2.08 and �1.32 kcal mol�1), etc.

Fig. 10 Dissociation process of 002-016 from the binding site of ALK kinase along the ATP channel (panel A–F) and the corresponding PMF curve (panel G).
The initial crystal structure and inhibitor–residue interaction spectra of the ALK/002-016 complex are illustrated in panels A and H, respectively.
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Comparison of reaction coordinates with inhibitors sharing
modifications located in the allosteric pocket. The moieties that
occupy the extended allosteric pocket of ALK in the 001-017, 002-
012, and 002-016 systems are 4-(trifluoromethoxy) phenylamine,
2-chloropyridine (R2), andN-piperidine (R3) fragments, respectively,
and the PMF curves of their dissociation processes are illustrated in
Fig. 8–10, respectively. As shown in the regions A–C of the RCs
in Fig. 8G and 9G, the biasing potentials added to 001-017 and
002-012 gradually increase at the beginning of the unbinding
processes. Then the drugs move horizontally toward the entrance
of the binding cavity (Fig. 8B, C and 9B, C) accompanied by the
breakage of the H-bond interaction networks in the allosteric
pocket. The per-residue energy analyses indicate that the residues
in the allosteric pocket are more favorable in forming the inter-
actions with the 4-(trifluoromethoxy) phenylamine fragment of
001-017 than the 2-chloropyridine (R2) fragment of 002-012
(Phe1174: �1.40 versus �0.48 kcal mol�1, Ile1179: �2.04 versus
�1.50 kcal mol�1, His1247:�0.64 versus�0.14 kcal mol�1, Ile1268:
�1.74 versus �1.10 kcal mol�1, etc., Fig. 8H versus Fig. 9H and
Table S2, ESI†), which can explain the steeper and higher PMF
curve of the 001-017 system. As for the 002-016 system, after a short
rising stage of the PMF (0–1 Å, Fig. 10B), the biasing potential
remains unchanged across 1–5 Å of the RC as shown in Fig. 10G.
Further analysis shows that the drugs in the 001-017 and 002-012
systems can form effective H-bonding interactions with the back-
bone of Gly1269 (occupancy ratio: 68.4% and 69.0%, and Gly1269:
�3.68 and �3.90 kcal mol�1, respectively), whereas, in the case of
002-016, this interaction becomes very weak (occupancy ratio: 7.4%,
Gly1269: 0.4 kcal mol�1). According to the initial structure of
002-016/ALK, we speculate that it may be difficult for the tiny
N-piperidine group to form effective interactions with residues
surrounding the relatively spacious allosteric pocket. And this has
been quantitatively confirmed by the energy decomposition ana-
lyses in Fig. 10H (such as Ile1171: �3.34 versus �1.50 kcal mol�1,
Phe1174: �1.40 versus �0.02 kcal mol�1, Ile 1179: �2.04 versus
�0.22 kcal mol�1, His1247: �0.64 versus 0 kcal mol�1,
Ile1268: �1.74 versus �0.26 kcal mol�1, Asp1270: �2.28 versus
�1.60 kcal mol�1, Phe1271:�2.86 versus�1.28 kcal mol�1 for 001-
017 and 002-016, respectively). Then, these three inhibitors struggle
to shake off the nearly equal attractions (Fig. 8H–10H and Table S2,
ESI†) from residues surrounding the ATP pocket (Leu1122,
Gly1202, Val1130, Glu1210, Leu1256, Met1199, etc.), and finally
move out of the pocket. The higher electronegativity of the relatively
bulky 4-(trifluoromethoxy)phenylamine fragment of compound
001-017 tends to form stronger transient interactions with residues
along the dissociation channel than the 2-chloropyridine (R2)
fragment and the N-piperidine fragment of 002-012 and 002-016,
which is reflected by the larger DGoff value in Fig. 8H–10H.

Conclusion

Herein, by employing a combined computational strategy,
the molecular recognition mechanisms between the Type-I1/2
inhibitors and ALK kinase were exhaustively explored. The binding
structures of these inhibitors were preliminarily obtained by

molecular docking, but unfortunately the ranking capabilities
of the docking protocols are far from satisfactory due to the
complexity of ligand–protein interactions. The improved pre-
diction accuracy of ensemble docking and MD-based MM/PBSA
or MM/GBSA binding free energy calculations indicate that it
is very important to incorporate receptor flexibility as well as
solvent effect in the prediction of binding affinity. The US
simulations show that the inhibitors with a tail moiety bearing
stronger electronegativity and relatively larger bulkiness will be
more favorable to form effective interactions with residues
surrounding the allosteric pocket, and this is quantitatively
consistent with the results provided by MM/GBSA binding free
energy decomposition. Moreover, the strongest binding affinity,
together with the highest energetic barrier (which means the
longest residence time), further confirms 001-017 as a more
potential lead compound among all the designed Type-I1/2 ALK
inhibitors.
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