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ABSTRACT

Globally, lung cancer remains among the foremost causes of death associated with
malignancy. In the Indonesian population, it is positioned as the third most common
cancer after cervical and breast cancers, and non-small-cell lung carcinoma (NSCLC)
constitutes the predominant form, accounting for about 85-88% of reported cases.
Anaplastic lymphoma kinase (ALK) is a key molecular target in NSCLC, contributing
significantly to carcinogenesis. However, resistance to current ALK-targeted
therapies poses a major challenge. To address this, new drug discovery efforts are
urgently needed. While drug development is typically time-consuming and costly,
Computer-Aided Drug Design (CADD) offers an efficient strategy at the early stages.
Biflavonoid derivatives have shown anticancer potential but are limited by poor
solubility and low activity, warranting further optimization. This study explores
structural modifications of biflavonoid derivatives to identify potential ALK
inhibitors. The results demonstrate that the modified compounds (Compounds A and
B) exhibit binding affinities comparable to the reference drug, Entrectinib.
Furthermore, ADMET predictions indicate favorable oral absorption, adequate
systemic distribution, and a relatively safe toxicity profile, supporting the potential of
these compounds as novel anticancer candidates.

Keywords: ALK, NSCLC, proliferation

Introduction

Cancer persists as one of the principal contributors to global mortality and
continues to impose a heavy public health burden. Data from the World Cancer
Research Fund indicate that in 2022, around 19.9 million new cases were recorded
worldwide, with 10.3 million in men and 9.7 million in women. Among various cancer
types, lung cancer ranks as the second most prevalent malignancy, following breast
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cancer, with an estimated 2.48 million cases and 1.82 million deaths reported globally
(WCREF, 2022) (Ferlay et al., 2021).

Lung cancer contributes to approximately 8.8% of new cancer diagnoses in
Indonesia, making it the third leading cancer following breast and cervical cancers
(Globocan, 2020), Notably, over 70% of lung cancer patients in Indonesia are in
their productive age group (<59 years), exhibiting a lower quality of life
compared with patients diagnosed with other cancer types (Dewi et al,, 2021). As
reported by the Indonesian Ministry of Health (2018), In Indonesia, lung cancer ranks
as the second major contributor to cancer mortality, responsible for approximately
15.9% of reported cancer deaths, with men being disproportionately affected
(Kementerian Kesehatan Republik Indonesia, 2018).

Lung cancer, when evaluated based on histopathological characteristics, falls
into two major types SCLC and NSCLC. Notably, NSCLC represents the predominant
form, comprising nearly 85-88% of all reported cases. The A549 human lung
adenocarcinoma cell line, derived from hypotriploid alveolar basal epithelial cells,
serves as a well-established in vitro model for NSCLC research (Korrodi-Gregdrio et
al., 2016). This cell line is commonly employed to evaluate the antiproliferative and
cytotoxic potential of various chemical and natural compounds.

At the molecular level, ALK has been identified as a key oncogenic driver in a
subset of NSCLC cases (Kifle et al., 2021). Aberrant activation of the ALK gene through
amplification, mutation, or its overexpression is known to promote both tumor
initiation and advancement in multiple cancers, including lung cancer, inflammatory
myofibroblastic tumors, and neuroblastoma (Della Corte et al., 2018). Even with FDA-
approved ALK TKIs such as crizotinib, ceritinib, entrectinib, and alectinib the
development of drug resistance greatly limits their long-term clinical benefit (Lin et
al,, 2017). Consequently, the development of novel ALK-targeted agents remains an
important focus in NSCLC therapy (Kifle et al., 2021).

Standard therapeutic approaches for lung cancer, such as surgical resection,
radiotherapy, chemotherapy, and targeted treatment, are often accompanied by
severe adverse effects, limited therapeutic efficacy, and high rates of drug resistance.
These limitations not only affect treatment outcomes but also have a profound impact
on patients’ psychological well-being and recovery (Morrissey etal.,, 2016). Therefore,
there is an urgent need to discover new anticancer agents that are safer, more
selective, and pharmacologically efficient, particularly compounds targeting ALK in
NSCLC.

In this context, biflavonoids, a class of bioactive secondary metabolites, have
attracted increasing attention as promising anticancer candidates. These compounds
are widely distributed in the Selaginellaceae family, with approximately 80
biflavonoids reported in the Selaginella genus (Zou et al., 2021). Natural biflavonoids
are known to possess a broad spectrum of biological activities, including notable
antioxidant, anti-inflammatory, and anticancer properties. The anticancer potential
of these compounds involves mechanisms like apoptosis induction, angiogenesis
inhibition, and metastasis suppression (Jung et al., 2017). Notably, fifteen biflavonoid
derivatives isolated from Selaginella doederleinii were shown to significantly inhibit
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the proliferation of NSCLC A549 cells with varying ICsq values (Zou et al,
2021)(Muema et al., 2022).

Despite their promising bioactivity, natural biflavonoids suffer from poor
solubility in both aqueous and lipid media, leading to low oral bioavailability and
limited clinical applicability (Ren et al, 2023). To overcome these challenges,
structural modification and computational drug design approaches have been
proposed to enhance their pharmacokinetic profiles and safety characteristics.
Computational modeling enables the rational design of new therapeutic agents with
improved potency, selectivity, and stability, while minimizing toxicity and
development costs. Such in silico approaches can significantly accelerate drug
discovery and reduce experimental trial-and-error, providing a cost-effective and
efficient strategy for developing novel ALK-targeted anti-NSCLC agents (Siswandono,
2016).

Methodology

This research utilized an in silico strategy through molecular docking
simulations. The target protein was the three-dimensional crystal structure of ALK
kinase (PDB ID: 5FTO), obtained from the RCSB Protein Data Bank. The evaluated
ligands were biflavonoid derivatives that had undergone specific structural
modifications.

Hardware used in this study consisted of a laptop with the following
specifications: The system is powered by an AMD Ryzen™ 7 6800H mobile processor
featuring 8 cores and 16 threads, with a 20 MB cache and boost speeds reaching 4.7
GHz. It is equipped with 32 GB of DDR5-4800 SO-DIMM memory (2 x 16 GB) and a
512 GB PCle® 4.0 NVMe™ M.2 solid-state drive for storage. Graphics performance is
supported by an NVIDIA® GeForce RTX™ 3050 laptop GPU. The device includes a
15.6-inch OLED Full HD display (1920 x 1080) in a 16:9 aspect ratio, rated at 250 nits
with an anti-glare surface. The operating system installed is Windows 11 64-bit.

Software employed in this research included: iGEMDock (for molecular
docking analysis); Discovery Studio Visualizer (for protein-ligand interaction
visualization); Marvin Sketch (for ligand structure design and modification); and
ADMETSAR (web-based application for physicochemical, pharmacokinetic (ADME),
drug-likeness, and toxicity prediction).

Structure Modifications

The Topliss scheme was employed as a guideline for compound
modification. This approach involves the introduction of substituent groups with
distinct lipophilic, electronic, and steric features are introduced at predetermined
sites on the core scaffold of the lead molecule. Such modifications are predicted to
enhance the biological activity of the compounds compared to the parent structure
(Lazzarotto et al., 2005).

Preparation of Target Macromolecular Structure

The three-dimensional structure of ALK kinase was obtained from the Protein
Data Bank (PDB). The structure was prepared by removing H,0 molecules and
separating the reference ligand using Discovery Studio Visualizer (DSV). The
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prepared structure was then saved in *.pdb format and used as the target
macromolecule for the subsequent molecular docking process (Huey et al.,, 2012).
Preparation of Test Ligand Structures

The test ligands used in this study were modified compounds designed and
modeled using Marvin Sketch. The ligand structures were then saved in the
appropriate format for the molecular docking process.
Docking Method Validation

Docking validation was performed using iGEMDock. The validation criteria
were based on the RMSD (Root Mean Square Deviation) values, defined as follows:
RMSD < 1 A : excellent conformation, closely resembling the native structure; 1 A <
RMSD < 2 A : good conformation, approximating the native structure; 2 A < RMSD <
3 A indicates a conformation with clear deviations or structural inaccuracies, while
RMSD values exceeding 3 A reflect a poorly reproduced conformation.

Docking of Test Ligands

Docking of the test ligands was performed using parameter settings identical
to those employed during the validation process.

Result and Discussion

Lead Compound Structure and Modified Sites

The lead compound utilized in this study was a biflavonoid derivative.
Structural modifications were performed at specific substitution sites (R1 to R5) to
design novel derivatives with potentially enhanced biological activity. The structure
of the biflavonoid lead compound with the designated modification sites is presented
in Figure 1, while the modified derivatives are illustrated in Figure 2.

Structural modifications were carried out by introducing -OH at position R4,
-N(CH3), at position R5, and -CHs at position R6 (Figures 1 and 2). These
modifications were expected to enhance the biological activity of the compounds. The
incorporation of -CHz and -N(CHs), groups was predicted to increase the
lipophilicity, thereby potentially improving the pharmacological activity. This is
consistent with the statement of Siswandono (2016), which emphasized that optimal
activity can be achieved by introducing substituents capable of enhancing the
lipophilic properties of a compound (Siswandono & Soekardjo, 2017).

Figure 1. Lead compound
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Figure 2. Modified structure

The co-crystal structure of the target protein is presented in Figure 3. The
preparation of ALK Kinase (PDB ID: 5FTO) (Jawarkar et al., 2022) was performed by
removing H,0 molecules and separating the native ligand using Discovery Studio
Visualizer (DSV). The processed structure was then saved in *.pdb format. This
protein target was selected based on its high-quality resolution data, with a resolution
of 2.22 A, which meets the requirement of < 2.5 A. The structure was determined by
X-ray diffraction method. Furthermore, the protein contains a native/reference
ligand, Entrectinib, which was employed as a comparator in the docking validation
process.

Figure 3. Target protein and reference ligand. Crystal structure of ALK Kinase
before preparation (A) and after preparation (B). The preparation was carried out
by removing H,0 molecules and separating the native ligand (Entrectinib) using
Discovery Studio Visualizer (DSV).

The re-docking results of the reference ligand with ALK Kinase are presented
in Figure 4 and Table 2. A docking method is considered valid if it meets the following
criteria: (1) the Root Mean Square Deviation (RMSD) between the re-docked pose
and the crystallographic structure is < 2 A; (2) the amino acid residue interaction
profile is consistent; and (3) the intermolecular interactions between ligand and
protein are preserved (Sari et al, 2020). Based on the re-docking results, the RMSD
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value obtained was 1.9 A (< 2 A), indicating that the docking method applied in this
study is valid.
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Figure 4. Docking Validation of ALK Kinase. Superimposition of the reference
ligand Entrectinib in the co-crystal structure (metallic) and in the re-docked pose
(yellow) (A); interaction profile of co-crystallized Entrectinib with amino acid
residues (B); and interaction profile of re-docked Entrectinib (C).

Docking Results of Test Compounds against the Target Protein
The newly designed compounds A and B (figure 2) were docked into the target
protein using the same parameters applied in the docking validation, as shown in
Figure 5 and Table 1. The results revealed that the test ligands exhibited binding
energies comparable to the reference ligand. The interactions observed between the
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test ligands and the protein involved multiple types of interactions, primarily
hydrophobic and hydrogen bonding. Analysis indicated that the amino acid residues

; LEU'A:1256; PHE'A:1127; ALA'A{1148; and GLUA:1197 represent
critical active site residues responsible for ligand/inhibitor binding (Table 2). This is
supported by the observation that these residues consistently appeared in the
interactions of the co-crystal, re-docking, and test ligand docking results,
predominantly forming hydrogen bonds. Hydrophobic interactions are considered
the dominant factor contributing to the stability of the protein-ligand complex, while
hydrogen bonds also play a stabilizing role, albeit to a lesser extent. Furthermore,
hydrophobic forces are essential in driving the association of non-polar drug moieties
with the non-polar regions of the biological receptor. Non-polar drug molecules can
induce the formation of quasi-crystalline (icebergs) structures in surrounding water
molecules through hydrogen bonding. Therefore, hydrophobic interactions are key
determinants in maintaining the stability of protein-ligand complexes.

Table 1. Docking Parameters of Novel Compounds A and B against ALK

Ligan Binding Energy
(ccal/molL)
Entrectinib -11,0
A -8,8
B -8,3
wizto B

PHE A A:1200
A1207 Aoy A:1150 ; ;

LEU
A:1196

PRO
A:1260

PHE
A:1207

G-~
A:1210

Interactions
[T van der waals B P Tshaped
Interactions Il conventional Hydrogen Bond Bl Amide-Fi Stacked

Carbon Hydrogen Bond ] Ayt [] Carbon Hydrogen Bond Alkyl
B Psoma [ Praiep Bl Fanon [ Pralky
B PP Stacked B rsqme

Figure 5. Docking Visualization Compounds to ALK Kinase. interaction profile of
Compound A (A) and interaction profile of Compound B (B).

Table 2. Interaction profile

Ligan Binding Type
Hydrogen Hidrofobic Electrostatic Other
Entre  GLUA:1197]  Alkyl: ; ALA A:1148; LEU - ASN  A:1254; GLY
ctinib  MET A:1199; A:1269
ALAA:1200  Pi-Alkyl: LEU AW;
*; ; MET
A:1199

Pi-Pi Stacked:
Pi-Sigma:
A GLYA:1201 __ Alkyl: PRO A:1260; ; - m

A¥148] LYS A:1150; LEU A:1196
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Pi-Alkyl: LEU A:1122; LEU A:1256; ALA A:1148; and GLU
VAL A:1130; PHE A:1207 A:1197
Pi-Sigma: LEU A:1122; LEU A:1256
Pi-Pi Stacked: PHE A:1127
B ALA A:1200;  Alkyl: PRO A:1260 Pi-Anion: GLU

GLUA:I197,  Pi-Alkyl: VAL A:1130; PHE A:1207; A:1210

GLYA:1201  RUAA 7748
Pi-Sigma: LEU A:1256
Pi-Pi Stacked: GLY A:1201; GLY
A:1202
Pi-Pi T-shaped: PHE A:1127

ADMET Profile
Pharmacokinetic assessment is essential to determine the in-body behavior

of a new drug candidate. In this work, the ADME characteristics of the synthesized
derivatives were predicted using the AdmetSAR platform. Each model compound and
its parent structure were analyzed to enable direct comparison of their
pharmacokinetic performance. The SMILES identifiers were submitted to the system,
which subsequently generated the predicted values for all relevant parameters. The
absorption profiles of the newly designed molecules are summarized in Table 3.

Table 3. Absorption Prediction Newly Design Compound
Compound HIA* (%) Caco-2 (cm/sec)**

Ref. 94.1 0.15
Lead 89.3 0.21
A 93.5 0.279
B 80 0.03

*Human Intestinal Absorption (HIA): high >70%, moderately 20-70%, poorly 0-20%
**Colorectal Cell Culture (Caco-2): high (1) low (0)

Studies indicate that the predicted Caco-2 permeability values of the newly
designed compounds fall within the low-permeability range, although compound A
demonstrates the most favorable permeability profile among all candidates. In
contrast, three other compounds exhibit limited permeability, with compound B
showing the lowest value—even lower than the parent compound. This reduced
permeability is consistent with the physicochemical characteristics of biflavonoids,
which tend to behave as weak bases at physiological pH (5-7), leading to higher
ionization and diminished membrane permeation (Dai et al., 2018).

Despite their low Caco-2 permeability, the biflavonoid-derived model
compounds show high human intestinal absorption (HIA), with values exceeding
70%. However, compound B displays lower absorption compared with the parent
molecule (80%). Caco-2 cells, derived from human colon adenocarcinoma, are widely
used as an in vitro model to evaluate oral drug absorption via intestinal epithelial
transport. Permeability values <4 nm/sec indicate poor permeability, whereas values
>70 nm/sec represent high permeability (Puspita, 2018).

The predicted absorption outcomes are consistent with previously
established criteria. (Pires et al., 2015b) stated that compounds with optimal oral
absorption typically show HIA values above 80%, reflecting efficient uptake in the
small intestine, the principal site of oral drug absorption (Chander et al,, 2017).

415



MEDFARM: Jurnal Farmasi dan Kesehatan, Vol. 14, No. 2, 2025, Page 408-422
e-ISSN : 2715-9957
p-ISSN: 2354-8487

Table 4. Distribution Prediction Newly Design Compound
Compound BBB* PPB**

Ref. 0.305 94.8
Lead 0.175 100
A 0.276 100
B 0.057 100

*Blood Brain Barrier (BBB) Penetration: High >2,0; Middle 2,0-0,1; Low <0,1
**Plasma Protein Binding (PPB): Strongly Bound >90% ; Weakly Bound <90%

Table 4 presents the predicted distribution profiles of the tested compounds.
Compound A demonstrates a moderate capacity to cross the blood-brain barrier
(BBB), whereas compound B exhibits low permeability, falling below that of the lead
compound. All newly designed molecules show strong plasma protein binding (PPB),
suggesting that these compounds are likely to be well-distributed within systemic
circulation.

Predicted distribution characteristics are primarily assessed through BBB
penetration and plasma protein binding parameters. Compounds with BBB values
below the 0.1 threshold are generally considered to have limited absorption into the
central nervous system (Pardridge, 2012). PPB reflects the proportion of drug bound
to plasma proteins, a parameter known to influence pharmacological activity and
systemic distribution. Higher PPB values often correlate with more stable plasma
retention and optimized distribution profiles (Nusantoro & Fadlan, 2020; Smith et al.,
2018). These findings collectively indicate that the new compound models possess
favorable distribution potential.

Table 5. Prediction Newly Design Compound to cytochrome
Inhibitor CYP Substrat CYP
1A2 3A4 2B6  2C9 2C19 2D6 1A2 3A4 2B6 2C9 2C19 2Dé6
Ref 0.13 0.53 0.53 0.72 0.54 0.24  0.65 0.88 0.28 0.52 0.72 0.52
Lead 0.82 0.13 0.58 0.8 0.56 0.16  0.24 0.29 0.19 0.21 0.09 0.09
A 0.7 0.17 0.64 0.81 0.56 0.11  0.24 0.38 0.20 0.23 0.11 0.10
B 0.63 0.1 049 0.72 0.29 0.17  0.23 0.28 0.14 0.23 0.08 0.08
0-0.3 : no potential inhibitor/substrat ; 0.31-0.70 : middle potential inhibitor/substrat ; 0.71-1.0
: very potential inhibitor/substrat

Com.

Cytochrome P450 (CYP) profiling is essential for predicting metabolic
behavior and potential drug-drug interactions. As shown in Table 5, compound A
exhibits strong inhibitory potential toward CYP2C9 (0.81), comparable to the lead
compound (0.80), indicating a possible risk of interaction with CYP2C9-metabolized
drugs such as warfarin and phenytoin (Zanger & Schwab, 2013). Compound B shows
moderate inhibition of CYP2C9 (0.72), suggesting a lower but notable interaction risk.

For CYP1A2, the lead compound displays strong inhibition (0.82), whereas
compounds A (0.70) and B (0.63) show only moderate inhibition, indicating that
structural modification reduces CYP1A2-related interaction risk. Importantly, both
compounds A and B demonstrate low inhibitory potential toward CYP3A4 and
CYP2D6 (values <0.30), which is favorable given the dominant role of these isoforms
in clinical drug metabolism(Fadlan et al., 2022; Lynch & Price, 2007; Zanger &
Schwab, 2013).
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Regarding substrate potential, neither compound A nor B shows strong
affinity for any CYP isoform (>0.71), in contrast to the reference compound, which is
predicted to be a strong substrate of CYP3A4 and CYP2C19. Overall, compounds A and
B present a more controlled CYP interaction profile, supporting their further
development with manageable metabolic and interaction risks, although CYP2C9
inhibition warrants further experimental validation.

Table 6. Prediction Exretion Newly Design Compound

Compound CLp CLr T1/2 MRT
Ref. 0.33 0.55 0.25 0.27
Lead 0.66 0.67 0.58 0.59

A 0.45 0.66 044 045
B 0.59 0.65 047 049

0-0.3 slow; 0.31-0.70 : medium ; 0.71-1.0  : high

Predicted excretion parameters (Table 6) provide essential insight into the
elimination kinetics of the compounds, particularly their urinary and renal clearance
potential. Compounds A and B exhibit moderate renal clearance comparable to the
reference. Notably, compound B shows plasma clearance comparable to the lead
compound and superior to both the reference and compound A. The calculated half-
life (T,1/2) and mean residence time (MRT) for both A and B exceed those of the
reference, matching the profile of the lead compound. These pharmacokinetic metrics
— total body clearance (CLp), renal clearance (CLr), T4/, and MRT — are central to
defining dosing regimen and drug elimination dynamics. Plasma clearance reflects the
volume of plasma cleared of drug per time unit and determines overall exposure,
while renal clearance accounts for drug excretion via the kidneys. Half-life indicates
the time for plasma concentration to decline by half, guiding dosing interval, and MRT
represents the average time a drug remains in the body, independent of dose (JB &
KE, 2008; StatPearls, 2024a, 2024b).

Table 7. Toxicity Prediction

Compound Neurotoxicity  DILI hERG Nephrotoxicity Ames mutagenesis FDAMDD
Ref. 0.28 0.81 0.26 0.33 0.62 0.52
Lead 0.44 0.59 0.38 0.48 0.46 0.22
A 0.27 0.60 0.60 0.37 0.57 0.36
B 0.45 0.72 0.21 0.53 0.61 0.32

0-0.3 :low; 0.31-0.70 : medium ; 0.71-1.0  : high

Toxicity assessment was conducted for neurotoxicity, drug-induced liver
injury (DILI), hERG inhibition, nephrotoxicity, Ames mutagenicity, and FDAMDD, as
summarized in Table 7. The predicted toxicity profiles varied among the tested
compounds, with Compound A exhibiting an overall more favorable safety profile
than Compound B, particularly in terms of neurotoxicity and hERG inhibition.
Compound A showed alow-risk neurotoxicity score (0.27), which was lower than that
of Compound B (0.45), categorized as moderate risk. Neurotoxicity represents a
critical safety concern due to its direct association with adverse effects on the central
and peripheral nervous systems, potentially arising from mechanisms such as
mitochondrial dysfunction, oxidative stress, neurotransmitter imbalance,
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excitotoxicity, blood-brain barrier disruption, and neuroinflammation(Crofton &
others, 2022; Serafini & others, 2024). Early identification of neurotoxic liabilities is
therefore essential, given their substantial contribution to late-stage drug attrition.

Regarding hepatotoxicity, all tested compounds demonstrated a lower
predicted DILI risk compared with the reference drug, although none outperformed
the parent compound. Considering that DILI remains one of the leading causes of
clinical trial failure and post-marketing drug withdrawal, this parameter continues to
represent a critical aspect of drug safety evaluation (Chen et al,, 2021; Huang et al.,
2020; R] et al., 2019). In terms of cardiac safety, Compound B displayed the most
favorable predicted hERG profile among the candidates; however, Compound A
exhibited a slightly lower hERG inhibition score compared with Compound B (0.60 vs.
0.61). Although both compounds fall within the moderate-risk category, this
difference remains pharmacologically relevant, as unintended hERG channel
inhibition is closely associated with QT interval prolongation, increased risk of
Torsades de Pointes, and sudden cardiac death (Kramer & others, 2013; Sanguinetti
& Tristani-Firouzi, 2006).

With respect to nephrotoxicity, Compound A showed a risk profile
comparable to that of the reference drug, whereas Compound B and the parent
compound indicated a higher likelihood of renal toxicity. Drug-induced kidney
injury—including impaired glomerular filtration, tubular damage, inflammation, and
crystal deposition—frequently contributes to attrition during clinical development
(Mody et al., 2020; Perazella & Rosner, 2022; Tejera et al,, 2020). In addition, Ames
mutagenicity predictions revealed that Compound A exhibited a more favorable
profile than the reference drug, while Compound B demonstrated a mutagenic
potential comparable to the reference. The Ames test remains the primary assay for
early assessment of genetic damage and base-pair mutation risk in drug discovery
(Pires et al., 2015a).

All evaluated compounds, including the parent compound, demonstrated
improved FDAMDD predictions relative to the reference drug, although none
surpassed the parent compound. The FDAMDD metric provides an estimate of the
maximum safe daily exposure derived from medium-term clinical data and serves as
an important indicator of long-term safety margins (Chen et al,, 2021). Overall, the
combination of lower neurotoxicity and reduced hERG inhibition risk positions
Compound A as the more promising candidate compared with Compound B, thereby
supporting its prioritization for further optimization and experimental validation.

Conclusion

Overall, binding energy analysis revealed that the modified compounds
displayed slightly lower affinities toward ALK compared with the reference ligand,
Entrectinib (-8.3 to —8.8 kcal/mol), while maintaining interaction patterns with key
active-site residues similar to those of the reference. Notably, Compound A exhibited
not only a favorable binding profile but also improved ADMET characteristics,
particularly in terms of toxicity, relative to Entrectinib. These combined structural,
energetic, and pharmacokinetic features highlight the potential of Compound A as a
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promising lead candidate for further optimization and experimental validation in the
development of ALK-targeted anticancer agents.
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