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The emergence of targeted therapies for MET exon 14 (METex14) skipping mutations has significantly 
changed the treatment landscape for NSCLC and other solid tumors. The skipping of METex14 results 
in activating the MET-HGF pathway and promoting tumor cell proliferation, migration, and preventing 
apoptosis. Type Ib MET inhibitors, designed to selectively target the “DFG-in” conformation of MET, 
characteristically bind to the ATP-binding pocket of MET in a U-shaped conformation, extending into 
the solvent-accessible region and interact strongly with residue Y1230 through π-π interactions, have 
shown remarkable efficacy in treating METex14-altered NSCLC, including cases with brain metastases 
(BMs). Notably, vebreltinib and capmatinib have demonstrated superior blood-brain barrier (BBB) 
permeability in both computational and experimental models, highlighting their potential for 
treating the central nervous system (CNS) metastases. P-glycoprotein (P-gp) is highly expressed in 
the BBB, which limits the brain uptake of many highly lipophilic drugs. Despite challenges posed by 
P-gp mediated efflux, vebreltinib has emerged as a promising candidate for CNS treatment due to its 
favorable pharmacokinetic profile and minimal susceptibility to P-gp efflux. This study underscores 
the importance of molecular dynamics simulations in predicting drug efficacy and BBB penetration, 
providing valuable insights for the development of CNS-targeted metastases therapies.

The mesenchymal epithelial transforming factor (MET) receptor tyrosine kinase and its variants are frequently 
implicated in a variety of solid tumors, notably gastrointestinal, head and neck tumors, and lung cancers. MET 
amplification or overexpression is not only seen in untreated patients, but also contributes to acquired resistance 
in metastatic EGFR-mutant non-small cell lung cancer (NSCLC). MET variation in NSCLC includes mutation, 
amplification, or gene fusion. Notably, MET exon 14 (METex14) skipping, occurring in 3–4% of NSCLC patients, 
is a significant MET aberration1,2.

Increased survival rates in NSCLC have unfortunately been accompanied by a rise in brain metastases (BMs), 
with over 30% of patients harboring MET alterations being at risk. These patients face a threefold higher mortality 
risk compared to those with wild-type MET3. The mechanism of BMs in NSCLC population is complicated. The 
metastatic cascade involves tumor cell shedding, hematogenous spread, penetration of the blood-brain barrier 
(BBB), and subsequent parenchymal colonization. While current therapeutic focus lies in managing established 
BMs, the potential of targeting tumor cells prior to visible metastasis formation represents a promising avenue. 
So far, METex14 skipping inhibitors have shown potential in this regard.

In March 2023, glumetinib4 was approved for marketing in China to treat adult patients with locally 
advanced or metastatic NSCLC harboring MET exon 14 skipping mutations. Notably, glumetinib demonstrated 
promising efficacy in treating brain metastases (BMs), achieving an 85% objective response rate (ORR) in 13 
patients with METex14 NSCLC and baseline BMs5. This represents a significant advancement in the treatment 
of this challenging patient population. Subsequently, in November 2023, the National Medical Products 
Administration (NMPA) approved vebreltinib, a Class I innovative drug, for the treatment of locally advanced 
or metastatic NSCLC with MET exon 14 skipping mutations6. Vebreltinib demonstrated remarkable blood-brain 
barrier penetration, achieving a 100% ORR in patients with MET amplification and BMs7. In a groundbreaking 
development, vebreltinib received approval in April 2024 for treating IDH-mutant astrocytoma or glioblastoma 
with PTPRZ1-MET fusion genes8. This marks the second indication for vebreltinib in China and the first 
targeted therapy approved for treating patients with MET abnormalities in brain glioma.

MET tyrosine kinase inhibitors (TKIs) are broadly classified into type I, type II, and type III, with type I and 
type II being the predominant inhibitors with distinct binding mechanisms9. Type I MET inhibitors bind to the 
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ATP-binding pocket in the “DFG-in” conformation of MET and are further divided into Ia and Ib subtypes. Type 
Ia inhibitors, such as crizotinib10, interact with the Y1230 residue, the hinge region, and the solvent front G1163. 
In contrast, type Ib inhibitors, including capmatinib11, tepotinib12, savolitinib13, glumetinib4 and vebreltinib6, 
exhibit strong interactions with the Y1230 residue and hinge region but lack interaction with G1163. Type II 
inhibitors, like cabozantinib14, merestinib15 and glesatinib16, bind the ATP-binding pocket in the inactive “DFG-
out” state while extending into the hydrophobic allosteric pocket. Tivantinib is a type III inhibitor, which binds 
to allosteric sites distinct from the ATP binding site, and is reported to be non-ATP com petitive17. Notably, the 
recently approved type Ib inhibitors, glumetinib and vebreltinib, have demonstrated promising efficacy in treating 
advanced METex14 NSCLC. Furthermore, the success of vebreltinib in NSCLC patients with brain metastases 
and brain gliomas underscores its exceptional blood-brain barrier (BBB) penetration. This remarkable efficacy 
in the central nervous system (CNS) is attributed to the drug’s structural characteristics, including low molecular 
weight, high lipophilicity, and the ability to evade efflux by P-glycoprotein (P-gp)18.

This study focuses on five commercially available type Ib MET inhibitors (Fig. 1), comparing their binding 
modes, binding affinities, and blood-brain barrier penetration properties. We simulate their BBB penetration 
process and assess their potential as P-gp substrates, comprehensively evaluating the strengths of each drug. 
The insights gained from this analysis will inform the design of novel MET inhibitors with high selectivity 
and CNS permeability. Additionally, the developed drug permeability evaluation process can be applied to the 
development of other CNS-related drugs.

Methods
MD simulation of MET with drugs
In this study, molecular dynamics (MD) simulations19–24 were performed on five drugs and their complexes with 
MET. For tepotinib and capmatinib, crystal structures were available (PDB ID: 4R1V25 and 6SDE26, respectively). 
For the remaining drugs (vebreltinib, glumetinib, and savolitinib), complex structures were constructed using 
MOE-induced fit docking with 4R1V as a template, and missing residues 1150 and 1151 were patched using 
MOE27. All MD simulations were conducted using Amber22 with the GAFF228 and AMBER14SB29 force fields 
applied to the ligands and receptor, respectively. Ligand parameters were generated using the antechamber 
program with the AM1-BCC method30,31. Each complex was solvated in a cuboid TIP3P water box with periodic 
boundary conditions and neutralized with Na + or Cl- ions using tleap. Simulations employed the SHAKE 
algorithm32 to constrain bonds involving hydrogen atoms with a 2 fs time step, and electrostatic interactions 
were calculated using the Particle Mesh Ewald (PME) method33 with a 10.0 Å cutoff for long-range interactions. 
Prior to production runs, each complex underwent energy minimization with 10,000 steps of steepest descent 
followed by 10,000 steps of conjugate gradient. Subsequently, each system was gradually heated from 0 to 300 K 
in the NVT ensemble over 200 ps, followed by 1 ns equilibration in the NPT ensemble (300 K, 1 atm). Finally, 
500 ns production MD simulations were performed in the NVT ensemble.

Construction of BBB mimetic bilayer
The CHARMM-GUI membrane builder34–36 was employed to construct a BBB mimetic bilayer using a four-
component lipid model, balancing accuracy and computational resources. This model represents a consensus 
composition of human BBB membranes derived from reviews of human and porcine brain endothelial 
cells37, human and bovine brain endothelial cells, and brain capillary endothelial cells. The bilayer comprised 
1,2-dimyristoyl-sn-glycero-3-phosphocholine (DMPC), 1,2-dimyristoyl-sn-glycero-3-phosphoethanolamine 
(DMPE), palmitoylsphingomyelin (PSM), and cholesterol (CHOL) in a 1:1:1:1 ratio, with 120 lipids and a 35 Å 

Fig. 1.  Chemical structures of approved type Ib MET inhibitors.
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unilateral water layer thickness to ensure sufficient ligand movement. Counterions (K + or Cl-) were added to 
neutralize the system charge, along with 0.15 M KCl in the solvent, resulting in approximately 35,200 atoms per 
system.

PMF calculation
The CHARMM3638,39 force field was used for the bilayer, and drug topology parameters were generated using 
the CHARMM General Force Field (CGenFF) program40,41. Initially, energy minimization was performed for 
1000 steps using the steepest descent method, followed by a 125 ps NVT simulation with solute constraints to 
relax the system. A 250 ps NPT simulation was then conducted at constant pressure (1 atm) and temperature 
(303 K) using the Berendsen coupling method42 for both. Lennard-Jones interactions were evaluated with a 
1.2  nm cutoff, and the Particle Mesh Ewald (PME) scheme was employed for long-range electrostatics with 
periodic boundary conditions (PBC). All calculations were performed using GROMACS 202343,44.

Umbrella sampling was employed to calculate the free energy profiles. The drug was pulled from bulk water 
into the bilayer center along the z-axis, generating configurations with varying z-distances between the center of 
mass (COM) of the bilayer and the drug. A harmonic restraint with a force constant of 1000 kJ·mol⁻¹·nm⁻² and a 
pulling rate of 0.005 nm·ps⁻¹ were applied. Representative windows were selected with a COM spacing of 0.2 nm, 
spanning from the bilayer center to bulk water. Each simulation window, following a 1 ns equilibration, was 
run for 50 ns with a 2 fs time step. The COM z-distance between the bilayer and drug was maintained constant, 
and trajectories were saved every 50 ps. The weighted histogram analysis method (WHAM)45,46, implemented 
in GROMACS, was used to compute the free energy profile. Statistical errors were estimated using Bayesian 
bootstrap analysis with N = 50.

MD simulation of P-gp with drugs
A homology model of human P-gp was constructed based on crystal structure analysis and homology modeling, 
using the structure from 6QEX47 as a template. Missing residues 631–693 were modeled using SWISS-MODEL48. 
Subsequently, five drugs were individually docked into the P-gp substrate binding pocket using MOE induced 
fit docking to determine optimal binding conformations. For each drug, three poses were selected based on 
docking scores and visual inspection for further molecular dynamics (MD) simulations. All MD simulations 
were conducted using Amber22 with the GAFF228 and AMBER14SB29 force fields applied to the ligands and 
receptor, respectively. Ligand parameters were generated using the antechamber program with the AM1-BCC 
method30,31. Each complex was solvated in a cuboid TIP3P water box with periodic boundary conditions and 
neutralized with Na + or Cl− ions using tleap. Simulations employed the SHAKE algorithm32 to constrain bonds 
involving hydrogen atoms with a 2 fs time step, and electrostatic interactions were calculated using the Particle 
Mesh Ewald (PME) method33 with a 10.0 Å cutoff for long-range interactions. Prior to production runs, each 
complex underwent energy minimization with 10,000 steps of steepest descent followed by 10,000 steps of 
conjugate gradient. Subsequently, each system was gradually heated from 0 to 300  K in the NVT ensemble 
over 200 ps, followed by 1 ns equilibration in the NPT ensemble (300 K, 1 atm). Finally, 200 ns production MD 
simulations were performed in the NVT ensemble. The most stable trajectories were then analyzed for binding 
patterns.

MDCKII-MDR1 cell assay
The MDCKII-MDR1 cell model49 was used to assess drug permeability. Detailed experimental procedures are 
provided in the Supporting Information.

Results and discussion
Binding patterns of drug molecules with MET
Type Ib TKIs characteristically bind to the ATP-binding pocket of MET in a U-shaped conformation, extending 
into the solvent-accessible region alongside residues D1222, Y1230, and R1208. This conformation facilitates the 
formation of strong π − π stacking interactions with Y1230 of the A-loop, a key factor in the high selectivity of 
type Ib inhibitors.

To investigate the conformational dynamics of these inhibitors, we simulated the kinetics of five ligands 
in solution and analyzed the dihedral angle distribution of C3-C15-C1-N16 (using vebreltinib as an example) 
(Fig.  2). Dihedral angles between − 100° and 100° correspond to a U-shaped conformation, while angles 
outside this range indicate a more linear structure. Our results reveal that, with the exception of capmatinib, 
the distribution peak of dihedral angles for the other four drugs in solution favors the U-shaped state. Notably, 
vebreltinib’s distribution peak is closer to 0°, suggesting a more folded conformation that may facilitate entry 
into the ATP pocket. In contrast, capmatinib exhibits a broader dihedral angle distribution with a lower peak, 
indicating greater flexibility and a higher likelihood of transitioning between U-shaped and linear states, 
potentially hindering ATP pocket entry.

All five drugs demonstrated strong MET binding affinity, with IC50 values below 10 nM4,6,50–52. To further 
elucidate their binding patterns and affinities, we constructed binding complexes and conducted long-term 
MD simulations. The simulations revealed stable binding modes for all five drugs (Fig. 3), consistently forming 
hydrogen bonds with the M1160 backbone amino group in the hinge region. Vebreltinib, savolitinib, glumetinib 
and capmatinib exhibited strong hydrogen bonds with M1160 via their 6 − 5 or 6–6 fused heterocyclic rings, with 
high frequencies of 91%, 96%, 99% and 97%, respectively. While tepotinib exhibited a slightly lower probability 
of hydrogen bonding with M1160 (84%), likely due to steric hindrance from its piperidine group protruding 
from the solvent front. Hydrogen bonds were also formed with D1222 in the DFG region on the right side. 
Notably, tepotinib demonstrated a higher probability of hydrogen bonding with D1222 (85%) compared to the 
other molecules, suggesting stronger binding due to the increased strength of N-O hydrogen bonds compared 
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to N-N bonds. Additionally, π-π interactions with Y1230 played a crucial role in molecular stability, although 
this interaction was modulated by hydrogen bonding effects at D1222 and the stability of the terminal rotating 
region.

MM/GBSA analysis53, a common method for calculating small-molecule binding free energy, was employed 
to assess the binding affinity of the five drugs. Stable binding was observed for all five drugs, as evidenced by their 
binding free energies (Figure S1). Given the critical role of Y1230 in type Ib inhibitor binding, we focused our 
analysis on the specific contributions of Y1230 to ligand binding (Fig. 4A), the energy decomposition of the key 
residues M1160 and D1222 are shown in Figure S2. Free energy decomposition revealed that Y1230 contributed 
the most to vebreltinib binding, with a value of − 4.3 kcal/mol, double that of capmatinib. Since type Ib inhibitors 
typically extend into the solvent front, this region can influence ligand binding, particularly due to solvent effects 
and the presence of a rotatable bond that may affect the stability of the π-π interaction with Y1230. Analysis 
of the dihedral angle distribution of this rotatable bond during dynamics simulations (Fig. 4B) showed that 
vebreltinib and glumetinib have concentrated distributions near 0 degrees, indicating stable terminal structures 

Fig. 2.  The shape distribution of drugs in solution. (A) Probability distribution of dihedral angles affecting 
drug shapes during 500 ns dynamics. (B) Schematic diagram of drug shape and dihedral angle, with the four 
atoms constituting the dihedral angle shown as spherical atoms.
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with minimal rotation. This stability favors strong π-π interactions with Y1230, explaining the significant 
contribution of Y1230 to vebreltinib binding. However, the π-π interaction of glumetinib with Y1230 is weaker 
due to a lower probability (41%) of hydrogen bonding with D1222 in the DFG region. In contrast, capmatinib 
exhibited a broad dihedral angle distribution with a low peak, suggesting high flexibility and rotation of the 
terminal region, leading to weaker interactions with Y1230.

Type Ib MET inhibitors block MET activation by binding to ATP-binding sites in the MET kinase domain, 
thereby inhibiting the activation of the downstream MET signaling pathway. This inhibitory effect can reduce 
the proliferation, migration and invasion of tumor cells, thus producing an inhibitory effect on tumor growth. 
Therefore, we can improve the competitiveness with ATP to improve the drug efficacy. Our analysis of the 
interactions of five MET-targeting drugs and their solution conformations revealed that drugs favoring a 
U-shaped structure, particularly vebreltinib, have improved access to the ATP pocket. Further investigation of 
drug-target interactions showed that strong binding affinity is achieved through stable hydrogen bonding with 
the hinge region residue M1160 and π-π interactions with Y1230. Hydrogen bonding with D1222 and stability 
of the rotatable terminal structure are crucial for optimal interaction with Y1230, as a stabilized end region 
promotes stronger π-π interactions due to coplanar alignment with the drug’s ring moiety. Overall, our findings 
highlight the importance of considering both target binding and efficient binding pocket entry in the design of 
MET inhibitors.

Fig. 3.  Binding patterns and key interactions between drug molecules and MET. Drug molecules are 
represented as colored sticks, key residues as white sticks. Hydrogen bond interactions are shown with yellow 
dashed lines, π-π interactions with green dashed lines, and hydrogen bond frequencies under dynamic are 
labeled on the graph.
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Membrane permeation process analysis of drug molecules
For most drugs to reach their intended targets, they must first cross at least one cellular membrane. While high 
target affinity is essential for potency, poor membrane permeability can severely limit a drug’s efficacy in vivo. 
Drug transport across membranes primarily occurs through passive or active mechanisms. Active transport 
utilizes energy from processes such as ATP hydrolysis, whereas passive transport relies on simple diffusion 
without external energy input. The blood-brain barrier (BBB), formed by tight junctions between brain capillary 
endothelial cells, selectively restricts the passage of substances from the bloodstream into the brain. Overcoming 
this barrier poses a significant challenge in drug development, as it can greatly affect a compound’s ability to 
reach therapeutic targets within the central nervous system (CNS). Key physicochemical properties influencing 
membrane binding and diffusion include lipophilicity, molecular weight, and polarity. Lipinski’s Rule of 5, which 
employs four criteria (molecular weight ≤ 500 Da, octanol-water partition coefficient (logP) ≤ 5, ≤ 5 hydrogen 
bond donors, and ≤ 10 hydrogen bond acceptors), is often used to predict BBB permeability54.

Due to the critical importance of BBB penetration for CNS drugs, numerous strategies have been explored to 
enhance drug delivery across this barrier55–57. Computational methods offer several advantages over experimental 
approaches for predicting BBB permeability, including high throughput, low cost, and increased efficiency58. For 
instance, Siwy et al. employed all-atom replica-exchange umbrella sampling molecular dynamics simulations to 
investigate the partitioning of charged and neutral peptides into a BBB mimetic bilayer59. Liang et al. successfully 
predicted the BBB permeation of Erlotinib and JCN037 using molecular simulations, demonstrating good 
agreement with experimental results60.

In this study, we employed umbrella sampling to simulate the permeation process of five drugs across a 
BBB mimetic bilayer. Assuming symmetry in the transmembrane process, we focused solely on drug insertion 
into and movement towards the bilayer center (Fig. 5B). The convergence of umbrella sampling simulations is 
demonstrated in Figs. S3 and S4. Free energy profiles for BBB bilayer permeation were calculated using potential 
of mean force (PMF) analysis based on umbrella sampling, as shown in Fig. 5A. All five drugs exhibit significant 
energy barriers upon membrane entry, peaking at the bilayer center. However, vebreltinib and capmatinib 
demonstrate notably lower energy barriers within the membrane. Vebreltinib, in particular, displays an energy 
peak only 12.94  kcal/mol higher than that of the outer membrane, suggesting relatively facile membrane 
penetration. The flatter free energy profile of vebreltinib further supports this notion, suggesting enhanced BBB 
permeability. This observation aligns with the reported clinical efficacy of vebreltinib in treating brain metastases 
and gliomas. In contrast, savolitinib, glumetinib, and tepotinib encounter substantially higher energy barriers 
(> 25 kcal/mol), illustrating considerable difficulty in permeating the membrane.

Notably, glumetinib exhibits an energy minimum at 25 Å from the membrane center, lower than in bulk 
solution (the green curve in Fig. 5A). Conformational analysis of all five molecules near this distance reveals 
close proximity to the membrane (Fig. 6). Specifically, glumetinib forms strong hydrogen bonds with the head 
amino group of DMPE with a 73% probability. This interaction, likely enhanced by glumetinib’s unique sulfone 
group, creates an energy trough near 25 Å. In contrast, the other four drugs exhibit weaker interactions with the 
membrane at this distance, suggesting that while glumetinib may readily associate with the membrane surface, 
this interaction could potentially hinder its transmembrane passage.

With the exception of vebreltinib, the remaining drugs also demonstrate a propensity for interaction with 
DMPE, highlighting the role of the charged amino group on DMPE in facilitating drug-membrane interactions. 
The hydrophobic nature of the membrane center makes molecular integration energetically costly. However, 

Fig. 4.  Interaction strength between drugs and residue Y1230 and its influencing factors. (A) Decomposed 
binding energy of Y1230, calculated by MM/GBSA. (B) The dihedral angle distribution of the rotatable bond 
significantly influences interaction with Y1230, where the four constituent atoms are depicted as spherical 
entities.
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vebreltinib and capmatinib, with their relatively low topological polar surface area (TPSA), exhibit lower energies 
in the membrane center, translating to lower energy barriers for membrane integration and contributing to their 
favorable permeability profiles. Conversely, tepotinib, positively charged under neutral conditions, exhibits a low 
logP and a considerably higher energy requirement (approximately 35 kcal/mol) in the hydrophobic membrane 
center, making its transmembrane passage particularly challenging.

Fig. 6.  Selected snapshots of drugs on the membrane surface and in the membrane center. The drugs are 
shown as sticks at about 25 Å z-distance from the center of the membrane and surface at about 0 Å z-distance 
from the center of the membrane. The bilayer is shown as lines with DMPC, DMPE, PSM, and CHOL in blue, 
green, pink and orange, respectively. The key lipids that interact with the drug on the membrane surface are 
shown as sticks, and the key hydrogen bond frequencies are labeled on the figure. The TPSA and LogP of drugs 
are calculated by MOE.

 

Fig. 5.  The process of drugs passing across the BBB. (A) Free energy profiles of drugs passing across BBB 
based on the umbrella sampling dynamics, the x-coordinate is the distance of the drugs molecule from the 
center of the bilayer in the Z direction. Standard deviations from bootstrapping are shown in error bars. (B) 
Schematic diagram depicting drugs pass across the BBB (using vebreltinib as an example), with drug molecules 
shown as pink spheres, water solution as surface, and bilayer components (DMPC, DMPE, PSM, CHOL) as 
sticks in blue, green, pink, and orange, respectively.
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P-glycoprotein efflux analysis
The blood-brain barrier (BBB) is a selective barrier that protects the brain from potentially harmful substances 
while allowing essential nutrients to pass through. To penetrate this barrier effectively, drugs typically employ 
several key mechanisms, often leveraging the BBB’s unique structural features. Small, lipophilic molecules can 
cross the barrier via passive diffusion, taking advantage of the lipid-rich cell membranes, especially if they are 
neutral and under 400–500 Da. While many efflux transporters (like P-glycoprotein) work to remove drugs 
from the brain, drugs need to be designed to evade or inhibit these transporters, allowing higher concentrations 
to remain in the brain. P-glycoprotein (P-gp), encoded by the Multiple Drug Resistance 1 (MDR1) gene, is an 
important protein of the cell membrane that pumps xenobiotics out of cells. One critical active efflux mechanism 
is mediated by P-gp, which is highly expressed at the BBB, limiting the brain uptake of many lipophilic drugs. 
P-gp exhibits multiple substrate binding sites, enabling simultaneous interactions with various compounds61–63. 
Molecular docking was performed utilizing the the five drug molecules against the modeled P-gp protein (See the 
detailed modeling process in the “MD Simulation of P-gp with Drugs” subsection). MD simulations were then 
conducted to further analyze the molecular mechanism of the xenobiotics binding and the substrate-induced 
conformational changes in P-gp (Fig. S5). These simulations provide insights into the dynamic interactions 
between drugs and P-gp, crucial for understanding drug efflux and ultimately for designing drugs with improved 
BBB penetration64.

The transmembrane domain of P-gp, primarily composed of non-polar residues (Phe, Leu, Val), facilitates 
interactions with substrates mainly through hydrophobic and van der Waals interactions. Its binding pocket’s 
deep location within the helical region also emphasizes the role of non-polar interactions. Meanwhile, a few 
polar residues like Tyr and Gln could also provide hydrogen bond donors. This aligns with findings by Li-Blatter 
et al., emphasizing the role of hydrogen bonding and weak electrostatic interactions (cation-π, CH-π, π-π) 
in P-gp’s substrate binding65. Binding mode analysis according to the MD simulation (Fig. 7) reveals distinct 
binding modes for five drugs: vebreltinib, savolitinib and glumetinib predominantly interact via π-π or CH-π 

Fig. 7.  Binding patterns and key interactions between drug molecules and P-gp. Drug molecules are shown 
as colored sticks, key residues as white sticks. Hydrogen bond interactions are shown with yellow dashed lines 
and occupancy probabilities (numbers in percentage), CH-π or π-π interactions with green dashed lines.
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interactions with F336, F343 and F983. Vebreltinib and savolitinib exhibit strong π-π interactions with F343 via 
their 6 − 5 fused heterocyclic rings, while glumetinib forms a similarly strong π-π interaction with F343 through 
its pyrazole ring. On the opposite side, glumetinib’s pyrazole ring establishes additional π-π interactions with 
F336, whereas vebreltinib and savolitinib engage in CH-π interactions with F336 through their cyclopropyl and 
methyl group on pyrazole ring, respectively. Furthermore, glumetinib has a strong π-π interaction with F983 
via its 6 − 5 fused heterocyclic ring, savolitinib exhibits a strong π-π interaction with F983 through the pyrazole 
ring, but vebreltinib shows a weaker interaction with F983. The detailed interaction strengths are provided in 
the residues energy decomposition below. Glumetinib shows a higher propensity (85%) for hydrogen bonding 
with Y953 compared to vebreltinib and savolitinib (56–58%), potentially due to structural similarities leading 
to similar binding patterns. On the other hand, capmatinib forms strong hydrogen bonds with S344, E875 and 
Y310, alongside π-π interactions with F336 and F983 with its quinoline ring and 6 − 5 fused heterocyclic ring, 
respectively. Tepotinib exhibits strong π-π interactions with both F336 and F983 via its benzene ring, and also 
forms a unique interaction with F728 through its pyrimidine ring. Tepotinib also exhibits a unique strong 
hydrogen bond between its charged piperazine and Q725, another hydrogen bond with Y953. Consequently, 
this increases the likelihood of capmatinib and tepotinib being expelled from the brain as substrates for P-gp.

MM/GBSA calculations, based on the complex conformations from the last stable 50 ns of the MD trajectories, 
revealed distinct binding free energy profiles among the studied drugs (Fig. 8). Tepotinib displayed the highest 
binding affinity (− 71.3 kcal/mol) towards P-gp, primarily due to its positively charged functional group forming 
strong hydrogen bonding with Q725, as evidenced by the significant energy contribution of Q725 (− 6.34 kcal/
mol). This suggests tepotinib’s potential as a P-gp substrate. While capmatinib also exhibited a high binding 
free energy (− 49.62 kcal/mol), vebreltinib, savolitinib, and glumetinib showed lower and comparable binding 
affinities (− 39.02, − 38.12 and − 39.73  kcal/mol, respectively). Residue-specific free energy decomposition 
analysis of π-π interactions (Fig. 8B) highlighted the contributions of F336, F343 and F983 to the binding of 
all five drugs. Notably, F728 contributed significantly only to tepotinib’s binding, further supporting its strong 
affinity.

Integrating the dynamical and thermodynamic data, tepotinib exhibits a unique strong hydrogen bond 
between its charged piperazine and Q725, another hydrogen bond with Y953, and π-π interactions with 
F336, F983 and F728. So tepoinib emerges as a likely P-gp substrate due to its stable binding mode and high 
binding free energy. Capmatinib, while exhibiting a stable binding mode, may be a weaker substrate due to 
its lower free energy compared to tepotinib. Conversely, vebreltinib, savolitinib and glumetinib are unlikely to 
be P-gp substrates due to their lower binding free energies, fewer hydrogen bonds, and predominant reliance 
on hydrophobic and π-π interactions. Given the complex conformational changes and functional regulation 
possibly involved in P-gp-mediated transport47,66, further investigation using advanced simulation techniques, 
such as enhanced sampling, is expected in the future study to elucidate the intricate mechanisms underlying 
substrate transport.

In summary, our molecular dynamics simulations of various drugs and P-gp have revealed that while the 
interior of P-gp is predominantly hydrophobic, the formation of hydrogen bonds between ligand polar atoms 
and P-gp significantly enhances their interaction. Consequently, this increases the likelihood of these ligands 
being expelled from the brain as substrates for P-gp. Therefore, when designing drugs, it is crucial to consider 
maintaining an appropriate level of lipophilicity in order to avoid excessive polarity that may hinder their ability 
to cross the blood-brain barrier and achieve desired therapeutic efficacy.

Fig. 8.  Binding free energy of drugs and P-gp and decomposed energy of the main residues. (A) Binding 
free energy of drugs and P-gp, calculated with the trajectory of stable region by MM/GBSA. (B) Decomposed 
binding energy of Phe336, Phe343, Phe983 and Phe728.
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MDCK-MDR1 cell assay
CNS metastasis is a common occurrence in patients with advanced NSCLC and poses challenges for treatment 
and prognosis. Among patients with METex14 alterations, 73% had metastatic disease67, with 17% (95% CI 
10–27%; 14 out of 83 patients) having brain metastasis, including one patient with leptomeningeal disease. 
Additionally, 19% of patients (95% CI 11–29%; 16 out of 83 patients) developed brain metastasis later in 
their disease course. In total, CNS metastases were identified in 36% of patients (95% CI 10–27%; 30 out of 
83 patients) with METex14-altered lung cancers. In clinical studies, vebreltinib, glumetinib, and capmatinib 
have shown good blood-brain permeability effects, with objective response rates (ORR) reaching 100%7, 
85%5 and 54%68, respectively. Conversely, savolitinib and tepotinib had poor effects, with ORRs of less than 
50%69,70. Consequently, for the next experimental analysis, we have opted for inhibitors with good blood-brain 
permeability effects.

The MDCK-MDR1 cell model serves as an efficient in vitro blood-brain barrier (BBB) screening tool for 
evaluating the CNS permeability of different drugs, guiding drug discovery efforts71. This model involves MDCK 
cells transfected with the human MDR1 gene, resulting in overexpression of polar-distributed P-gp. Unlike 
endogenous transporters in native MDCK cells, which can be disregarded, this transfected cell line is ideal for 
studying P-gp mediated transport phenomena. The MDCK-MDR1 cell model, a well-established in vitro tool 
for assessing blood-brain barrier (BBB) penetration, was employed to evaluate the CNS permeability of three 
clinically relevant type Ib MET inhibitors: vebreltinib, glumetinib, and capmatinib, which are known for their 
significant BBB-penetrating properties (Table 1).

The BBB consists of the pia mater between the blood circulation and brain parenchyma, the brain capillary 
endothelium with choroid plexus, and the surrounding glial membrane. This barrier rigorously limits drug 
penetration, with most drugs primarily entering brain cells via passive diffusion. Therefore, a higher apparent 
permeability coefficient indicates enhanced ability for drugs to traverse the BBB. BBB endothelial cells prominently 
express P-gp transporters at their apical surfaces. High efflux activity of these transporters diminishes BBB 
permeability. Most CNS drugs exhibit high passive permeability (Papp > 15 × 10− 6 cm/s), and an efflux ratio 
(ER) less than 2.5 suggests minimal susceptibility to P-gp efflux. The bidirectional permeability experiments 
revealed that vebreltinib exhibited a notably high apparent permeability coefficient (Papp(A−B) = 21.16  cm/s 
× 10− 6) and a low efflux ratio as 1.23, showing it may possess relatively robust brain distribution. Similarly, 
capmatinib exhibited a high permeability coefficient (Papp(A−B) = 24.06 cm/s × 10− 6) and a lower efflux rate as 
1.11. Analysis by umbrella sampling simulations reveals that vebreltinib and capmatinib have favorable profiles 
for crossing the BBB, characterized by lower energy barriers of about 12.9 and 16.6  kcal/mol, respectively. 
The bidirectional permeability experiments revealed that vebreltinib and capmatinib exhibited a notably high 
apparent permeability coefficient which align well with the experimental data.

On the one hand, capmatinib was reported as a P-gp substrate72, agreeing with our findings that capmatinib 
showed the largest efflux permeability (Papp(B−A) = 26.72 cm/s × 10− 6) among the three drugs. On the other 
hand, the good blood-brain permeability effects of capmatinib may be due to its low passive diffusion free energy 
barrier (Fig. 5A). Glumetinib exhibited low efflux but a also low Papp(A−B) value, agreeing with the computational 
results that glumetinib had high passive diffusion free energy barrier while not intending to bind P-gp, showing 
its limited membrane penetration effectiveness, both influx and efflux.

Our findings underscore the importance of structural considerations in designing MET inhibitors that 
not only bind effectively to MET but also possess favorable pharmacokinetic properties for CNS penetration. 
These insights are critical for optimizing treatment strategies for NSCLC patients. While our focus is on MET 
abnormalities, NSCLC is a heterogeneous disease with various driver mutations (e.g., EGFR, ALK, ROS1) that 
can influence treatment responses. By understanding how different drugs interact with the MET pathway and 
their pharmacokinetic profiles, clinicians can tailor therapies based on a patient’s specific genetic makeup. For 
instance, patients with concurrent mutations might benefit from combination therapies that target multiple 
pathways simultaneously. Overall, these findings underscore the potential for a more individualized approach in 
managing NSCLC, ultimately aiming for improved outcomes.

Our transmembrane simulation model showed that vebreltinib and capmatinib exhibited low energy barriers 
for transmembrane crossing, suggesting they can penetrate cell membranes easily, consistent with their high 
experimental permeability. Our P-gp substrate binding model showed that capmatinib is likely to be a substrate 
of P-gp, and the experimental results showed that capmatinib has the largest efflux permeability and is the 
substrate of P-gp. So our models play a crucial role in the current development and testing of MET inhibitors. 
They facilitate an understanding of drug interactions at a molecular level, contributing to the design of more 
effective inhibitors with optimized pharmacokinetic properties. Models for clinical development typically focus 
on cellular responses and pharmacodynamics, while our models provide insights into drug permeation and 

Compound

Papp (cm/s × 
10− 6)

Efflux ratioA to B B to A

Vebreltinib 21.16 25.95 1.23

Glumetinib 12.97 18.03 1.39

Capmatinib 24.06 26.72 1.11

Table 1.  Permeability results of test compounds in MDCK-MDR1 cell line.
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membrane interactions. It’s advantages include higher throughput for screening drug permeability and a more 
realistic representation of the membrane environment, enabling better predictions of in vivo behavior.

Conclusions
Vebreltinib and glumetinib have demonstrated high objective response rates (ORR) in treating NSCLC with 
MET exon 14 mutations, particularly in patients with brain metastases. Vebreltinib also shows efficacy in 
treating mutant astrocytoma or glioblastoma, indicating broader potential beyond NSCLC. In this article, we 
focus on the efficacy and mechanisms of type Ib MET inhibitors, vebreltinib, glumetinib, capmatinib, tepotinib 
and savolitinib, in treating non-small cell lung cancer (NSCLC) with MET exon 14 skipping mutations.

Type Ib MET inhibitors demonstrate potent binding to MET through a U-shaped binding mode and strong 
interactions with crucial residues such as Y1230. This specific binding pattern enhances their selectivity and 
efficacy against MET-exon 14 skipping mutations. Vebreltinib, in particular, is easier to adopts a U-shaped 
conformation that enables effective inhibition of kinase activity by facilitating entry into the ATP pocket. Our 
study primarily focused on the binding affinity and initial activity of the molecules, while favorable binding 
alone does not necessarily demonstrate efficacy. It’s important to demonstrate both proximal and distal 
pharmacodynamic (PD) effects to establish a stronger link to efficacy in future studies.

In order to evaluate the BBB permeability of drugs, we constructed a BBB membrane model to closely replicate 
the unique characteristics of the human BBB, which restricts drug permeability due to its highly selective nature. 
Key features of this model include a high density of tight junctions, specific transporter proteins, and low 
passive permeability, which collectively mimic the restrictive environment of the BBB. Additionally, this model 
incorporates relevant efflux transporters P-gp, which is essential for evaluating the active transport processes 
that influence drug absorption and retention in the brain. Analysis by umbrella sampling simulations reveals 
that vebreltinib and capmatinib have favorable profiles for crossing the BBB, characterized by lower energy 
barriers. This property is crucial for CNS drug delivery, as drugs with lower energy barriers are more likely to 
penetrate brain tissue effectively. P-gp is a main factor contributing to multi drug resistance and the consequent 
failure of chemotherapy. While vebreltinib, savolitinib and glumetinib show minimal interaction with P-gp, 
suggesting low susceptibility to efflux, capmatinib and tepotinib exhibit higher interaction with P-gp, indicating 
potential limitations in CNS penetration due to P-gp mediated efflux. Experimental permeability studies in the 
MDCK-MDR1 cell line corroborate simulation findings, showing that vebreltinib and capmatinib have higher 
permeability coefficients. Taken together, the results suggest vebreltinib possesses superior BBB permeability. 
These findings underscore the importance of structural considerations in designing MET inhibitors that not 
only bind effectively to MET but also possess favorable pharmacokinetic properties for CNS penetration. These 
insights are critical for optimizing treatment strategies for NSCLC patients with MET abnormalities and brain 
metastases.

In conclusion, the success of vebreltinib in treating CNS tumors highlights its potential as effective therapies 
for patients with MET abnormalities, emphasizing the need for continued development of drugs with improved 
CNS permeation and selectivity profiles. These insights and dynamic simulation methods pave the way for 
future advancements in targeted therapies for CNS tumors.

Data availability
Data is provided within the manuscript or supplementary information files; further inquiries can be directed to 
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