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Abstract

Background: Chemotherapy is a cornerstone of cancer treatment; however, resistance to
first-line chemotherapeutic agents remains a major challenge. ROS1, one of fifty-eight recep-
tor tyrosine kinases, has been implicated in various cancer subtypes, including glioblastoma,
non-small-cell lung cancer, and cholangiocarcinoma. Notably, the Gly2032Arg mutation
in the ROS1 protein has been linked to resistance against the kinase inhibitor crizotinib.
Objectives: Given the challenge, we conducted a comprehensive in silico study to identify
new drug candidates. Methods: The study starts with modeling the Gly2032Arg-mutated
ROS1 protein, followed by structure-based screening of the PubChem database. Results:
Out of 1760 molecules screened, we selected the top 4 molecules (PubChem CID: 67463531,
72544946, 139431449, and 139431487) with structural features similar to crizotinib, a high
docking score, and drug likeness. To further validate the effectiveness of the identified
compounds, we assessed their binding affinity using the Molecular Mechanics with Gen-
eralized Born Surface Area (MM-GBSA) scoring method. To underpin the behavior and
stability of protein–ligand complexes, 500 ns molecular dynamics (MD) simulations were
conducted, and parameters including RMSD, RMSF, and H-bond dynamics were studied
and compared. Density functional theory (DFT) at the B3LYP/6-31G* level was performed
to elucidate molecular features of the identified compounds. Conclusions: Overall, this
study sheds light on a new series of compounds effective against mutated targets, thereby
offering a new horizon in this area.

Keywords: ROS1; crizotinib; molecular docking; MM-GBSA; MD simulation

1. Introduction
Cancer remains the second leading cause of global mortality and morbidity, resulting

in nearly 8 million deaths and 14 million new cases each year. A recent study indicates
that both the incidence and mortality rates of cancer are expected to increase in the com-
ing decades. Among various forms of cancers, non-small-cell lung cancer (NSCLC) is a
prevalent form of lung cancer, constituting about 85% of all lung cancer cases [1,2]. Despite
ongoing reports of potential treatments, fundamental challenges persist in this area, includ-
ing late detection, metastasis, the absence of selective drugs, diverse treatment responses
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influenced by genetic, epigenetic, or environmental factors, and the almost inevitable emer-
gence of tumour resistance [3–5]. Addressing these complexities remains a crucial focus in
cancer research. The proto-oncogene receptor tyrosine kinase ROS1 is implicated in various
cancers, including NSCLC [6–10]. Aberrations in the ROS1 gene, such as gene fusions, have
been identified in a subset of NSCLC cases, leading to constitutive activation of the ROS1
kinase domain [11,12]. In NSCLC, ROS1 rearrangements are considered driver mutations
that contribute to uncontrolled cell growth and proliferation [13,14]. Understanding the
molecular mechanisms and signalling pathways regulated by ROS1 is essential for de-
veloping targeted therapies and advancing precision medicine to manage NSCLC [15,16].
Targeting ROS1 with kinase inhibitors, such as crizotinib, has shown therapeutic efficacy in
treating ROS1-positive NSCLC [15,17,18]. However, most patients treated with crizotinib
develop resistance within the first year.

Numerous theoretical and experimental studies have been undertaken to identify new
drug candidates against ROS1 [19]. For example, Vanajothi et al. [20] studied ROS1 as a
crucial biomarker in cancer progression and identified potential inhibitors using structure-
based, atom-based, and pharmacophore-based virtual screening. Molecular docking and
MM-GBSA calculations results suggested strong binding affinity and favorable ADME
properties. However, the effectiveness of the inhibitors against mutated ROS1 remains
uncertain. Additionally, 100 ns molecular dynamics (MD) simulation is insufficient to assess
protein–ligand behavior. Wu et al. [21] explored the inhibitory mechanism of lorlatinib
against WT and G2032R-mutated ROS1 using MD simulations and free energy calculations.
They noted that the G2032R mutation reduces lorlatinib’s binding affinity by increasing
conformational entropy and decreasing solvation energy. However, like the previous
study, the 50 ns MD simulation duration is insufficient for a comprehensive trajectory
analysis. Pathak et al. [22] identified potential inhibitors for WT and G2032R-mutated
ROS1 using pharmacophore modelling, virtual screening, docking, and MD simulations.
Although five compounds showed strong binding and stability, the study lacks longer MD
simulations. Similarly, Hasan and co-workers [23] investigated the effects of the G2032R
and D2033N mutations in ROS1 using MD simulations. They demonstrated that such
mutation induces structural instability and drug resistance. In addition, conformational
changes were apparent, especially at the ATP-binding site.

Considering the above-mentioned challenges and in pursuit of identifying new drugs
effective in combating cancer resistance, we conducted an extensive in silico study of
the Gly2032Arg-mutated ROS1 protein. We used the PDB ID 7Z5X protein as a template
(residues 1937–2225) to model the complete structure [24]. The PubChem database was
used to identify new molecules with characteristics similar to those of crizotinib, yielding
1760 molecules. Based on their binding free energy, MMGBSA scores, and drug-likeness, the
top four candidates, namely PubChem CID: 67463531, 72544946, 139431449, and 139431487,
were then selected. To assess their stability, MD simulations were performed, and root
mean square deviation (RMSD), root mean square fluctuation (RMSF), secondary struc-
ture elements (SSEs), H-bonding, and protein–ligand interaction results were analyzed.
Finally, density functional theory (DFT) calculations were conducted to evaluate molecular
properties and descriptors. The results were compared against crizotinib as the reference.

2. Results
2.1. Homology Modeling and Validation

To obtain a detailed three-dimensional structure of the ROS1 protein incorporating the
missing residues, homology modelling was performed using the Swiss-Model server. The
missing segment (2104–2123: GLARDIYKNDYYRKRGEGLL) was modelled using PDB ID
7Z5X (residues 1937–2225) as a template [24,25]. The reconstructed loop was optimized
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and refined, which was confirmed by a low RMSD (0.71 Å) when aligned with the reference
protein (Figure 1a) [26]. The Ramachandran plot revealed that 93.1% of the analyzed regions
corresponded to the most favored conformations (Figure 1b). Additionally, 5.8% were
allowed, and 0.9% were generously allowed, indicating less optimal but still permissible
conformations. Only 0.2% of the plot was found in disallowed regions. Collectively, these
findings substantiated the model’s adequacy and reliability [27].

Figure 1. (a) Superimposed ROS1 protein (PDB: 7Z5X, blue color) onto the model structure (green
color), and the missing residues 21042123 (red loop). (b) Ramachandran plot.

2.2. Molecular Docking

The modelled protein, as obtained above, was then used as a receptor to identify
suitable ligands that bind the protein’s active pocket. Molecular docking was performed
using Glide XP, and the results are presented in Table 1 and Figures 2 and 3. A com-
prehensive search of the PubChem database was conducted to identify potential ROS1
inhibitors, applying key drug-likeness filters such as molecular weight (MW < 500 Da),
H-bond donors/acceptors, and logP values. This initial screening yielded 1760 compounds,
which were subjected to molecular-docking-based virtual screening. Based on binding
affinity, MM-GBSA scores, and drug-likeness properties, the top four promising candidates
were shortlisted for further investigation.

Table 1. The results encompass drug-likeness properties, molecular docking XP Gscore, and MMG-
BSA calculations for the selected compounds.

Comp. mol
MW RB donorHB accptHB PSA %HOA dipole SASA FOSA FISA PISA WPSA volume RO5 XP

GScore MM/GBSA

Crizotinib 450.342 4 3 5.25 73.04 92.19 1.451 698.55 271.34 116.27 190.44 120.49 1283.91 0 −7.50 −55.59
67463531 430.44 5 3 6.75 116.82 89.51 5.734 674.27 103.99 173.43 349.88 46.97 1261.85 0 −11.24 −56.10
72544946 351.38 6 2 3.75 108.70 80.98 7.484 685.51 74.24 69.80 494.48 46.99 1166.10 0 −10.63 −59.70

139431449 423.45 2 1 8 101.03 80.83 6.52 731.04 340.84 139.69 219.99 30.51 1294.20 0 −9.77 −55.31
139431487 421.51 2 1 7.5 113.60 77.53 8.51 752.80 339.12 152.58 214.84 46.25 1322.07 0 −9.68 −58.31

Comp. QPpolrz QPlogPC16 QPlogPoct QPlogPw QPlogPo/w QPlogS CIQPlogS QPlogHERG QPPCaco QPlogBB QPPMDCK QPlogKp metab QPlogKhsa

Crizotinib 44.479 13.294 22.432 12.212 4.143 −5.457 −6.085 −6.114 195.077 −0.142 427.651 −4.67 5 0.781
67463531 44.476 13.996 23.792 14.858 3.498 −5.379 −6.625 −5.829 224.514 −1.271 177.99 −3.003 5 0.461
72544946 46.457 12.895 21.774 12.839 2.908 −5.162 −4.739 −6.776 116.983 −0.592 79.09 −5.19 3 0.44

139431449 47.523 13.79 22.264 12.457 3.255 −5.806 −4.903 −6.942 88.274 −0.744 71.147 −5.445 3 0.612
139431487 47.044 14.537 24.652 16.533 2.121 −3.992 −4.198 −7.283 135.829 −0.942 63.25 −4.36 6 −0.111

Docking studies yielded four new compounds 4-(6-amino-5-(1-(5-fluoro-2-(2H-
1,2,3-triazol-2-yl)phenyl)ethoxy)pyridin-3-yl)isoindolin-1-one (67463531), 1-benzyl-3-(3-
((3-fluorobenzyl)oxy) pyridin-2-yl)urea (72544946), 6-fluoro-N-(4-methyloxazol-2-yl)-5-
(1-(1-methyl piperidin-4-yl)-1H-pyrazol-4-yl)-1H-indazole-3-carboxamide (139431449),
and 5-(1-(1-methylpiperidin-4-yl)-1H-pyrazol-4-yl)-N-(2-methylthiazol-5-yl)-1H-indazole-
3-carboxamide (139431487) as the ROS1 inhibitors (Figure 2). Crizotinib was used the
reference compound in this study.
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Figure 2. Chemical structures of the top four candidates, namely PubChem CID: 67463531, 72544946,
139431449, and 139431487.

 

Figure 3. Three-dimensional images of ROS1 with the reference and the identified compounds
(67463531, 72544946, 139431449, and 139431487). H-bond interactions are shown as black dotted lines.

Docking results suggest that all the identified compounds displayed higher affinity
(XP Gscore = −9.68 to −11.24 kcal/mol) than crizotinib (XP Gscore = −7.50 kcal/mol). The
reference compound formed four H-bonds with amino acids Leu1951, Asp2079, Asn2084,
and Asp2102 and interacted with residues such as Gly1952, Ser1953, Gly1954, Ala1955,
Phe1956, Val1959, Lys1980, Ala1978, Leu2010, Leu2026, Glu2027, Leu2028, Met2029,
Arg2032, Asp2033, Arg2083, Leu2086, and Leu2105 through Van der Waals interactions
(Figures 3a and 4a). Among the screened compounds, 67463531 showed the lowest XP
Gscore (–11.24 kcal/mol) and formed three H-bonds involving Met2029 and Asp2033.
Comparing the structure of this compound with the reference molecule, the 2,6-dichloro-
3-fluorophenyl and piperidine groups in crizotinib are replaced by 5-fluoro-2-(2H-1,2,3-
triazol) and isoindolin-1-one moieties, respectively, while the 2-aminopyridine group
remains intact. The latter group (isoindoline-1-one) served as the HBD/HBA fragments,
while the triazole ring was found to be exposed to the solvent. Such replacement also mod-
ified the way the 2-aminopyridine group interacted with the receptor, which is important
when considering the ROS mutation. The ligand was found to be further stabilized by other
non-covalent interactions (Figures 3b and 4b). The compound 72544946 exhibited a slightly
lower affinity (XP Gscore = −10.63 kcal/mol) and one H-bond (with residue Met2029).
However, the two benzyl rings interacted with neighbouring residues, including Leu1949,
Leu1951, Gly1952, Ser1953, Gly1954, Val1959, Glu1961, Lys2090, Lys1976, Ala1978, Lys1980,
Leu2010, Leu2086, Leu2026, Glu2027, Leu2028, Glu2030, Gly2031, Arg2032, Asp2033, and
Thr2036 (Figures 3c and 4c).
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Figure 4. Two-dimensional interactions of ROS1 with the reference and the screened compounds
(67463531, 72544946, 139431449, and 139431487). H-bond interactions are shown as pink arrows.

The last two compounds, 139431449 and 139431487, are indazole-based and share
a high degree of structural similarity. This also explains why they exhibited very close
affinity (−9.77 and −9.68 kcal/mol, respectively). Both compounds formed three H-
bonds with Lys1980, Glu2027, and Asp2102, while 139431449 formed an additional in-
teraction with Met2029 (Figures 3d,e and 4d,e). Following the docking studies, we also
estimated the binding free energies (∆GBind) from MM-GBSA calculations. Except for
139431449 (−55.31 kcal/mol), all other compounds displayed the highest negative bind-
ing energy (−56.10 to −58.31 kcal/mol) and were better than the reference compound
(−55.59 kcal/mol).

2.3. Physicochemical and Pharmacokinetic Profiling

ADME/T and pharmacological profiling play a vital role in the drug discovery process.
QikProp analysis confirmed that crizotinib and four shortlisted compounds (67463531,
72544946, 139431449, and 139431487) met all drug-like features and obeyed Lipinski’s Rule
of Five (RO5) (Table 1) [28]. All selected compounds exhibited MW < 500 Da, a polar surface
area (PSA) within the acceptable range, and favorable H-bonding fragments (donors: 1–3,
acceptors: 3.75–8). Human oral absorption (%HOA) ranged from 77% to 92%, indicating
good bioavailability. Additionally, properties such as blood–brain barrier permeability and
solubility were within acceptable limits, making these compounds promising candidates
for further studies.

The selected compounds were also evaluated for physicochemical and pharmacoki-
netic properties (Table 1) using the modules available in Qikprop [29]. All compounds
exhibited promising permeability across cell membranes (QPPCaco > 88) and moderate
brain penetration (QPlogBB between −0.14 and −1.27). Solubility values (QPlogS) ranged
from −5.806 to −3.992, indicating good drug-likeness. Notably, all candidates showed
acceptable human serum albumin binding (QPlogKhsa) and metabolic stability (metab:
3–6). The overall results suggest that these compounds possess favorable ADME profiles.
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2.4. MD Simulation
2.4.1. RMSD Analysis

The stability of ROS1–ligand complexes was assessed through RMSD analysis during
a 500 ns MD simulation. We monitored the RMSD values for both protein and ligand
to evaluate structural stability and binding behavior. The average Cα-RMSD values for
ROS1-Gly2032Arg and its complexes with the reference, 67463531, 72544946, 139431449,
and 139431487 ranged from 1.61 Å to 2.04 Å. The complexes reached equilibrium within the
first 50 ns, indicating stable interactions. However, the mutant ROS1 structure exhibited
noticeable fluctuations between 60 and 120 ns, which persisted up to 375 ns. Among the
studied compounds, the reference crizotinib, 67463531, and 72544946 demonstrated the
lowest RMSD values (~1.61–1.62 Å) (Table 2). On the other hand, the ROS1-139431449
complex showed slight fluctuations between 175 and 300 ns, peaking around 2.5 Å before
stabilizing. These findings suggest that the references 67463531 and 72544946 maintained
a stable interaction with ROS1 (Figure 5a). Additionally, we analyzed the ligand RMSD
to evaluate binding behavior during the simulation period. The ligand RMSD values for
crizotinib, 67463531, 72544946, 139431449, and 139431487 were 3.16 Å, 2.91 Å, 2.41 Å, 2.21 Å,
and 3.42 Å, respectively, indicating that ligands maintained structural integrity throughout
the simulation. This also confirms their stable interactions within the ROS1 binding site
(Figure 5b).

Table 2. The average value of the RMSD of protein and ligand and the RMSF values.

System RMSD Protein (Å) RMSD Ligand (Å) RMSF Protein (Å)

ROS1-Gly2032Arg 2.04 - 1.03
Crizotinib 1.62 3.16 1.01
67463531 1.61 2.91 1.01
72544946 1.62 2.41 1.02

139431449 1.86 2.21 1.03
139431487 1.86 3.42 1.11

Figure 5. The MD simulation results of ROS1-Gly2032Arg with crizotinib and compounds (67463531,
72544946, 139431449, and 139431487). RMSD of (a) protein and (b) ligands.
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2.4.2. RMSF Analysis

RMSF analysis helps in identifying the key residues of a protein engaged in interactions
with a ligand. The mean RMSF values for the ROS1-mutated protein and the compounds
crizotinib, 67463531, 72544946, 139431449, and 139431487 were 1.03 Å, 1.01 Å, 1.01 Å, 1.02 Å,
1.03 Å, and 1.11 Å, respectively. Significant fluctuations were observed in the loop regions of
the ROS1-mutant protein, particularly in the Ala2041-Leu2037 (>3 Å), and Val2089-Ile2097
(~3 Å) residues. This can be attributed to the greater susceptibility of the N- and C-termini
compared to other regions of the protein. We also noted a consistent trajectory for the
compounds, indicating enhanced protein stability (Figure 6).

 

Figure 6. The RMSF of the protein with crizotinib and the screened compounds (67463531, 72544946,
139431449, and 139431487).

2.4.3. Contact Map Analysis

The contact maps for all the complexes were extracted from the simulated trajec-
tory (Figure 7). White or light colors indicate weaker interactions, while darker colors
indicate stronger interactions. As can be seen, the protein residues engaged with the
ligands via both polar and non-polar non-covalent interactions (Figure 8). Crizotinib ex-
hibits a notable binding profile, forming H-bonding with Ser1953, Arg2032, Asp2033,
Glu2071, Met2073, Phe2075, Asp2079, Arg2083, Leu2086, Asp2108, Ile2109, Tyr2110,
Asn2112, Gly2121, Ser2132, Leu2133, Met2134, Thr2139, Thr2140, and Gln2201 residues
of the binding pocket of ROS1. On the other hand, Leu1951, Ser1953, Gly1954, Phe1959,
Glu1997, Lys2003, Leu2010, Lys2040, Arg2072, Met2073, Asp2079, Asn2084, Phe2103,
Ile2109, Asp2113, Gly2121, Leu2122, Leu2123, Pro2124, and Glu2201 assisted in forming
hydrophobic interactions. Finally, we also noted water bridge interactions involving
Leu1951, Ser1953, Leu2000, Leu2010, Met2029, Glu2071, Arg2072, Met2073, Phe2075,
Asp2079, Arg2083, Asp2108, Ile2109, Tyr2110, Asn2112, Asp2113, Glu2120, Gly2121,
Leu2122, Leu2133, Met2134, Thr2139, Thr2140, Leu2171, Gln2175, Asp2203, and Gln2204.
Ionic bonds formed with Ser1953, Met2029, Arg2032, Tyr2069, Phe2075, Leu2105, Asn2112,
Tyr2114, Gln2141, and Glu2201 (Figure 8a).

Similarly, in the ROS1-67463531 complex, H-bonds formed with Ser1953, Ala1955,
Ala1978, Leu2028, Glu2030, Arg2032, Ala2082, and Gly2101 residues. Hydrophobic residues
include Leu1951, Ala1955, Gly1957, Val1977, Ala1978, Glu1997, Leu2010, Glu2030, Ala2082,
and Cys2085. Water bridge interactions involve Leu1951, Ser1953, Ala1955, Phe1956,
Val1959, Lys1976, Ala1978, Phe1994, Met2029, Glu2030, Arg2032, Asp2033, Leu2036,
Ala2082, Arg2083, Asn2084, Leu2086, Lys2090, Gly2101, and Asp2102 (Figure 8b). Moreover,
in the ROS1-72544946 complex, the interaction pattern includes H-bonds with Leu2028,
Met2029, Glu2030, and Arg2032. Hydrophobic residues involved are Leu1951, Phe1956,
Val1959, Lys1976, Glu2027, Glu2030, and Arg2083. Water bridge interactions comprise
Leu1951, Val1959, Glu2030, and Arg2032 (Figure 8c). In the ROS1-139431449 complex, the
interaction pattern includes H-bonds with Ser1953, Ala1955, Ala1978, Leu2026, Leu2028,
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Glu2030, Arg2032, Asp2079, Arg2083, and Leu2086. Hydrophobic residues involved
are Leu1951, Gly1954, Glu1958, Val1977, Glu1997, Leu2010, Glu2030, and Asn2084. Wa-
ter bridge interactions comprise Leu1951, Gly1952, Gly1954, Phe1956, Val1959, Lys1976,
Ala1978, Glu1997, Leu2010, Leu2028, Glu2030, Arg2032, Asp2033, Asp2079, and Asp2102.
Ionic bonds formed with Arg2032, Asp2033, and Leu2086 (Figure 8d). The interaction
pattern of the ROS1-139431487 complex includes H-bonds with Gly1952, Ala1978, Leu2026,
Leu2028, Glu2030, Arg2032, Asp2079, and Asp2102. Hydrophobic residues involved
are Arg1948, Ala1955, Phe1956, Lys1976, Ala1978, Glu1997, Leu2010, and Asn2084. Wa-
ter bridge interactions comprise Arg1948, Gly1952, Val1959, Lys1980, Met2029, Glu2030,
Arg2032, Asp2079, Arg2083, Leu2086, and Asp2102. Ionic bond formation occurs with
Arg2032 and Asp2102 (Figure 8e).

 

Figure 7. The contact map of ROS1 with crizotinib and compounds (67463531, 72544946, 139431449,
and 139431487).

 

Figure 8. The protein–ligand interaction diagrams for ROS1 with crizotinib and compounds (67463531,
72544946, 139431449, and 139431487 (a–e), respectively).

2.5. DFT Studies

Following the molecular docking, ADME/T analyses, and MD studies, DFT calcula-
tions at the B3LYP/6-31G* level were performed to explore the molecular features of the
identified compounds [30]. While DFT is widely recognized for its accuracy and ability
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to predict the structure and properties of molecular systems, it has recently attracted in-
terest among researchers for estimating molecular descriptors and correlating them with
bioactivity [31,32]. The results of these findings are presented in Table 3 and Figure 9.
As shown, the highest occupied molecular orbital (HOMO) is primarily distributed over
a common motif, the pyridinyl ring, in both the reference (crizotinib) and the screened
compounds (67463531 and 72544946, Figure 9a). As expected, the lowest unoccupied
molecular orbital (LUMO) was found mainly over the 2,6-dichloro-3-fluorophenyl core in
crizotinib. On the other hand, it was over isoindolin-1-one in 67463531 and 3-fluorobenzyl
in 72544946 (Figure 9a). Compounds 139431449 and 139431487, having close structures
(only differing in the oxazole/thiazole fragment), showed similar frontier molecular orbital
distribution and energy levels. Therefore, in the case of 139431449 and 139431487, HOMO
was delocalized over 6-fluoro-N-(4-methyloxazol-2-yl)-1H-indazole-3-carboxamide and N-
(2-methylthiazol-5-yl)-1H-indazole-3-carboxamide, respectively. The HOMO levels for the
screened compounds range from −5.52 to −5.92 eV, while the LUMO values vary between
–1.74 and −0.84 eV, resulting in ∆E(H-L) values between 3.96 and 4.66 eV. These values were
comparable with the reference compounds (∆E(H-L) = 4.68 eV). Interestingly, we noted a re-
lationship between the HOMO level and the XP GScore of the compounds. The electrostatic
potential (ESP) map of the studied compounds is shown in Figure 9b. Different colors of the
ESP indicate electron-poor or rich regions. Finally, using the ∆E(H-L) energies, we estimated
the chemical reactivity descriptors such as chemical hardness (η = 1.98 to 2.34 eV), softness
(σ = 0.19 to 0.25 eV−1), chemical potential (µ = −3.73 to −3.18 eV), electrophilicity index
(ω = 1.97 to 3.48 eV), and electronegativity (χ = 3.18 to 3.73 eV) of the compounds.

Figure 9. (a) Frontier molecular orbitals and (b) electrostatic potential map of crizotinib and shortlisted
compounds.

https://doi.org/10.3390/ph19020229

https://doi.org/10.3390/ph19020229


Pharmaceuticals 2026, 19, 229 10 of 15

Table 3. DFT (B3LYP/6-31G*)-calculated frontier molecular orbital energies, energy gap (∆E(H-L)),
and chemical reactivity descriptors computed from the HOMO-LUMO energies.

Comp. EHOMO
(eV)

ELUMO
(eV)

∆E a

(eV)
I b

(eV)
A c

(eV)
X d

(eV)
H e

(eV)
σ f

(eV−1)
µ g

(eV)
ω h

(eV)

Crizotinib –5.52 –0.84 4.68 5.52 0.84 3.18 2.34 0.21 –3.18 2.16

67463531 –5.92 –1.26 4.66 5.92 1.26 3.59 2.33 0.21 –3.59 2.76

72544946 –5.82 –0.61 5.21 5.82 0.61 3.21 2.60 0.19 –3.21 1.97

139431449 –5.73 –1.74 3.99 5.73 1.74 3.73 1.99 0.25 –3.73 3.48

139431487 –5.61 –1.65 3.96 5.61 1.65 3.63 1.98 0.25 –3.63 3.32
a–h for details, see ref [33].

3. Discussion
The ROS1 gene encodes a proto-oncogene tyrosine-protein kinase that plays a role in

cellular signalling and oncogenesis [6]. The protein consists of an extracellular domain with
nine fibronectin III-like domains and three β-propeller structures, a 23-residue transmem-
brane segment, and an intracellular tyrosine kinase domain [6,34]. ROS1 has emerged as a
significant oncogenic driver in multiple cancers [18]. Targeted therapies, such as crizotinib
and lorlatinib, have been developed to inhibit ROS1 fusion proteins, offering effective
treatment options for ROS1-positive lung cancer [17,35]. However, resistance mutations,
particularly G2032R, present challenges, necessitating the discovery of next-generation
inhibitors [36]. G2032R is the most prevalent resistance mechanism in ROS1-rearranged
non-small-cell lung cancer (NSCLC), emerging in approximately one-third of patients
after crizotinib therapy [37]. Current second-generation inhibitors, such as ceritinib and
entrectinib, show limited efficacy against this mutation.

Despite significant progress in computational drug design and the synthesis of ROS1
inhibitors, bypassing resistance remains a challenge. Researchers continue to explore novel
scaffolds and adopt optimization strategies to enhance potency, selectivity, and resistance
profiles. While promising compounds have been identified [37–39], new drug candidates
are needed to develop clinically effective ROS1 inhibitors. Recently, Park et al. [40] de-
veloped trisubstituted pyrazole-based inhibitors, with some compounds showing low
IC50 values and strong interactions within ROS1. The inhibitors were tested primarily
against wild-type ROS1, leaving their effectiveness against resistant mutations like G2032R
unclear. Similarly, Guo et al. [41] focused on developing dual ALK/ROS1 inhibitors to
overcome ALK G1202R mutation. They adopted a structure-guided approach, leading
to the identification of diarylaminopyrimidine analogues with superior cytotoxicity and
nanomolar inhibitory activity against ALK and ROS1. It was suggested that the intro-
duction of heteroatoms, such as sulfur, is beneficial for activity. Drilon et al. [42] studied
and identified the ROS1 D2033N mutation as a novel mechanism of acquired resistance to
crizotinib in ROS1-rearranged lung cancer. Structural modeling and biochemical assays
revealed that this mutation reduces crizotinib binding by altering electrostatic interactions.
It was also reported that a heterocyclic small molecule N-(4-((6,7-dimethoxyquinolin-4-
yl)oxy)phenyl)-N-(4-fluorophenyl)cyclopropane-1,1-dicarboxamide (cabozantinib) inhibits
the mutant form. While the above-mentioned candidates are promising, further clinical
studies will be needed to determine their broader applicability and potential off-target
effects, which is indeed a time- and money-intensive step.

Considering this, we adopted a comprehensive computational approach to identify
new candidates that could bind and inhibit the mutant form of ROS1. Fragment-based
molecular docking identified four promising inhibitors (67463531, 72544946, 139431449,
and 139431487) from 1760 molecules. These top four compounds showed strong binding
affinities and favorable pharmacokinetic properties. MD simulations confirmed the stability
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of ROS1–ligand complexes over 500 ns, especially complexes containing 67463531 and
72544946. RMSF and contact map analyses highlighted several key residues involved in
stable interactions. DFT results also supplement the docking results, as the values of frontier
molecular orbital energies and other descriptors for the top two candidates (67463531 and
72544946) are close to those of the reference compound, crizotinib.

4. Materials and Methods
To collect the maximum diversity of molecules such as crizotinib, we adopted a

fragment-based search strategy (Scheme 1). We divided crizotinib into three parts, namely
fragments “A” (SMILES: (O[C@@H](C1=C(Cl)C=CC(F)=C1Cl)C), “B” (SMILES: N1(C2CC
NCC2)C=CC=N1), and “C” (SMILES: NC1=C(O)C=CC=N1). We then queried these
fragment-containing compounds available in the PubChem database [43], leading to the
identification of 1760 molecules.

 

Scheme 1. Chemical structures of the fragments used to search the PUBCHEM database.

4.1. Molecular Docking
4.1.1. Hardware and Software

All computational calculations were conducted on a Dell workstation with 64 GB of
RAM with an NVIDIA GeForce RTX 3070 graphics card and 8 GB of GDDR6 memory.

4.1.2. Ligands and Receptor Preparation

A set of 1760 compounds from the PubChem database was obtained in sdf format.
The structures were cleaned, energy-minimized, and converted to mae format using
Schrödinger Maestro. LigPrep (Schrödinger) was then employed for further optimiza-
tion and preparation for molecular docking studies [44]. The ROS1 protein consists of
2347 amino acids [6]. Its available structure (PDB ID: 7Z5X) spans residues 1937–2225 but
lacks a segment (2104–2123) [24]. To complete the structure, the missing residues were
modelled using SWISS-MODEL [45], incorporating the co-crystal ligand from the original
structure. Active site residues were identified from UniProt (P08922), crystallographic data,
and literature [46]. Further validation was performed using PDBsum and sources in the
literature [47].

4.1.3. Pharmacological Properties Predictions

The pharmacological properties (absorption, distribution, metabolism, and toxicity,
ADMET) of the compounds under investigation were assessed using the QikProp software
V-2024.4 (Schrödinger) [48,49].

4.1.4. Molecular-Docking-Based Virtual Screening

The Glide module is an advanced, three-tiered molecular docking protocol designed
to streamline the drug discovery process [50]. A systematic multi-stage virtual screening
workflow was employed to identify potential ROS1 inhibitors. Initially, 1760 crizotinib-
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like compounds were retrieved from the PubChem database and screened using High-
Throughput Virtual Screening (HTVS), followed by Standard Precision (SP) and Extra
Precision (XP) docking, each retaining the top 50% of ranked molecules. From the XP
stage, 25 leading compounds were shortlisted and evaluated [51]. Based on docking perfor-
mance and key hydrogen bond interactions, four top candidates (PubChem CIDs 67463531,
72544946, 139431449, and 139431487) were selected. Their binding modes were visualized
using PyMOL 3.1, and owing to their favorable binding affinities, interaction stability, and
pharmacokinetic profiles, these compounds were advanced for MD simulations [52].

4.1.5. MD Simulations

To predict the stability of the protein–ligand docking complex, MD calculations were
conducted using Desmond V4.1 following our previous protocol [53]. The complexes were
immersed in a simple point charge (SPC) water model, neutralized with counterions, and
adjusted to a physiological salt concentration of 0.15 M [54]. The Particle Mesh Ewald (PME)
method was used for electrostatics, with a threshold of 10 for Lennard–Jones interactions.
The SHAKE algorithm was employed to constrain the movements of covalent bonds
involving hydrogen atoms [54,55]. Initial energy minimization (2000 steps) with solute
restraints utilized a hybrid method of steepest descent (10 steps) and the LBFGS algorithm
followed by energy minimization (2000 steps) without solute restraints. Simulations at
300 K involved 24 ps in the NPT ensemble with restrained solute non-hydrogen atoms,
followed by an additional 24 ps with no constraints. Initial simulations utilized Berendsen
thermostats and barostats to monitor temperatures and pressures [56]. Subsequently, a
Nose–Hoover thermostat at 300 K and Martyna–Tobias–Klein barostats at 1.01 bar pressure
were employed in the NPT ensemble for a relaxed method spanning 500 ns with a time
steps of 2 fs [57]. Trajectories (around 20 K) were recorded at a time interval of 4.5 ps.

4.1.6. Density Functional Theory (DFT) Studies

DFT calculations were performed using the Becke three-parameter hybrid functional
combined with Lee-Yang-Parr correlation functional (B3LYP) and 6-31G* basis set with
the Spartan 24 software. Calculations were performed using the PCM solvation model,
and water was selected as the solvent [58,59]. Chemical reactivity descriptors (ionization
energy, electron affinity, electronegativity, chemical potential, chemical hardness, softness,
and electrophilicity index) were estimated following a previous publication [33].

5. Conclusions
The proto-oncogene receptor tyrosine kinase ROS1 plays a pivotal role in regulating

cancers, particularly non-small-cell lung cancer (NSCLC). Aberrations such as ROS1 gene
fusions have been detected in a subset of NSCLC cases, leading to persistent activation of the
ROS1 kinase domain. These mutations are recognized as driver mutations that contribute to
unregulated cell growth. Targeting ROS1 with inhibitors like crizotinib has proven effective
in treating ROS1-positive NSCLC. In this context, targeting ROS1 presents a promising
strategy for developing effective anticancer drugs. A total of 1760 compounds, bearing
crizotinib fragments, were retrieved from the PubChem database. This study identified four
small-molecule inhibitors, namely 67463531, 72544946, 139431449, and 139431487, targeting
mutated ROS1 with a favorable pharmacokinetic profile. The results of the molecular
docking and MD simulations suggest high affinity of these compounds against mutated
ROS1. While further in vitro and in vivo validation is required to substantiate these claims,
we firmly believe that the compounds are promising and may serve as potential leads for
next-generation ROS1 inhibitors.
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