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Anaplastic lymphoma kinase (ALK), a tyrosine receptor kinase, has been proven to be associated with
the occurrence of numerous malignancies. Although there have been already at least 3 generations
of ALK inhibitors approved by FDA or in clinical trials, the occurrence of various mutations seriously
attenuates the effectiveness of the drugs. Unfortunately, most of the drug resistance mechanisms still
remain obscure. Therefore, it is necessary to reveal the bottom reasons of the drug resistance mechanisms
caused by the mutations. In this work, on the basis of verifying the accuracy of 2 main kinds of binding free
energy calculation methodologies [end-point method of Molecular Mechanics with Poisson-Boltzmann/
Generalized Born and Surface Area (MM/PB(GB)SA) and alchemical method of Thermodynamic Integration
(TN], we performed a systematic analysis on the ALK systems to explore the underlying shared and
specific drug resistance mechanisms, covering the one-drug-multiple-mutation and multiple-drug-one-
mutation cases. Through conventional molecular dynamics (cMD) simulation in conjunction with MM/
PB(GB)SA and umbrella sampling (US) in conjunction with contact network analysis (CNA), the resistance
mechanisms of the in-pocket, out-pocket, and multiple-site mutations were revealed. Especially for the
out-pocket mutation, a possible transfer chain of the mutation effect was revealed, and the reason why
different drugs exhibited various sensitivities to the same mutation was also uncovered. The proposed
mechanisms may be prevalent in various drug resistance cases.
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Introduction

Anaplastic lymphoma kinase (ALK), as a member of tyrosine
receptor kinase family, was first identified as a fusion partner
in anaplastic large cell lymphoma (ALCL) in 1994 [1]. In the
following decades, it was proven that ALK fusion proteins
induced the constitutive activation of the ALK tyrosine kinase
via the oligomerization of domains and led to numerous differ-
ent malignancies [2-7]. By targeting ALK [8], the tyrosine
kinase inhibitors (TKIs) are proved to be effective in the treat-
ment of the non-small cell lung cancer (NSCLC). However, the
targeted therapy often ends up with acquired resistance and
clinical evasion of the drugs, where drug failure usually involves
the occurrence of secondary mutations in the catalytic domain
of ALK [9]. To date, a total of 3 generations of ALK-TKIs have
been approved by Food and Drug Administration (FDA) in the
United States. The usage of the first-generation ALK TKI,
crizotinib, greatly improves the progression-free survival and
total survival of patients with NSCLC, compared with the
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treatment of traditional chemotherapy [10,11]. Compared to
crizotinib, the second-generation ALK TKIs represented by
ceritinib exhibit better response rate for several drug resistance
mutations such as L1196M and I1171N [12]. The third-generation
ALK-TKI lorlatinib is able to overcome a majority of secondary
mutations that lead to resistance to the first- or second-generation
TKIs [12]. Unfortunately, further mutations may probably occur
after the usage of lorlatinib for a period, causing drug resistance
to the third-generation TKIs [12,13]. Therefore, at present, new
generation of ALK inhibitors is still expected to be designed.
Therefore, elucidating the shared and specific mechanisms behind
the TKISs’ resistance is of great significance for anti-resistance
drug design.

Mechanisms explaining drug resistance can roughly be
divided into 2 categories, namely, the target-dependent and
target-independent mechanisms [14]. Like the gatekeeper
mutation T790M in epidermal growth factor receptor (EGFR)
that impairs the binding between the drug and the protein directly
[or enhances the binding between adenosine triphosphate
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(ATP) and the protein directly] [15], the L1196M mutation
in ALK impairs a variety of inhibitors’ binding as well [9],
which is a typical target-dependent mechanism. Moreover, the
target-dependent mechanism may reflect in the overexpression
of the ALK gene as well [16]. The target-independent resist-
ances usually function through other biological mechanisms,
including bypass signaling pathways [16-18], histological
transformation [19,20], and drug efflux [21-23]. In the study
of drug resistance, biological techniques can determine the
progress of disease and the effect of drugs in the most direct
ways; however, biological experiments are rather expensive,
and there are still numbers of underlying resistance mecha-
nisms that remained to be explored. Alternatively, due to the
deepening understanding of structural biology and improve-
ments of computer hardware and algorithms, the in silico
computation methods make it possible to elaborate biological
effects. Based on the publicly reported crystal structures
and available activity data, computational predictions allow
researchers to understand the dynamic structural alternations
of drug-target interactions.

Structurally, ALK holds a classical spatial structure shared
by receptor tyrosine kinases and it can be roughly divided into
2 parts, namely, N-lobe and C-lobe (left panel of Fig. 1). The
N-lobe mainly consists of 5 antiparallel -sheet (f1 to p5; light
purple region in Fig. 1) together with a regulatory aC-helix
(pink region in Fig. 1). Between 1 and 2, there exists a small
glycine-rich loop called P-loop (or G-loop; light blue region in
Fig. 1), whose conformation influences the binding of ATP or
ATP-competitive inhibitors. The C-lobe is dominated by 8
conserved a-helix and 4 short B-sheet motifs. The motif next
to 6 (orange region in Fig. 1) is often referred to as the catalytic
loop that stabilizes the magnesium ions when binding with an
ATP. The binding site (ATP pocket) is located exactly at the
cleft between the N-lobe and C-lobe (cyan region occupied
by a TKI in Fig. 1). Nearby the binding site, there exists
a conserved activation loop (A-loop; red region in Fig. 1)

N-lobe

C-lobe

starting with the DFG motif (blue region in Fig. 1), which func-
tions as a switch to regulate the activation or inactivation of a
kinase. By targeting the ATP pocket of ALK with TKIs, a series
of secondary mutations have been found occurring with
resistance to the ALK drugs (orange spheres in Fig. 1).
Currently, a number of studies have clarified the ALK resist-
ance mechanism through various approaches. For example,
Ni et al. [24] have studied the mechanism of ceritinib resistance
caused by F1174C mutation using conventional molecular
dynamics (cMD) simulation with MM/GBSA binding free
energy calculation, and found that the aromatic interaction
network in the ALK-ceritinib system was destroyed by the
mutation, which affected the conformational dynamics of the
P-loop region, and finally weakened the binding of ceritinib to
the protein. Chen et al. [25] have performed multiple replica
Gaussian accelerated molecular dynamics (MR-GaMD)
simulation with MM/GBSA to illustrate the drug resistance
mechanism of mutations toward crizotinib. Through binding
free energy analysis, they found that L1198F, L1198F/C1156Y,
and C1156Y mutations significantly enhanced the flexibility
of the protein and influenced the position of crizotinib along
with the orientation of the protein, which significantly reduced
the drug resistance. Besides, our group have also revealed the
drug resistance mechanisms of a number of mutations to cri-
zotinib, including C1156Y [26], L1152R, G1202R ,; x/G2032Rp g,
[27], and S1206Y [28], by using enhanced sampling methods,
finding that the conformational change of the P-loop region may
be the major factor responsible for crizotinib resistance. Together,
we have also developed a series of high-activity ALK inhibitors
to combat the drug resistance [29,30]. Nevertheless, with the
occurrence of various resistant mutations to all generations of
drugs, it is urgent to fully uncover the underlying shared and
specific drug resistance mechanisms. Therefore, in this study, on
the basis of verifying the accuracy of computation methods [MM/
PB(GB)SA and thermodynamic integration (TT)], we have inves-
tigated the resistance mechanisms of a series of representative
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Fig.1. Structure of ALK protein and the 6 clinical drugs, where the mutated residues are presented in orange spheres.
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mutations for the third-generation ALK TKI lorlatinib (the
single-drug-multiple-mutation case; Table S1) and 6 launched or
clinical trial drugs to one single mutation (the multiple-drug-
single-mutation case; Table S2) to reveal the shared and specific
drug resistance mechanisms. The results may help in further
anti-resistant drug design.

Results and Discussion

Effects of multiple mutations on one single drug
Since a series of mutation data were collected for the
third-generation ALK inhibitor lorlatinib, it is useful to
investigate the performance of the various binding free energy
calculation methods on the ALK-lorlatinib system. Therefore,
in the following section, we first investigated the performance
of end-point (MM/PBSA and MM/GBSA) and alchemical (TT)
binding free energy calculation methods on the ALK-lorlatinib
mutants, and then used the best protocol to analyze the impacts
of several representative mutations to investigate the shared
and specific drug resistance mechanisms.

Performance of the end-point and alchemical
binding free energy calculation approaches on the
ALK-lorlatinib mutants

It is well known that the computational methods may involve
system specificity, namely, different systems may show remark-
able different results using the same predicting method [31-33].
To investigate the performance of the binding free energy
calculation methods on the studied systems, MM/PB(GB)SA
together with theoretically more rigorous method TI were
employed to the systems consisting of lorlatinib binding to a
variety of ALK mutants (including 28 single or double mutants;
Table S1). Since a number of parameters may affect the
predicting accuracy of MM/PB(GB)SA, here, we first investi-
gated the most commonly used protocols and discussed the
parameters that greatly impact the prediction accuracy, includ-
ing the MD simulation time, dielectric constant, the selection
of different polar solvation models (GB/PB), and whether to
incorporate entropy to refine the results.
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As shown in Fig. 2, generally, the MD simulation time exhibits
the most remarkable influence on the predicting accuracy, with
the prediction accuracy proportional to the MD simulation
time under any other conditions (dielectric constant or polar
solvation model). The application of different polar solvation
models (GB/PB) brings subtle difference in the result, where
the GB model performs better only when the minimized
structures were used, whereas with the increase of the MD
simulation time, the PB model shows a better accuracy (with
the best r, = 0.632 at &;, = 1 and 100 ns). Moreover, a lower
dielectric constant (g;, = 1) seems to work better in the ALK
system, although no large difference is shown between different
dielectric constants (r, = 0.538 to 0.591 and 0.574 to 0.632,
respectively, for MM/GBSA and MM/PBSA at 100-ns MD
simulation time and g, = 1 to 4). Additionally, the incorporation
of entropy effect into the binding free energy calculation may
drive the predicted value closer to the experimental one. Here,
we incorporated the normal mode entropy (NME) into the
MM/PB(GB)SA results. Unfortunately, as shown in the right
part of Fig. 2, the incorporation of NME to MM/PB(GB)SA
impairs the prediction result in all cases, suggesting that it is
better to analyze the mutation effects based on the enthalpy
part of the system (AH or effective binding free energy).
Therefore, we analyzed the underlying drug resistance mech-
anisms with the enthalpy part of the end-point binding free
energy in the following parts of this work.

Furthermore, the theoretically more rigorous method TI
was used to verify the accuracy of the computational method.
Previous works suggest to use multiple short trajectories instead
of along trajectory [34], so in this work we adopted 2 strategies
to perform T1I, including (a) TI based on one single trajectory
(one replica, 14 windows X 1 ns) and (b) multiple replicas
(5 replicas, 14 windows X 1 ns X 5 rounds). As shown in Fig. 3,
compared with the single replica strategy, the multiple-replica
TI protocol improves both the Pearson correlation (r, = 0.51
versus 0.45 for TI . ..,and T1, replces respectively) and robustness
of the resulted bln(i)mg free energies, where a smaller absolute
error [mean unsigned error (MUE) = |AAG,,.q — AAG,|]
is shown of the 5-replica TI strategy (MUE = 2.21 versus
2.65 kcal/mol for TI and T1, ,yic,> respectively; Table 1).

5-replica
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Fig. 2. Impacts of MD simulation time, dielectric constant, and entropy on the performance of MM/PB(GB)SA. Pearson correlation coefficients are reported between the
predicted binding free energy and the experimental data. The label “min” denotes the result based on the minimized structures.
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Fig.3.Accuracy of Tl based on single- (left) and multiple-replica (right) protocols.

Table1. Mean unsigned error (MUE) of the 4 binding free energy
calculation strategies.

Method MUE (kcal/mol)
Tll-replica 265
T|5—replica 2.21
MM/GBSA100msget 255
MM/PBSA gonsgect 2.24

Compared with the alchemical method (TI; ,pic,), it shows
that MM/PBSA can give a comparable absolute error (MUE =
2.24 versus 2.21 kecal/mol for MM/PBSAgi8e=1 and TI ojica,
respectively) and a higher Pearson correlation (r, = 0.63 versus
0.51 for MM/PBSA gg50=1 and Tl e, Tespectively) on the
investigated systems. Moreover, absolute binding free energies
were calculated by the end-point methods, which may help in
analyzing the binding mechanism difference on individual
mutants. Furthermore, a 5-replica TI calculation needs nearly
twice as much simulation time as a 100-ns cMD-based end-
point binding free energy calculation. Therefore, considering
all, we decided to use the end-point method (MM/PBSA) for
the drug resistance mechanism analyses.

Drug resistance mechanism analyses of the
in-pocket, out-pocket, and double mutations

on the ALK-lorlatinib systems

With the best computational strategy (MM/PBSA) in hand,
here we investigated the shared and specific drug resistance
mechanisms for a series of representative mutants coving
various drug resistance cases, including the in-pocket-,
out-pocket-, and double-mutation cases.

Impact of the in-pocket mutation (L1198F)

Drug resistance generally occurs accompanied with single or
multiple mutations, and these mutations can be classified based
on their positions, such as in-pocket and out-pocket mutations.
Generally, mutations occurring near the drug will always affect
its binding directly. For example, in the kinase system, the inter-
action patterns between gatekeeper mutations and the TKIs
usually limit the specificity of the inhibitors [35]. Similar to the
gatekeeper mutations, other resistant mutations occurring near
the binding site can hinder drugs’ binding directly as well. Take
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Wild type
Mutant

L1198F

Fig. 4. Binding mode of lorlatinib and residue 1198. The red dotted line represents
the electrostatic repulsion effect.

L1198F mutant as an example (where, compared with the wild-
type ALK, the binding free energy of lorlatinib was attenuated
by 1.45 and 2.79 kcal/mol in the experiment and our predicted
result, respectively, in the L1198F mutant), the Coc atom of res-
idue 1198 is positively charged because of the electron-with-
drawing group, and after the aliphatic chain (L1198) is replaced
by abenzene ring (F1198), the benzene ring of F1198 becomes
negatively charged as well because of the conjugation effect,
which is consistent with the atomic charges distributed on phe-
nylalanine in the AMBER force field. As shown in Fig. 4, the
-C=N group of lorlatinib is perpendicular to the benzene ring,
where the nitrogen atom is also negatively charged. Accordingly,
the repulsive effect between -C=N and the benzene ring hin-
ders the drug-target interaction directly and thereafter leads
to drug resistance, which is also consistent with the energy
decomposition result that the electrostatic contributions (AE,)
0of L1198 and F1198 are —3.83 and —2.40 kcal/mol (Table S3),
respectively, in the wild-type and mutated ALK. The resistance
mechanism of in-pocket mutations may be the most under-
standable ones that usually share a similar underlying mecha-
nism by directly hindering drugs’ binding.

Impact of the out-pocket mutation (11171S)

Different from the in-pocket mutations, a larger number of
drug resistance mutations are found occurring outside of the
protein binding pocket, which may impair drugs' binding
through indirect ways. In our dataset, there is one of the serious
lorlatinib-resistant mutations, I1171S, whose resistant mechanism
is of interest since the mutation site is located far away from the
ligand (drug-mutation distance >8 A, namely, outside the pocket),
and may help us understand the shared resistant mechanism aris-
ing from the out-pocket mutations. In fact, results of 3 computa-
tion repeats showed that the binding free energy of lorlatinib in
[1171S mutant was robust and attenuated by 1.86, 0.85, and 1.81
kcal/mol compared with that in the wild-type ALK (Table S4).
Therefore, the case of I1171S can be served as a representative
example for further analysis.
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Fig.6.(A) Community distribution of the [1171S mutant. (B) Remote interaction chain
among community 1/8/14. (C) Energetic change of residues in the wild-type and
11171S mutated systems (AAG = AGy; — AGyy). (D) Comparison of the ligand binding
modes in the wild-type (orange) and 11171S mutated (cyan) ALKs.

Generally, we infer that the effect of mutation is transmitted
through the interaction between the surrounding residues, thus
affecting the drug’s binding. However, it is usually difficult to
capture the impact of a long-distance mutation in a short-time
cMD simulation. The enhanced sampling method is able to
promote the sampling in important degrees of freedom, thus
capturing more clues to help find resistance mechanism.
Therefore, here we investigated the resistance mechanism of
the long-distance mutation (I1171S) through umbrella sam-
pling (US). As shown in Fig. S1, after 18 rounds of US simula-
tion, the potentials of mean force (PMFs) reach convergence
in both the wild-type and the 11171S mutated systems. Thus,
we derived the averaged PMF curves from the last 10 rounds
of US samples. As shown in Fig. 5, the binding free energy of
lorlatinib in the I1171S mutant decreases for 2.86 kcal/mol
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compared with that in the wild-type ALK, which is consistent
with the wet-laboratory experiment (AAG,,,, = 2.05 kcal/mol
and our end-point computation; Table S4). Nevertheless, it is
hard to analyze the binding/dissociating details of the drug
with the PMF curves alone. Therefore, we analyzed the kinetic
characteristics of the 2 systems based on the US trajectories.

Based on the trajectories of US simulations, the contact
network analysis (CNA) was carried out to find the motion
cooperativity between different parts of the protein. As shown
in Fig. 6A, except for the ligand, the mutated system (protein)
could be divided into 15 communities, whereas there were only
9 communities in the wild-type system (Fig. S2), exhibiting the
impact of mutation effect on the dynamic characteristics of the
mutated system.

MM/PBSA decomposition was also conducted on the
bound-state structures to reveal the clues causing the weakened
binding capacity of the drug in the mutated system. It could
be found that a region (residue 1206 to 1214) of community
8 (cyan in Fig. 6B) shows significant change in energetic contri-
bution to the ligand in the ALK mutant (with each residue
attenuated by 0.5 to 1 kcal/mol in the mutant; Fig. 6C). The
results show that community 1 containing the mutation site
(I1171S) is indirectly related to community 8 through commu-
nity 14 (Fig. 6B). Therefore, an interaction chain (S1171-E1167-
F1271-D1270-N1254-A1251-E1281-G1326-R1209-S1206)
transferring mainly through H-bonds and salt bridges was dug
out (Fig. 6B). The start of this transmission chain is the H-bond
formed by the -OH group on the mutation site (§1171), which
cannot be formed in the hydrophobic residue 11171 of the
wild-type ALK (Fig. S3). This difference finally affects the region
where community 8 is located through continuous transmission.
Take R1209 as an example, which shows the largest energetic
change upon the mutation (AAGy .y = 1.14 kcal/mol; Table S5),
the orientation of side chain of the residue is dramatically
changed (cyan stick model, Fig. 6D) in the ligand binding/
dissociating process compared with that in the bound state
(orange stick model, Fig. 6D). Moreover, the orientation of the
ligand (Fig. 6D) is influenced by the mutation in a similar trans-
fer chain but much shorter, with the effect transferred to the
ligand after N1254 through G1269 (S1171-E1167-F1271-
D1270-N1254-G1269-lorlatinib).

In this section, we have elucidated the drug resistance mech-
anism of a representative out-pocket mutation (I11171S), which
shows that a long transmission chain may be responsible for
the effect of a long-distance mutation. This phenomenon has
also been found in the case of the ALK C1156Y mutant, where
the mutation is located >10 A away from the binding drug
(crizotinib), but also leads to serious drug resistance [26].
Therefore, although complicated and indirect, the revealed
mechanism may be prevalent in protein-ligand interactions
influenced by the out-pocket mutations because a common
foundation (protein environment with crowded interactions)
is shared by the systems.

Impact of double mutations (G1269A&I1171S)

The secondary drug resistance mutations often occur cumula-
tively with the ongoing treatment. For example, although both
I1171S and G1269A single mutants of ALK cause moderate
resistance to lorlatinib (with the attenuation of the binding
affinity for 1.5 to 2.0 kcal/mol in the mutants; Table 2), the
double-mutation mutant (I1171S&G1269A) impairs the drug’s
binding more seriously than the 2 individual ones (attenuating
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Table 2. Binding free energy difference and energetic con-
tribution of E1197 in the single- and double-mutation systems
(kcal/mol).

Energetic contribu-

Mutation AAGg,  AAGyeq

tion of E1197
G1269A 1.50 117 -141
11171S 2.04 2.19 -1.67
G1269A&I1171S 3.98 1444 1.29

the binding affinity of ~4 kcal/mol in experimental test; Table 2).
Unfortunately, the resistance mechanism is still ambiguous.
Consequently, energy decomposition was conducted to analyze
the double-mutation system.

As shown in Fig. §4, the energy decomposition spectrum
shows that E1197 shows the largest energetic loss (~3 kcal/mol)
to lorlatinib after double mutating, where residue E1197
shows favorable energetic contribution to the drug in the 2
single-mutation mutants (enhanced by ~—1.5 kcal/mol to
I1171S and G1269A; Table 2), but the energetic contribution
becomes unfavorable for binding of the ligand (~1.3 kcal/mol)
in the double-mutation mutant (I1171S&G1269A). Further
investigation shows that E1197 can form H-bond with lorlatinib
in both the wild-type and single-mutation systems (green, blue,
and orange lines, respectively, in Fig. 7A); however, the H-bond
disappears in the double-mutation system (with the distance
of the 2 H-bond-forming atoms >5 A during most of the
simulation time; red line in Fig. 7A). As shown in the averaged
structures of the 2 systems, compared with the G1269A
single-mutation mutant (orange in Fig. 7B) or the 11171S/
wild-type systems (orange in Fig. S5), the [1171S&G1269A
double mutations shows obvious “squeezing” effect to the
ligand (cyan in Fig. 7B), forcing the ligand away from E1197,
which hinders the formation of H-bond between them.

Taken all, compared with the single-mutation resistance,
the double-mutation (or multi-mutation) mutant may further
impair the drug’s binding capability with an aggregated
(or cooperative) effect: On the one hand, it may hinder the
drug-target interaction directly (such as attenuating the H-bond),
and on the other hand, it may influence the kinetic property of
the protein structure (such as influencing the signaling trans-
mission chain in the I11171S mutant).

Effects of one single mutation on multiple drugs

In the previous section, we have validated computational meth-
ods based on the lorlatinib-ALK mutants and analyzed drug
resistance mechanisms of several distinct cases. But apart from
lorlatinib, it is not clear whether other drugs have the same
mechanism in binding with the ALK mutants. In this section,
we investigated the effect of one single mutation on multiple
drugs. Six ALK TKIs, including the first-generation inhibitor
crizotinib, the second-generation inhibitors alectinib, ceritinib,
brigatinib, and entrectinib, and the third-generation TKI
lorlatinib, were collected for the analysis. The result may
provide us a full picture of mutation effects on various cases of
drug resistance.
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Impact of the L1256F mutation on 6 clinical drugs

Cases have been found during treatment that the ALK muta-
tion L1256F can lead to various resistance to the ALK drugs
(with strong drug resistance to most ALK drugs; Table S2)
[36]. Therefore, it is of interest to investigate the resistance
or anti-resistance mechanism of L1256F to different ALK
drugs. Similar to the research process above, we first investi-
gated 4 computational strategies [including MM/PB(GB)SA
under 100-ns cMD simulation and €,, = 1 and TI with one
or 5 replica(s) for the binding free energy calculation] in pre-
dicting the cases of one mutation effect to multiple drugs to
derive the best protocol for the following drug resistance
mechanism analysis.

Figure 8 shows the performance of the above 4 strategies,
where different colors are used to represent the standard
deviation of the predicted values. Compared with the result
of previous section, all the methods show better performance,
with the Pearson correlation of MM/PB(GB)SA close to 0.9,
and the 5-replica TI strategy also achieves a Pearson correla-
tion of ~0.7. Such a high accuracy may be due to the relatively
few drugs used for the study, but it is no doubt that these
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Fig.9.Energetic change of residue 1256 (L1256F) in the mutated and wild-type ALK,
where a negative value represents the attenuated interaction between the drug and
F1256 in the mutated ALK.

methods are still worth adopting when calculating for the same
mutation among different drugs. When considering the abso-
lute error, TI performs much better, with the MUEs of T1, .,
and TI; i, of 1.50 and 1.27 kcal/mol, respectively, compared
with the MUEs of MM/GBSA | jpsae—1 a0d MM/PBSA |0 oo
of 2.42 and 1.96 kcal/mol, respectively. Nevertheless, the high
correlation of the result based on MM/PB(GB)SA makes the
discrimination (of drug resistance) between systems more clear.
Therefore, we decided to use MM/PBSA for the following anal-
ysis in order to be consistent with the previous analyses.

To find the key residues affecting the binding affinity of the
drugs in the mutated system, we decomposed the total binding
free energies and estimated the difference of residue-ligand
interactions between the wild-type and the mutated systems
(AGyr — AGyyp). It is found that the mutation site itself (L1256F)
brings the largest energetic difference to the drugs’ binding in
3 of 6 drugs, including crizotinib, entrectinib, and lorlatinib
(Fig. 9). This means that phenylalanine (F1256) in the ALK
mutant impacts the binding between the ligand and receptor
directly, showing a shared resistance mechanism with the
in-pocket mutation case (L1198F) analyzed above.

In the 6 systems, the system of ALK-lorlatinib can also be
taken as an example for the detailed analysis. The average struc-
tures of the cMD simulations were compared for the wild-type
and L1256F mutated systems. As shown in Fig. 10A, compared
with the wild-type system (L1256, orange model), the side
chain of phenylalanine (F1256, cyan model) in the mutant
forces the benzene ring of lorlatinib farther from the mutation
site, which makes the H-bond between the hydrogen on the
backbone of F1256 and fluorine of lorlatinib broken (~8 A; cyan
stick model in Fig. 10A), resulting in the attenuated electro-
static interaction of ~1.0 kcal/mol (Table S6). Meanwhile, the
position movement of the ligand also weakens its van der Waals
interaction with the mutation site (F1256), leading to 1.36 kcal/
mol energetic loss (Table S6).

Moreover, the surrounding residues near the mutation site
may be affected by the mutation as well. Previous studies have
reported that H-bonds between the ligand and the hinge region
of ALK (purple region in Fig. 1) were important features for
competitive TKIs’ binding [37]. Thus, the frequency of H-bonds
in MD simulation was investigated to monitor the shift of the
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Fig.10.Average structures of lorlatinib (A) and alectinib (B) binding with the wild-type
(orange) and L1256F (cyan) mutated ALK. The H-bond is shown in yellow dotted lines.

ligand in the mutated system. It shows that the H-bond between
E1197 and lorlatinib exists in 1,294 frames of the MD trajectory
(detected by cpptraj with default parameters) in the wild-type
ALK-lorlatinib system, while the H-bond only exists in 927
frames in the L1256F mutant. Further investigation shows
that the H-bond between E1197 and lorlatinib is broken in
the latter half of the MD trajectory (~40 ns; Fig. S6A) with the
distance between the 2 H-bond-forming atoms larger than 9 A
because of shift of the ligand in the mutated system (cyan stick
model in Fig. S6B), which makes the electrostatic interaction
loss of 4.65 kcal/mol to the residues 1197 to 1199 in L1256F
mutant compared with lorlatinib in the wild-type ALK (Table
S7). Besides, such a shift of the ligand also affects the van der
Waals interaction of lorlatinib to the mutated ALK, making
the total van der Waals and electrostatic interaction loss of
0.93 kcal/mol to the residues 1197 to 1199 in the mutated
ALK, and eventually reflects on the total binding free energy
difference.

However, it is shown that there is no significant energetic
decrease in the L1256F mutant of the ALK-alectinib system.
Further analysis shows that the drug in the trajectories of both
systems go with a similar behavior (without large change) after
the introduction of the mutation. Different from the lorlatinib’s
macrocyclic structure, alectinib’s slender structure only results
in the binding orientation change in the tail of the ligand in the
mutated ALK (Fig. 10B), which does not affect the vital inter-
actions to the protein. Compared with the wild-type protein,
the H-bond between alectinib and M1199 does not change in
the L1256F mutant, with the average H-bond distances of 2.16
and 2.28 A, respectively, in the wild-type and mutated ALK
(Fig. S7), making alectinib insensitive to the mutation as
reported by the experimental data (Table S2).

Conclusion

In this study, on the basis of investigating the performance of
several widely used computational methods (MM/PB(GB)SA
and TI), both the shared and specific drug resistance mecha-
nisms were revealed to the ALK system.

In the one-drug-multiple-mutation cases (including 28
ALK-lorlatinib systems), 3 kinds of representative mutations
(in-pocket, out-pocket, and double-mutation cases) were taken
as examples to study the drug resistance mechanisms and
furthermore deduce the shared drug resistance mechanisms,
in which the in-pocket mutations usually lead to drug resist-
ance by hindering the drug’s binding directly (e.g., the cases


https://doi.org/10.34133/research.0170

Research

of L1198F and L1256F), whereas the out-pocket mutations
may influence the drug’s binding by a more complicated way,
such as with a long signaling transmission chain. Furthermore,
the double-mutation (or multi-mutation) mutant may impair
the drug’s binding with an aggregated (or cooperative) effect
(e.g., the case of [1171S&G1269A), where it may, on the one
hand, hinder the drug-target interaction directly and, on
the other hand, influence the kinetic property of the protein
structure as that found in the out-pocket mutations.

Moreover, the multiple-drug-one-mutation (L1256F) case
was also investigated. The specific drug resistance mechanism
was revealed by comparing the difference of binding sensitivity
between lorlatinib and alectinib, where the different scaffolds
of the 2 drugs result in the direct steric hindrance of the muta-
tion to lorlatinib, but little influence to the binding of alectinib,
showing a shared drug resistance mechanism of the in-pocket
mutations and highlighting the structure specificity-guided
combating-resistance drug design.

Materials and Methods

Structure preparation

The crystal structure of ALK accompanied with 6 drugs,
including the first-generation ALK TKI crizotinib [Protein
Databank (PDB) code 2XP2 [38]], the second-generation
ALK TKIs alectinib (PDB code 3A0X [39]), ceritinib (PDB
code 4MKC [40]), brigatinib (PDB code 6MX8 [41]), and
entrectinib (PDB code 5FTO [42]), and the third-generation
ALK TKI lorlatinib (PDB code 4CLI [43]), together with
various mutants consists of the dataset of this study (Fig. 1),
where the experimental activity data were derived from
Mizuta’s work [36].

At the stage of system preparation, all the mutants were
manually mutated by the Build and Edit Protein module in
Discovery Studio/2019 [44], and the modified part of the pro-
tein was consequently relaxed by the geometry refinement and
CHARMmM force field optimization to eliminate structural
bumps between the manually introduced mutations and the
surroundings. The topology file was generated by the ante-
chamber and tleap modules in AMBER/20 simulation package
[45,46]. All the ligands were assigned with the AM1-BCC
atomic charge due to its good performance in various appli-
cations [47-50]. The general AMBER force field (gaft/1.81)
[51] and fF14SB force field [52] were employed to parameterize
the ligand and protein, respectively. A 10A-extended-cubic
TIP3P [53] water box was added for each system to immerse
the protein-ligand complex with counterions of Na* or CI~
used to neutralize the redundant charges of the systems.

Molecular mechanics minimization

Molecular mechanics (MM) minimization was conducted
before MD simulation to further relax the unfavorable contacts
arising from imperfect crystallization or manually introduced
mutations. At this stage, the real-space cutoff was set to 10 A
to handle the short-range van der Waals and electrostatic
interactions, while the PME algorithm (particle mesh Ewald)
[54] was implemented to calculate the long-range electro-
static interactions. MM minimization was performed for the
systems before the long-time MD simulation as follows: (a)
All the atoms except hydrogen were restrained; (b) heavy
atoms in water (the oxygen atom) and counterions (Na* or
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Cl™) were relaxed in addition; (c) the heavy atoms in side
chain of residues and the ligand were set free additionally for
optimization; (d) all the atoms were set free for full minimi-
zation. Five thousand steps of minimization, including 1,000
circles of steepest descent and 4,000 cycles of conjugate gra-
dient minimizations, were conducted with the system con-
strained at 5 kcal/moleA® in the first 3 steps, while 10,000
steps (5,000 circles of steepest descent and conjugate gradient
minimizations) were performed for the last step. All the MM
minimizations were performed with the pmemd module in
AMBER/20.

cMD simulation

In the process of cMD simulation, a 3-step MD simulation is
performed for each system as follows: (a) The system was
gradually heated from 0 to 300 K within 50 ps in the NVT
ensemble, in which all the heavy atoms in the backbone of
protein were constrained with 2 kcal/molsA%; (b) then, an
equilibrium simulation was performed in the NPT ensemble
(50 ps, T =300 K, and P = 1 atm) with the same restraint as
the previous step; (c) finally, 100-ns cMD simulation was
carried out in the NPT ensemble (T =300 K and P = 1 atm)
with no restraint on the system. In all the MD simulations, the
time step was set to 2 fs with the SHAKE algorithm [55] con-
straining the covalent bonds between the hydrogen atoms and
the connected heavy atoms. The coordinates were collected
with an interval of 5 ps, and a total of 2,000 frames were
collected for each system. All the cMD simulations were
performed with the pmemd.cuda module in AMBER/20.

End-point binding free energy calculations with

MM/GBSA and MM/PBSA

The MM/PBSA and MM/GBSA analyses were carried out based
on the cMD trajectories. In the MM/PB(GB)SA approach, the
binding free energy (AGy;,q) upon ligand-receptor interaction
(Eq. 1) can be decomposed into different energy terms accord-
ing to the following formulas [56].

A Gbind = Gcomplex - (Greceptor - Gligand) (1)
AEMM = AEbond + AEangle + 3)
3
AEgihedra + AEee + AEyqw
AGg, = AGpg/gp + AGgy (4)
AGgpy =y *SASA+b (5)

where AE,,;, AG,,, and —TAS represent the MM energy,
the solvation free energy, and the entropy upon ligand bind-
ing, respectively (Eq. 2), in which AE,, consists of 5 energy terms,
namely, the bond (AE, .4), angle (AE, . ..), dihedral (AE g .4va1)>
electrostatic (AE,,), and van der Waals (AE, 4,,) energies (Eq. 3).
Here, we applied the single MD trajectory protocol for the bind-
ing free energy calculation because it usually results in more

stable result by canceling out AE;_ ;, AE and AE .4, ID

angle>
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the following calculations [28]. AG, contains 2 parts, namely,
the polar (AGyppqp) and nonpolar (AGg,) contributions to the
solvation free energy (Eq. 4), in which the polar part can be
calculated by either the Poisson-Boltzmann (PB) equation
or the Generalized Born (GB) model, while the nonpolar part
is usually estimated from the solvent accessible surface area
(SASA) using the LCPO algorithm [57]. Here, the PB model
parameterized by Tan et al. (PBP™?) [58] and the GB model pro-
posed by Onufriev et al. (GB®) [59] were employed for the
polar solvation energy calculations (AGpy,g). To investigate the
dielectric effect to the performance of the resulted binding free
energy since it significantly affects the electrostatic part (AE,,
and AGpg,p) of the results [32,33,60], here 1, 2, and 4 were set
for the solute (or interior) dielectric constant (g,,) to give a com-
parison, while the solvent (or outer) dielectric constant was set
to 80. The nonpolar solvation energy (AGyg,) was calculated with
y and b set to 0.0072 and 0, respectively (Eq. 5). Normal mode
analysis (NMA) was conducted to estimate the conformational
entropy change (—TAS) of the system (termed as NME). To save
the computational resources, the structure-truncation strateg
was used to speed up the NME calculation [61]. Here, a 9-A
cutoff was set to truncate the protein around the ligand as its
reasonable performance [32]. To keep complete of the associated
residues, the whole residue will be incorporated into the trun-
cated structure if any heavy atoms of the residue drop into
the cutoft sphere. The terminal of discontinuous residues was
treated with charged groups (COO™ and NH,") because of its
better performance [32]. Fifty frames extracted with an equal
interval from the 100-ns cMD trajectory (namely, 2 ns/frame)
were submitted for NME calculation, where the maximum opti-
mizing steps and convergence condition were set to 10,000 and
1x107% respectively. All the MM/PB(GB)SA/NME calculations
were conducted with MMPBSA.py [62] in AMBER/20.

Umbrella sampling

Theoretically, it is possible to explore the binding/dissociation
details of drug-target interaction with cMD simulation. However,
it usually needs huge amount of sampling to observe the trans-
formation between 2 thermodynamic states divided by high
energetic barriers. Fortunately, importance sampling methods
[63], such as US [64], metadynamics (MetaD) [65], and adaptive
biasing force (ABF) [66], that work by focusing on the specific
reaction coordinate (RC; &) can greatly accelerate the sampling
process. Here, we employed US to seek possible transfer chain
of the mutation effect of the ALK-lorlatinib system.

In the spirit of US algorithm, it works by adding biasing
potential to the RC to drive the system from one thermodynamic
state to another. In practice, to facilitate convergence of the
system, a series of simulation windows are usually divided
along the RC with a harmonic biasing potential added to
each window according to Eq. 6.

wi(8) = %(é—éief)z ©)

where w,(£) represents the biasing potential with an elastic
constant of K added between the current position (£) and the
reference position (/) in window i of the RC.

The US simulation was initiated from the conformation of
the minimized structure of the investigated systems. Here, the
RC was defined by the distance between CB of E1167 and C8
of the ligand in the starting conformation. The RC was designed
to dissociate the ligand from 12.5 A (in its bound state) to 32.5 A
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(in bulk solvent) during 41 windows, with each window cover-
ing 0.5 A of the RC. A harmonic elastic constant of 5 kcal/mol-A
was set in the middle of each window to help the ligand over-
come the energetic barriers located in the RC. For each round
of US simulation, 1-ns US sampling was conducted at 300 K in
the NTP ensemble, and a total of 18 rounds of US simulation
(738 ns) was performed for each system to guarantee conver-
gence of the system (namely, 1 ns X 41 windows X 18 rounds; Fig.
S1). The weighted histogram analysis method (WHAM) [67,68]
was used to calculate the PMF of the ligand dissociating along
the RX. All the US simulations were performed with the pmemd.
cuda module of AMBER/20.

Thermodynamic integration (TI)
Compared with the end-point method represented by MM/
PB(GB)SA approach, alchemical method of thermodynamic
integration (TT) and free energy perturbation (FEP) computes
binding free energy with more rigorous theory. It is generally
believed that the alchemical method can generate more accurate
result compared with the end-point binding free energy calcu-
lation methods. Therefore, here, TT was additionally employed
to verify the calculation accuracy of the ALK systems.

In the algorithm of T1, the free energy difference between 2
states of a system (AG = G, — G,) can be expressed according

to Eq. 7,
[t /oum
so=[{%5)

UQ\) = Uy + AAU (8)

where 0 represents the initial state, while 1 represents the final
state. U(A) is the potential energy of the intermediate state A
(0 <A < 1), with AU representing the potential energy differ-
ence between 2 adjacent states (namely, AU = U, — U,), which
can be integrated from the initial state (A = 0) to the final state
(A =1) to derive the total free energy change in the process. In
practice, AG can be calculated by multiple methods, such as
Trapezoidal Rule (TRA) [69], Gauss-Legendre Quadrature
(GAU) [70], Clenshaw-Curtis Integration (CC) [71], Bennett
Acceptance Ratio (BAR) [72], and Multistate Bennett Acceptance
Ratio (MBAR) [73]. Here, we used the TRA method to calculate
AG. The TI simulation was started with the 100-ns equilibrated
MD structures (T = 300 K and P = 1 atm). Softcore was used
to avoid abnormal value in the computation of van der Waals
(Lennard-Jones) and electrostatic (Coulombic) interactions
[74,75]. The time step was set to 1 fs without constraining any
covalent bonds involving hydrogen atoms. For each system,
14 A simulations (A = 0, 0.0001, 0.001, 0.01, 0.1, 0.2, 0.3, 0.4,
0.5,0.6,0.7,0.8,0.9, and 1.0) were performed sequentially with
the van der Waals and electrostatic interactions switching
on/off simultaneously for both the holo-state and apo-state com-
putations. Each A was run for 1 ns, and 5 replicas were conducted
for each system to gain an average binding free energy. All the
TI computations were performed with the pmemd.cuda module
in AMBER/20.

Contact network analysis
In CNA, the Ca atoms were defined as nodes, in which the
communication of residues within 4.5 A of a given node was


https://doi.org/10.34133/research.0170

Research

considered as edges, with the edge weight (d;) between 2 nodes
calculated according to Eq. 9,

d,-j = — log(Cl-j> 9)

<Ari XAT’J>

Cij
\/< <Ar?> <Arj2>)

where i and j represent 2 communicating nodes, and C;; repre-
sents pairwise correlation defining the probability of informa-
tion transferring across a given edge. Ar; denotes the fluctuation
of atom i (Cax of a residue) to the original position in the whole
trajectory (Eq. 10). CARMA [76] was used to calculate the cor-
relation of the nodes, and the Girvan Newman algorithm was
used to obtain the network map [77]. All the CNA was con-

ducted using the network view plugin in VMD [78,79].

(10)

Acknowledgments

Funding: This work was supported by the National Key R&D
Program of China (2021YFE0206400), the National Natural
Science Foundation of China (81603031), the Natural Science
Foundation of Zhejiang Province (LQ21H300007), and the
Young Elite Scientists Sponsorship Program by CPU (131810011
and 1132010013). Competing interests: The authors declare
that they have no competing interests.

Data Availability

AMBER/20 was used for all the computations, including MD
simulation, end-point, alchemical, and US binding free energy
calculations. The structures were drawn with PYMOL/2.4.1
education edition, and the scatter diagrams were plotted with
R/3.6.1. The data are available from the authors upon a rea-
sonable request.

Supplementary Materials

Tables S1 to S7
Figs. S1 to §7

References

1. Morris SW, Kirstein MN, Valentine MB, Dittmer KG,
Shapiro DN, Saltman DL, Look AT. Fusion of a kinase gene,
ALK, to a nucleolar protein gene, NPM, in non-Hodgkin's
lymphoma. Science. 1994;263(5151):1281-1284.

2. Lamant L, Dastugue N, Pulford K, Delsol G, Mariamé B.

A new fusion gene TPM 3-ALK in anaplastic large cell
lymphoma created by a (1;2)(q25;p23) translocation. Blood.
1999;93(9):3088-3095.

3. Cools J, Wlodarska I, Somers R, Mentens N, Pedeutour F,
Maes B, de Wolf-Peeters C, Pauwels P, Hagemeijer A,
Marynen P. Identification of novel fusion partners of ALK,
the anaplastic lymphoma kinase, in anaplastic large-cell
lymphoma and inflammatory myofibroblastic tumor. Genes
Chromosomes Cancer. 2002;34(4):354-362.

4. Abate E, Todaro M, van der Krogt J-A, Boi M, Landra I,
Machiorlatti R, Tabbo F, Messana K, Abele C, Barreca A,

Yu et al. 2023 | https://doi.org/10.34133/research.0170

10.

11.

12.

13.

14.

15.

16.

17.

et al. A novel patient-derived tumorgraft model with TRAF1-
ALK anaplastic large-cell lymphoma translocation. Leukemia.
2015;29(6):1390-1401.

Lamant L, Gascoyne RD, Duplantier MM, Armstrong F,
Raghab A, Chhanabhai M, Rajcan-Separovic E, Raghab J,
Delsol G, Espinos E. Non-muscle myosin heavy chain
(MYH9): A new partner fused to ALK in anaplastic large cell
lymphoma. Genes Chromosomes Cancer. 2003;37(4):427-432.
Rikova K, Guo A, Zeng Q, Possemato A, Yu ], Haack H,
Nardone J, Lee K, Reeves C, Li Y, et al. Global survey of
phosphotyrosine signaling identifies oncogenic kinases in lung
cancer. Cell. 2007;131(6):1190-1203.

Takeuchi K, Choi YL, Togashi Y, Soda M, Hatano S,

Inamura K, Takada S, Ueno T, Yamashita Y, Satoh Y, et al.
KIF5B-ALK, a novel fusion oncokinase identified by an
immunohistochemistry-based diagnostic system for ALK-
positive lung cancer. Clin Cancer Res. 2009;15(9):3143-3149.
Soda M, Choi YL, Enomoto M, Takada S, Yamashita Y,
Ishikawa S, Fujiwara SI, Watanabe H, Kurashina K,

Hatanaka H, et al. Identification of the transforming EML4-
ALK fusion gene in non-small-cell lung cancer. Nature.
2007;448(7153):561-566.

Choi YL, Soda M, Yamashita Y, Ueno T, Takashima J,
Nakajima T, Yatabe Y, Takeuchi K, Hamada T, Haruta H,
et al. EML4-ALK mutations in lung cancer that

confer resistance to ALK inhibitors. N Engl ] Med.
2010;363(18):1734-1739.

Blackhall E Kim DW, Besse B, Nokihara H, Han J-Y, Wilner KD,
Reisman A, Iyer S, Hirsh V, Shaw AT. Patient-reported
outcomes and quality of life in PROFILE 1007: A randomized
trial of crizotinib compared with chemotherapy in previously
treated patients with ALK-positive advanced non-small-cell
lung cancer. J Thorac Oncol. 2014;9(11):1625-1633.

Solomon BJ, Mok T, Kim D-W, Wu Y-L, Nakagawa K,
Mekhail T, Felip E, Cappuzzo F, Paolini J, Usari T, et al. First-
line crizotinib versus chemotherapy in ALK-positive lung
cancer. N Engl ] Med. 2014;371(23):2167-2177.

Gainor JF, Dardaei L, Yoda S, Friboulet L, Leshchiner I,
Katayama R, Dagogo-Jack I, Gadgeel S, Schultz K, Singh M,
et al. Molecular mechanisms of resistance to first- and
second-generation ALK inhibitors in ALK-rearranged lung
cancer. Cancer Discov. 2016;6(10):1118-1133.

Recondo G, Mezquita L, Facchinetti F, Planchard D, Gazzah A,
Bigot L, Rizvi AZ, Frias RL, Thiery JP, Scoazec J-Y, et al.
Diverse resistance mechanisms to the third-generation ALK
inhibitor Lorlatinib in ALK-rearranged lung cancer. Clin
Cancer Res. 2020;26(1):242-255.

Cooper AJ, Sequist LV, Lin JJ. Third-generation EGFR and
ALK inhibitors: Mechanisms of resistance and management.
Nat Rev Clin Oncol. 2022;19(8):499-514.

Yun C-H, Mengwasser KE, Toms AV, Woo MS,

Greulich H, Wong K-K, Meyerson M, Eck MJ. The T790M
mutation in EGFR kinase causes drug resistance by
increasing the affinity for ATP. Proc Natl Acad Sci U S A.
2008;105(6):2070-2075.

Katayama R, Shaw AT, Khan TM, Mino-Kenudson M,
Solomon BJ, Halmos B, Jessop NA, Wain JC, Yeo AT,
Benes C, et al. Mechanisms of acquired crizotinib
resistance in ALK-rearranged lung cancers. Sci Transl Med.
2012;4(120):120rall7.

Sasaki T, Koivunen J, Ogino A, Yanagita M, Nikiforow S,
Zheng W, Lathan C, Marcoux JP, du J, Okuda K, et al.

10


https://doi.org/10.34133/research.0170

Research

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

A novel ALK secondary mutation and EGFR signaling
cause resistance to ALK kinase inhibitors. Cancer Res.
2011;71(18):6051-6060.

Miyawaki M, Yasuda H, Tani T, Hamamoto J, Arai D, Ishioka K,
Ohgino K, Nukaga S, Hirano T, Kawada I, et al. Overcoming
EGEFR bypass signal-induced acquired resistance to ALK
tyrosine kinase inhibitors in ALK-translocated lung cancer.
Mol Cancer Res. 2017;15(1):106-114.

Shiba-Ishii A, Johnson TW, Dagogo-Jack I, Mino-Kenudson M,
Johnson TR, Wei P, Weinrich SL, McTigue MA, Walcott MA,
Nguyen-Phuong L, et al. Structural and functional analysis

of lorlatinib analogs reveals roadmap for targeting diverse
compound resistance mutations in ALK-positive lung cancer.
Nat Cancer. 2022;3(6):710-722.

Takegawa N, Hayashi H, lizuka N, Takahama T, Ueda H, Tanaka K,
Takeda M, Nakagawa K. Transformation of ALK rearrangement-
positive adenocarcinoma to small-cell lung cancer in association with
acquired resistance to alectinib. Ann Oncol. 2016;27(5):953-955.
Katayama R, Sakashita T, Yanagitani N, Ninomiya H, Horiike A,
Friboulet L, Gainor JF, Motoi N, Dobashi A, Sakata S, et al.
P-glycoprotein mediates ceritinib resistance in anaplastic
lymphoma kinase-rearranged non-small cell lung cancer.
EBioMedicine. 2016;3:54-66.

Kort A, Sparidans RW, Wagenaar E, Beijnen JH, Schinkel AH.
Brain accumulation of the EML4-ALK inhibitor ceritinib

is restricted by P-glycoprotein (P-GP/ABCB1) and breast
cancer resistance protein (BCRP/ABCG2). Pharmacol Res.
2015;102:200-207.

Tang SC, Nguyen LN, Sparidans RW, Wagenaar E,

Beijnen JH, Schinkel AH. Increased oral availability and
brain accumulation of the ALK inhibitor crizotinib by
coadministration of the P-glycoprotein (ABCB1) and breast
cancer resistance protein (ABCG2) inhibitor elacridar. Int |
Cancer. 2014;134(6):1484-1494.

Ni Z, Wang X, Zhang T, Jin RZ. Molecular dynamics
simulations reveal the allosteric effect of F1174C resistance
mutation to ceritinib in ALK-associated lung cancer. Comput
Biol Chem. 2016;65:54-60.

Chen J, Wang W, Sun H, Pang L, Yin B. Mutation-mediated
influences on binding of anaplastic lymphoma kinase to crizotinib
decoded by multiple replica Gaussian accelerated molecular
dynamics. ] Comput Aided Mol Des. 2020;34(12):1289-1305.
Sun H-Y, Ji F-Q. A molecular dynamics investigation on the
crizotinib resistance mechanism of C1156Y mutation in ALK.
Biochem Biophys Res Commun. 2012;423(2):319-324.

Sun H, Li Y, Tian S, Wang J, Hou T. P-loop conformation
governed crizotinib resistance in G2032R-mutated ROS1
tyrosine kinase: Clues from free energy landscape. PLOS
Comput Biol. 2014;10(7):Article e1003729.

Sun H, LiY, Li D, Hou T. Insight into crizotinib resistance
mechanisms caused by three mutations in ALK tyrosine kinase
using free energy calculation approaches. ] Chem Inf Model.
2013;53(9):2376-2389.

Pan P, Yu H, Liu Q, Kong X, Chen H, Chen J, Liu Q, Li D,
Kang Y, Sun H, et al. Combating drug-resistant mutants

of anaplastic lymphoma kinase with potent and selective
type-I1/2 inhibitors by stabilizing unique DFG-shifted loop
conformation. ACS Cent Sci. 2017;3(11):1208-1220.

Sun H, Pan P, Tian S, Xu L, Kong X, Li Y, Dan Li, Hou T.
Constructing and validating high-performance MIEC-SVM
models in virtual screening for kinases: A better way for
actives discovery. Sci Rep. 2016;6:Article 24817.

Yu et al. 2023 | https://doi.org/10.34133/research.0170

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

Yu Y, Wang Z, Wang L, Tian S, Hou T, Sun H. Predicting the
mutation effects of protein-ligand interactions via end-point
binding free energy calculations: Strategies and analyses.

J Cheminform. 2022;14(1):Article 56.

Sun H, Duan L, Chen F, Liu H, Wang Z, Pan P, Zhu E,

Zhang JZH, Hou T. Assessing the performance of MM/

PBSA and MM/GBSA methods. 7. Entropy effects on the
performance of end-point binding free energy calculation
approaches. Phys Chem Chem Phys. 2018;20(21):14450-14460.
Sun H, Li Y, Tian S, Xu L, Hou T. Assessing the performance
of MM/PBSA and MM/GBSA methods. 4. Accuracies of MM/
PBSA and MM/GBSA methodologies evaluated by various
simulation protocols using PDBbind data set. Phys Chem
Chem Phys. 2014;16(31):16719-16729.

Loccisano AE, Acevedo O, DeChancie ], Schulze BG,
Evansek JD. Enhanced sampling by multiple molecular
dynamics trajectories: Carbonmonoxy myoglobin 10
micros A0-->A(1-3) transition from ten 400 picosecond
simulations. ] Mol Graph Model. 2004;22(5):369-376.

Zhou Y, Xiang S, Yang F, Lu X. Targeting gatekeeper
mutations for kinase drug discovery. ] Med Chem.
2022;65(23):15540-15558.

Mizuta H, Okada K, Araki M, Adachi J, Takemoto A,
Kutkowska J, Maruyama K, Yanagitani N, Oh-hara T,
Watanabe K, et al. Gilteritinib overcomes lorlatinib
resistance in ALK-rearranged cancer. Nat Commun.
2021;12(1):Article 1261.

Roskoski R. Properties of FDA-approved small molecule
protein kinase inhibitors: A 2021 update. Pharmacol Res.
2021;165:Article 105463.

Cui JJ, Tran-Dubé M, Shen H, Nambu M, Kung P-P, Pairish M,
Jia L, Meng J, Funk L, Botrous [, et al. Structure based drug
Design of Crizotinib (PF-02341066), a potent and selective
dual inhibitor of mesenchymal-epithelial transition factor
(c-MET) kinase and anaplastic lymphoma kinase (ALK). ] Med
Chem. 2011;54(18):6342-6363.

Sakamoto H, Tsukaguchi T, Hiroshima S, Kodama T,
Kobayashi T, Fukami TA, Oikawa N, Tsukuda T, Ishii N, Aoki Y.
CH5424802, a selective ALK inhibitor capable of blocking the
resistant gatekeeper mutant. Cancer Cell. 2011;19(5):679-690.
Friboulet L, Li N, Katayama R, Lee CC, Gainor JE, Crystal AS,
Michellys P-Y, Awad MM, Yanagitani N, Kim S, et al. The ALK
inhibitor ceritinib overcomes crizotinib resistance in non-
small cell lung cancer. Cancer Discov. 2014;4(6):662-673.
Huang W-S, Liu S, Zou D, Thomas M, Wang Y, Zhou T,
Romero J, Kohlmann A, Li E, Qi ], et al. Discovery of Brigatinib
(AP26113), a phosphine oxide-containing, potent, orally
active inhibitor of anaplastic lymphoma kinase. ] Med Chem.
2016;59(10):4948-4964.

Menichincheri M, Ardini E, Magnaghi P, Avanzi N, Banfi P,
Bossi R, Buffa L, Canevari G, Ceriani L, Colombo M, et al.
Discovery of Entrectinib: A new 3-Aminoindazole as a potent
anaplastic lymphoma kinase (ALK), c-ROS oncogene 1 kinase
(ROS1), and Pan-tropomyosin receptor kinases (Pan-TRKs)
inhibitor. J] Med Chem. 2016;59(7):3392-3408.

Johnson TW, Richardson PF, Bailey S, Brooun A, Burke BJ,
Collins MR, Cui JJ, Deal JG, Deng Y-L, Dinh D, et al.
Discovery of (10R)-7-Amino-12-fluoro-2,10,16-trimethyl-15-
0x0-10,15,16,17-tetrahydro-2H-8,4-(metheno)pyrazolo[4,3-h]
[2,5,11]-benzoxadiazacyclotetradecine-3-carbonitrile (PF-
06463922), a macrocyclic inhibitor of anaplastic lymphoma
kinase (ALK) and c-ROS oncogene 1 (ROS1) with preclinical

1


https://doi.org/10.34133/research.0170

Research

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

brain exposure and broad-Spectrum potency against ALK-
resistant mutations. ] Med Chem. 2014;57(11):4720-4744.
Discovery Studio Modeling Environment. Accelrys Software
Inc. http://www.accelrys.com.

Case DA, Cheatham TE 3rd, Darden T, Gohlke H, Luo R,
Merz KM, Onufriev A, Simmerling C, Wang B, Woods R]. The
Amber biomolecular simulation programs. ] Comput Chem.
2005;26(16):1668-1688.

Wang J, Wang W, Kollman PA, Case DA. Automatic atom
type and bond type perception in molecular mechanical
calculations. ] Mol Graph Model. 2006;25(2):247-260.

Xu L, Sun H, Li Y, Wang ], Hou T. Assessing the performance
of MM/PBSA and MM/GBSA methods. 3. The impact

of force fields and ligand charge models. ] Phys Chem B.
2013;117(28):8408-8421.

Tang R, Chen P, Wang Z, Wang L, Hao H, Hou T, Sun H.
Characterizing the stabilization effects of stabilizers in
protein-protein systems with end-point binding free energy
calculations. Brief Bioinform. 2022;23(3):Article bbac127.
Wang ], Sun H, Chen J, Jiang D, Wang Z, Wu Z, Chen X,
Cao D, Hou T. DeepChargePredictor: A web server

for predicting QM-based atomic charges via state-of-
the-art machine-learning algorithms. Bioinformatics.
2021;37(22):4255-4257.

Jiang D, Sun H, Wang J, Hsieh C-Y, Li Y, Wu Z, Cao D,

Wu J, Hou T. Out-of-the-box deep learning prediction

of quantum-mechanical partial charges by graph
representation and transfer learning. Brief Bioinform.
2022;23(2):Article bbab597.

Wang JM, Wolf RM, Caldwell JW, Kollman PA, Case DA.
Development and testing of a general amber force field.

J Comput Chem. 2004;25(9):1157-1174.

Maier JA, Martinez C, Kasavajhala K, Wickstrom L, Hauser KE,
Simmerling C. ff14SB: Improving the accuracy of protein side
chain and backbone parameters from ff99SB. ] Chem Theory
Comput. 2015;11(9):3696-3713.

Jorgensen WL, Chandrasekhar J, Madura JD, Impey RW,
Klein ML. Comparison of simple potential functions for
simulating liquid water. ] Chem Phys. 1983;79:926-935.
Darden T, York D, Pedersen L. Particle mesh Ewald: An n.log
(N) method for Ewald sums in large systems. ] Chem Phys.
1993;98:10089-10092.

Ryckaert J-P, Ciccotti G, Berendsen HJC. Numerical
integration of the cartesian equations of motion of a system
with constraints: Molecular dynamics of n-alkanes. ] Comput
Phys. 1977;23(3):327-341.

Wang E, Sun H, Wang J, Wang Z, Liu H, Zhang JZH, Hou T.
End-point binding free energy calculation with MM/PBSA and
MM/GBSA: Strategies and applications in drug design. Chem
Rev. 2019;119(16):9478-9508.

Weiser ], Shenkin PS, Still WC. Approximate atomic surfaces
from linear combinations of pairwise overlaps (LCPO).

J Comput Chem. 1999;20(2):217-230.

Tan C, Yang L, Luo R. How well does Poisson-Boltzmann
implicit solvent agree with explicit solvent? A quantitative
analysis. ] Phys Chem B. 2006;110(37):18680-18687.
Onufriev A, Bashford D, Case DA. Exploring protein native
states and large-scale conformational changes with a modified
generalized born model. Proteins. 2004;55(2):383-394.

Hou T, Wang ], Li Y, Wang W. Assessing the performance of
the MM/PBSA and MM/GBSA methods: I. the accuracy of

Yu et al. 2023 | https://doi.org/10.34133/research.0170

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

78.

binding free energy calculations based on molecular dynamics
simulations. ] Chem Inf Model. 2011;51(1):69-82.

Genheden S, Kuhn O, Mikulskis P, Hoffmann D, Ryde U.

The normal-mode entropy in the MM/GBSA method: Effect of
system truncation, buffer region, and dielectric constant.

J Chem Inf Model. 2012;52(8):2079-2088.

Miller BR 3rd, McGee TD Jr, Swails JM, Homeyer N,

Gohlke H, Roitberg AE. MMPBSA.py: An efficient program
for end-state free energy calculations. ] Chem Theory Comput.
2012;8(9):3314-3321.

Shell MS, Panagiotopoulos A. In: Chipot C, Pohorille A, editors.
Free energy calculations: Theory and applications in chemistry
and biology. Berlin, Heidelberg: Springer; 2007. p. 25-32.
Kistner J. Umbrella sampling. WIREs Comput Mol Sci.
2011;1(6):932-942.

Laio A, Parrinello M. Escaping free-energy minima. Proc Natl
Acad Sci U S A. 2002;99(20):12562-12566.

Darve E, Rodriguez-Gémez D, Pohorille A. Adaptive biasing
force method for scalar and vector free energy calculations.

J Chem Phys. 2008;128(14):Article 144120.

Kumar S, Rosenberg JM, Bouzida D, Swendsen RH, Kollman PA.
THE weighted histogram analysis method for free-energy
calculations on biomolecules I the method. ] Comput Chem.
1992;13(8):1011-1021.

Souaille M, Roux B. Extension to the weighted histogram
analysis method. Comput Phys Commun. 2001;135(1):40-57.
Bruckner S, Boresch S. Efficiency of alchemical free
energy simulations. I. A practical comparison of the
exponential formula, thermodynamic integration, and
Bennett's acceptance ratio method. ] Comput Chem.
2011;32(7):1303-1319.

Teukolsky SA, Flannery BP, Press W, Vetterling W. Numerical
recipes in C. SMR. 1992;693:59-70.

Clenshaw CW, Curtis AR. A method for numerical integration
on an automatic computer. Numer Math. 1960;2:197-205.
Bennett CH. Efficient estimation of free energy differences
from Monte Carlo data. ] Comput Phys. 1976;22(2):245-268.
Shirts MR, Chodera JD. Statistically optimal analysis of
samples from multiple equilibrium states. ] Chem Phys.
2008;129(12):Article 124105.

Steinbrecher T, Joung I, Case DA. Soft-core potentials in
thermodynamic integration: Comparing one- and two-step
transformations. ] Comput Chem. 2011;32(15):3253-3263.
Beutler TC, Mark AE, van Schaik RC, Gerber PR,

van Gunsteren WE. Avoiding singularities and numerical
instabilities in free energy calculations based on molecular
simulations. Chem Phys Lett. 1994;222(6):529-539.

Glykos NM. Software news and updates. Carma: A

molecular dynamics analysis program. ] Comput Chem.
2006;27(14):1765-1768.

Newman ME]. Fast algorithm for detecting community
structure in networks. Phys Rev E Stat Nonlin Soft Matter Phys.
2004;69(6 Pt 2):Article 066133.

QiuY, Yin X, Li X, Wang Y, Fu Q, Huang R, Lu S. Untangling
dual-targeting therapeutic mechanism of epidermal growth
factor receptor (EGFR). Pharmaceutics. 2021;13(5):747.

La Sala G, Gunnarsson A, Edman K, Tyrchan C, Hogner A,
Frolov AL Unraveling the allosteric cross-talk between

the coactivator peptide and the ligand-binding site in the
glucocorticoid receptor. ] Chem Inf Model. 2021;61(7):
3667-3680.

12


https://doi.org/10.34133/research.0170
http://www.accelrys.com



