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ABSTRACT

Sporadic medullary thyroid cancer (SMTC) is a rare tumor originating in the thyroid's parafollicular cells, which secrete
calcitonin. Structural complexity and a significant role in thyroid carcinoma cell growth make rearranged during
transfection (RET) proto-oncogene a promising target for drug discovery. This work proposes the phytochemical screening
of the soursop (Annona muricata) plant to uncover and unveil the yet unrecognized potential of phytochemicals from the
soursop (Annona muricata) plant as effective inhibitors against RET proto-oncogene. via molecular docking studies,
pharmacokinetic property analysis, quantitative structure-activity relationship (QSAR) analysis, molecular dynamic
simulation, and quantum mechanics study. Among the compounds evaluated, IMPHY(010968, IMPHY(012644, and
IMPHY 001505 have demonstrated notably stronger binding affinities compared to the conventional drug Trametinib. Their
respective docking scores, namely -8.6, -8.4, and -8.1, underline their promising potential. IMPHY0012644 exhibits the
maximum molar refractivity at 95.05 and possesses the highest topological polar surface area (TPSA= 107.13 A2) compared
to other compounds. In the conducted studies, all other compounds fall within the standard range of 40 < MR (molar
refractivity) < 130, and the TPSA value is noted for its stronger correlation with the system. In the case of the ligand
compound IMPHY001505, the average Root Mean Square Deviation (RMSD) ranged from 1 to 3 A, showcasing minimal
fluctuations. Likewise, IMPHY010968 and IMPHY012644 demonstrated RMSD values within the 1-5 A range.
Conversely, the control drug CID_11707110 exhibited an elevated RMSD value ranging from 1 to 8 A, indicating more
significant oscillations when compared to our proposed compound. Selected compounds exhibit greater stability when
compared to the control drug. Within the 175 to 185 residue index range, the control drug displays higher fluctuations than
our proposed compounds. The Rg analysis indicates that IMPHY001505, IMPHY010968, and IMPHY012644 exhibit
lower Rg values than the control drug over a 100 ns period, suggesting greater compactness. SASA values imply high
exposure of amino acid residues in the complexes, indicating accessibility for further analysis. MolSA reveals standard van
der Waals surface areas, while PSA highlights the compounds' polar interactions with the target protein. Overall, the
selected compounds display favorable structural features for potential therapeutic applications.
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Graphical Abstract: Graphical workflow of the in-silico study. Phytochemicals were retrieved from the IMPPAT database,
and target proteins were obtained from the RCSB PDB. After structure curation, molecular docking was performed
followed by molecular dynamics simulation. Further analyses including quantum mechanics, QSAR, and MM/GBSA were
carried out to assess binding stability and activity. Three top phytochemicals were identified for potential therapeutic use.
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1. INTRODUCTION

The RET receptor binds GDNF ligands. The glial cell line-derived neurotrophic factor family of ligands (GDNF) family
includes four neurotrophic factors: GDNF, Neurturin (NRTN), artemin (ARTN), persephin (PSPN)(Ceccherini et al.,
1993)(Knowles et al., 2006). The extracellular domain comprises cysteine-rich sites, calcium-binding sites, and four
cadherin-like repeats (Airaksinen and Saarma, 2002) (Mani et al., 2001). The RET gene undergoes spontaneous alternative
RNA splicing, producing three distinct isoforms of the RET protein, namely RET9, RET51, and RET43 (Myers et al.,
1995). The RET gene is important in various biological processes, including spermatogenesis, the development of organs
and tissues derived from the neural crest, cellular migration, signal transduction, and cell proliferation (Vargas-Leal et al.,
2005). The RET gene can occasionally become an oncogene, leading to the development of various inherited and non-
inherited illnesses. There are numerous methods for RET-RTK (receptor tyrosine kinase)to become oncogenic, including
point mutations, chromosomal translocations, and genomic rearrangements. The human body develops many thyroid
malignancies due to various RET proto-oncogene rearrangements. Neuroendocrine cells like parafollicular C-cells express
receptor tyrosine kinase, encoded by RET (Wells Jr and Santoro, 2009). Blood calcium levels affect calcitonin secretion
(Larsen and Kronenberg, 2011). The neural crest is the source of these parafollicular cells (Prete et al., 2020).

Medullary thyroid carcinoma (MTC) is believed to originate from parafollicular cells, also known as C cells. Papillary
thyroid carcinoma, the most prevalent form of cancer, is frequently caused by the production of rearranged in-
transformation/papillary thyroid carcinomas (RET/PTC) fusion proteins resulting from rearrangements within the RET
gene. (Gautschi et al., 2017) (Yamaoka et al., 2018). Ultimately, oncogenic mutations and fusions in the RET proto-
oncogene may transform RKTSs into ligand-independent RKTs, a common situation in the thyroid (Terzyan et al., 2019).

RET inhibitors are widely used as drugs for sMTC. Numerous distinct tyrosine Kinase inhibitors are currently identified,
demonstrating anti-RET activity (lams and Lovly, 2018). Several therapeutic interventions have been utilized in treating
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individuals diagnosed with cancer linked to the RET gene and have demonstrated significant effectiveness in clinical
environments. Several investigations have found genetic changes in the tyrosine kinase domain that cause RET kinase
inhibitor resistance (Subbiah et al., 2018). Due to chemical structural differences, RET-tyrosine kinase inhibitors (RET-
TKI ) inhibit the RET kinase domain while the other resists it (Liu et al., 2018). Trametinib belongs to a class of drugs
named kinase inhibitors. It restricts the abnormal protein’s activity that signals the growth of cancer cells. Tyrosine kinase
inhibitors target the active kinase domain to block intracellular tyrosine phosphorylation. This is because these tyrosine
residues are often involved in cell proliferation (Huang et al., 2020)(Neves et al., 2018).

Utilization of virtual screening is widely employed in the field of drug discovery to identify novel compounds. Using in
silico methods, primarily virtual screening, has become a valuable and cost-effective addition to in silico screening (Dey
et al., 2023)(Hasan et al., 2022)(Morshed et al., 2022) for finding and developing hew compounds that work well. Most of
the time, ligand- and receptor-based virtual screening are used to search chemical databases for compounds projected to
bind well to the target binding site (Banegas-Luna et al., 2018)(Kaushik et al., 2018). The 3D structure of the protein/ligand
complex plays a vital role in molecular modeling and drug discovery (Stanzione et al., 2021)(Baral et al., 2022)(Bibi et al.,
2022). QSAR, pharmacophore analysis, and biological tests can improve and produce innovative leads (Dipta et al.,
2021)(Khan et al., 2021)(Munshi et al., 2022). Structure-based drug design plays a governing role in drug discovery by
facilitating the creation of more potent and biologically relevant molecules (Abdullah et al., 2023)(Bhole et al.,
2021)(Maurya et al., 2020). Molecular dynamics simulations, based on a comprehensive physicochemical model governing
interatomic interactions, can forecast the motion of individual molecules within a molecular system (Feng et al.,
2019)(Atofarati, n.d.)(Rahman et al., 2021).

The fundamental concept underlying molecular dynamics (MD) simulation is relatively simple. Given the presence of
coordinates assigned to individual atoms within a biomolecular system, it becomes possible to approximate the magnitude
of the forces experienced by each atom. This estimate considers the combined influence of all the system's atoms, such as
those that comprise a protein enclosing a lipid bilayer and a water component (Sarker et al., 2022)(Islam et al., 2022).
Predicting atoms' spatial positions over time is conceivable using Newton's equations of motion. One potential approach
involves traversing temporal dimensions. The forces that are acting on each atom can be approximated, which makes it
possible to modify the location and velocity of each atom in reaction to these forces. The subsequent step involves a
comparative analysis between a three-dimensional representation of the system's configuration at each specific moment
throughout the simulated duration and the resultant trajectory (Durrant and Mccammon, 2011)(Gkeka et al., 2020).

One of the most common drug development objectives is identifying a ligand to deliver a particular signaling profile and
bind to the target. This is especially true for signaling receptors (Al Saber et al., 2022)(Biswas et al., 2022). Pharmacokinetic
assays are an essential part of a new drug development program. These compounds assist in assessing the chronological
sequence of drug administration and the detection of significant metabolites in different physiological fluids, thus enabling
the investigation of drug uptake, distribution, metabolism, and elimination. Preclinical studies frequently utilize preclinical
pharmacokinetic assays (PK) to evaluate toxicological outcomes. Pharmacokinetic-guided dose escalation (PGDE)
methods aid in translating preclinical pharmacokinetic data into the clinical realm for therapeutic discovery during phase |
investigations (Durrant and McCammon, 2011)(Hossain et al., 2023)(Dror et al., 2011).

PK studies for escalation and clinical trials for cures are critical. Absorption, distribution, metabolism, toxin (ADMET)
studies and excretion must be considered during medication development and discovery. Effective composites with higher
ADMET properties are crucial(Huang et al., 2015)(Arefin et al., 2021)(Biswas et al., 2021) (Jia et al., 2020). When
developing new medicines, it is important to keep drug-likeness in mind from the beginning of the process. Lipinsky and
colleagues proposed the first rule-based drug filter in 1997. It is advised that the molecular weight (MW) be less than 500,
that the number of hydrogen bond acceptors (HBAS) be higher than or equal to 5, and that the water/octanol partition
coefficient (Log P) be less than 5. The molecular weight (MW) should be less than 500, and the number of hydrogen bond
acceptors (HBAs) and number of hydrogen bond donors (HBDs) should also be considered (Ferreira and Andricopulo,
2019)(Zhou et al., 2020)(Chen et al., 2020)(Chagas et al., 2018). In their study, Ghose and colleagues discovered that a
significant majority (over 80%) of the 6,304 compounds included in their CMC database satisfied the specified criteria,
namely: a logarithm of the octanol-water partition coefficient (log P) equal to -0.4, a molecular weight (MW) of 480 or
less, a molar refractivity (MR) of 40, and a total atom count ranging from 20 to 70 (MahmutGir EdaAltindz, NesrinSener,
CigdemSahin, MerveSenturan, IzzetSener, MuhammetCavus, Ergin MuratAltuner, 2023)(Olubode et al., 2022)(Glassman
and Muzykantov, 2019). Studies reported that Annona muricata may be effective in treating thyroid carcinoma, but the
probable effective compounds responsible for and can be used as an alternative drug against thyroid carcinoma are still
unknown. This work thus focuses on the Phytochemical Screening of ligands derived from Annona muricata targeting to
find novel compounds to fight thyroid carcinoma.

© 2025 Journal of Carcinogenesis | Published for Carcinogenesis Press by Wolters Kluwer-Medknow ng. 521



2. MATERIALS AND METHODS

Protein Preparation

The 3D structure of RET tyrosine kinase (PDB ID: 6NE7) from the RCSB Protein Data Bank was obtained from the RCSB
PDB database. Employing Discovery Studio Visualizer and UCSF Chimera software, tasks were executed with specific
purposes: removal of metal ions and water for structural clarity, elimination of cofactors to isolate the protein, insertion of
polar hydrogen particles to enhance solubility, integration of nonpolar hydrogen particles for hydrophobic interactions, and
determination of Gasteiger charges using AutoDock Tools for subsequent molecular docking analyses (Mahato and
Sidorova, 2020).

Selection of Ligands

IMPPAT database has been used for an advanced screening of the phytochemicals of the Annona muricata plant (Soursop)
(Mohanraj et al., 2018). Totaling 234 structures in SDF file format were downloaded from the database, and undergo
essential pre-processing steps. the ligands are subjected to energy minimization using the UFF force field and a conjugate
gradients optimization algorithm within PyRx software. This involves iteratively adjusting the ligand conformations to
achieve stable energy states. A total of 2000 optimization steps are executed to ensure thorough refinement. Subsequently,
protonation states are adjusted to mimic physiological conditions, ensuring accuracy in binding predictions for effective
docking studies, and enhancing the reliability and precision of the subsequent molecular docking analyses.

Molecular Docking

Molecular docking was conducted using PyRx software to assess the interaction between the target protein and a compound
(Ko etal., 2005). The active site of the protein served as the designated pocket for docking simulations, enabling a thorough
exploration of potential binding modes. The results were then exported in CSV format for systematic analysis.
Subsequently, the compound with the highest binding energy was cross-validated 3 times and selected for further
investigation into protein-ligand interactions. (Dallakyan and Olson, 2015).

Pharmacokinetic Property

Understanding the dynamic movement of drugs into and out of the body over time is crucial, as it correlates with both the
duration and intensity of these processes (Hsiao et al., 2021). At the beginning of CADD, understanding pharmacokinetics
is essential for determining the effectiveness and durability of compounds. Utilizing the SwissADME server, this study
assessed the preliminary pharmacokinetic properties of the phytochemicals (Briggs et al., 2002). Utilizing the PKCSM
server, the toxicity profile was predicted.

Molecular Mechanics with Generalised Born and Surface Area Solvation (MM-GBSA) and Quantum Mechanics
Analysis

Examining a ligand's conformation within a protein's binding site is crucial in determining potential active conformations,
binding affinities, and associated strains during the binding event. structural optimizations and minimum energy
conformations need to be figured out to reach this type of binding event, which relies on how much energy is in the solution
phase and how much is in the gas phase. There is a requirement for improvements to the conventional molecular mechanics
(MM) approach to represent a ligand-protein complex system incorporating metal ions61 accurately. The ligand
minimization procedure entailed the application of quantum mechanical computations employing the Density Functional
Theory (DFT) as implemented in the Jaguar v-10.962 software. The B3LYP method, which uses the Becke exchange
function and the Lee, Yang, and Parrs (LYP) correlation function, was used to figure out the DFT. The calculations were
performed using the 6-31G(d,p) basis set. As a result, after identifying the docking score with the highest value and applying
MM-GBSA, the ligand was selected for additional examination utilizing either DFT or QM calculations (Pearson, 1986).
The energy gap between the compounds' highest occupied molecular orbitals (HOMOs) and lowest unoccupied molecular
orbitals (LUMOSs) was predicted by DFT calculations. To assess the relative hardness and softness of the pharmaceutical
substances, an analysis was conducted on the frontier molecular orbital energies (¢) of both the HOMOs and LUMOs. The
analysis used the Koopmans theorem equation (Equation 2) and the interpretive equation that Parr and Pearson proposed
(Equation 1). The hardness value provides insight into the atom's resistance to charge transfer to another atom or metal
surface, whereas the softness value aids in assessing the atom'’s electron-receiving capacity. (Cao et al., 2019) (Genheden
et al., 2012). The following Equations can be used to measure the chemical hardness (1) and softness (2).

1-4)
Hardness,(n) = ————— ... .. ... D

Softness, (S) =
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Molecular Dynamic Simulation

To achieve the desired level of protein stability, the RET receptor's interaction with the three feasible ligand molecules was
initially selected and then put through one hundred nanoseconds of MD simulations. To mannequin, the molecular
dynamics of the protein-ligand complicated constructions, “Desmond v3.6 Program” (paid version) from Schrodinger
(https://www.schrodinger.com/ac) was employed (Omar et al., 2023). A predetermined water approach named TIP3P was
formerly developed to build the privileged frame to organize a precise volume with periodic orthorhombic equals separated
using 10 mm. In this water approach, 3 points rigid water patch with charges as well as parameters of Lennard- Jones is
attributed to each of the three patches of the targeted protein.

To neutralize the framework electrically, the essential ions, for example, 0+ and 0.15M salts, have been randomly brought
to the solvent. The solvency protein machine used to be built utilizing a ligand complex, and the device framework once
decreased the default protocol's usage. This was done interior the Desmond module using the pressure subject settings
OPLS3e (Ahammad et al., 2021). At 101,325 bar (1 atm) strain, NPT assemblies have been sustained, and it also needs
300 K with 50 PS for capturing sessions and a total of 1.2 kcal/mole electricity entering earlier than them, the isotropic
process and temperature mixture of Nose—Hoover has been employed. The molecular dynamic simulation screen captures
have been prompted by the utility of Schrodinger’s maestro application, version 9.5. The Simulations interplay layout
derived from the Desmond modules of the Schrodinger batch has been used to dissect the simulation match and examine
the MD simulation dependability.

Here, root means square deviation (RMSD), trajectory performance, root mean square fluctuation (RMSF), solvent-
accessible surface area (SASA) value, the radius of gyration (Rg) value, intramolecular hydrogen bonds, protein-ligand
contacts (PL), MolSA and the polar surface area (PSA) evaluate the protein-ligand complicated shape balance.

Ligand Activity Prediction by QSAR Analysis

The evaluation of the relative effectiveness of the three identified phytochemicals and the control drug was conducted
utilizing the PASS (Prediction of Activity Spectra for Substances) server, a well-established resource accessible at
http://www.way2drug.com/passonline/. The server utilizes the structural characteristics of a substance to predict its
potential outcomes. (Ban et al., 2018). The investigation into the likelihood of a particular substance being categorized in
both the active and inactive subsets of that substance was carried out using the Structure-Activity Relationship Base (SAR
Base). The molecular structure of the phytochemicals was depicted using the SMILES (Simplified Molecular Input Line
Entry System) format. Afterward, the Pa (probable activity) and Pi (probable inactivity) values were calculated for each
ligand (Roos et al., 2019).

3. RESULTS

Molecular Docking Result Analysis

The IMPPAT database hits 234 phytochemicals of the Annona muricata plant, of which ten phytochemicals are from bark,
92 phytochemicals are from fruit, 118 phytochemicals are from leaf, seven phytochemicals are from seed, seven
phytochemicals are from the root. The minimum docking score is -3.5 kcal/mol, and the maximum docking score is -10.5
Kcal/mol. Ligands with higher docking results that doesn’t satisfy any of the Lipinski, Ghose, Veber, Egan, and Muegge
rules are excluded from the study. The highest docking result for a compound is -8.6 Kcal/mol considering the compounds
that don’t violate any of the following. This study used tramitinib as a control ligand due to its previously reported inhibitory
effect on cancer cell growth, associated with a binding score of -7.9 kcal/mol. The compounds with the best docking score
and binding affinities are listed in Table 1.

Table 1: Chemical name, PubChem CID, two-dimensional (2D) chemical structure, and docking score for the
top three ligands and Trametinib (control)/

Dockin
Compound CID Compound Name Compound Structure 9(222{/9
mol)
(4S)-10,11-dimethoxyspiro[5- - o
IMPHY010968 azatrlcyclo[6.3.1.(_)4,12]d(?deca- I .
1(12),8,10-triene-2,4'-
cyclohexa-2,5-diene]-1'-one O .
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The interactions that occur between proteins and ligand molecules play a crucial role in a wide range of biological
procedures. Chemical bonding plays a pivotal role in facilitating these interactions, as the concept of molecular
complementarity enables it. Cellular processes are accurately regulated by ligand-target protein interactions. These

interactions serve as the basis for coordinating vital processes within biological cells. Table 2 depicts the protein-ligand
interaction of the selected compounds concerning the control drug.

IMPHY 001505 Coclaurine

-8.1

CID 11707110 -7.9

Table 2: Protein-ligand interaction between different ligands and the target protein. In the interaction diagram, the
conventional hydrogen bonds are marked with shamrock green; Van Der Walls bonds with olive green, Carbon

hydrogen bonds with emerald green, and Pi sigma bonds with violet color

Compound
CID

Protein-Ligand Interaction Diagram

Conventiona
I Hydrogen
Bonds

Van Der Waal
bonds

Carbon-
Hydrogen
bonds

Pi-Sigma
bonds

IMPHY01096
8

ARG
A878

SER

GLY
Ai731

GLU
Ai732

ALA
A:810

ALA
A:807

ARG(A:878),
SER(A:811),
GLY(A:731),
GLU(A:732),
GLU(A:806),
ASP(A:892),
SER(A:891),
LYS(A:758),
VAL(A:804),
GLU(A:805)
and
ALA(A:807)

LEU(A:730)

LEU(A:881)
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IMPHY (01264
4

LYs
A:758

LYS(A:728),
LYS(A:808),
ALA(A:808),
TYR(A:807),
GLU(A:806),
VAL(A:805),
ILE(A:804),
SER(A:788)
and

ASP(A:891)

LEU(A:730)
and
ASP(A:892)

ALA(A:810),
LEU(A:881)
and
VAL(A:738)

IMPHY00150
5

GLY
A733

(As)
4892
A:892

ARG
A:878

ASP A:892
and ASN
A:879

GLY(A:733),
GLU(A:732),
LEU(A:881),
ALA(A:756),
ALA(A:807),
TYR(A:806)
and
LYS(A:808)

ALA(A:810)
and
ASN(A:879)

CID
11707110

SER
AT05

LEU

L 704

SER(A:774)

SER(A:705),
PHE(A:776),
ASN(A:777),
ASP(A:898),
LEU(A:870),
ARG(A:897),

LEU(A:773)
and
PHE(A:709)

VAL(A:778),
SER(A:896)
and
ARG(A:770)

ARG
AT70

The interaction network between various ligands and the target protein is depicted, showcasing distinct protein-ligand
interactions. In the illustrative diagram, conventional hydrogen bonds are color-coded in shamrock green, Van Der Waals
bonds in olive green, Carbon hydrogen bonds in emerald green, and Pi sigma bonds in violet. IMPHY 010968 exhibits an
absence of conventional Hydrogen Bonds but forms Van der Waals bonds with strategic residues like ARG(A:878),
SER(A:811), GLY(A:731), GLU(A:732), GLU(A:806), ASP(A:892), SER(A:891), LYS(A:758), VAL(A:804),
GLU(A:805), and ALA(A:807). Additionally, carbon-hydrogen bonding is observed with LEU(A:730), and a pi-sigma
bond forms with LEU(A:881), Alkyl and Pi-alkyl bonds formed with ALA (A:756), TYR (A:806) VAL (A:738), ALA
(A:810) [designated with mild pink in Table 2]. The protein-ligand interaction profile for IMPHY012644 reveals a
distinctive pattern. Notably, there are no conventional hydrogen bonds formed. Instead, Van der Waals bonds are
established with strategic residues, including LYS(A:808), ALA(A:808), TYR(A:807), GLU(A:806), VAL(A:805),
ILE(A:804), SER(A:788), and ASP(A:891). Furthermore, Carbon Hydrogen bonds manifest with LEU(A:730) and
ASP(A:892), while pi sigma bonds are observed with ALA(A:810), LEU(A:881), and VAL(A:738). Alkyl and pi-alkyl
bonds contribute to the interaction profile, notably with LYS (A:758) and ALA (A:756). IMPHY001505's interaction with
the target protein is characterized by specific bond formations. Notably, conventional hydrogen bonds are established with
ASP(A:892) and ASN(A:879). Van der Waals bonds are formed with GLY(A:733), GLU(A:732), LEU(A:881),
ALA(A:756), ALA(A:807), TYR(A:806), and LYS(A:808). Interestingly, no carbon-hydrogen bonds are observed. Pi
sigma bonds occur with ALA(A:810) and ASN(A:879), while Alkyl and Pi alkyl bonds are established with VAL(A:738).
The control drug CID_11707110 exhibits a diverse array of interactions with the target protein. Conventional hydrogen
bonds are formed with SER(A:774), while van der Waals bonds strategically involve SER(A:705), PHE(A:776),
ASN(A:777), ASP(A:898), LEU(A:870), ARG(A:897), VAL(A:778), SER(A:896), and ARG(A:770). No carbon-
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hydrogen bonds are observed. However, pi-sigma bonds are formed with LEU(A:773) and PHE(A:709), and Alkyl and Pi-
alkyl bonds are established with LEU(A:773) and PHE(A:709). A noteworthy interaction involves a fluorine halogen bond
with LEU(A:704) [Marked as cyan in Table 2]. This comprehensive interaction profile delineates the complex binding
dynamics of the phytocompounds and the control drug with the target protein.

Pharmacokinetic Property Analysis

The basic physiochemical properties of the selected drug compound have been depicted in Table 3. All the selected ligands
follow Lipinski, Ghose, Veber, Egan, and Muegge rules, as violating these rules results in problems with bioavailability.
IMPHY0012644 has the highest molar refractivity (95.05) and topological polar surface area (TPSA= 107.13 A?) among
the compounds. All the other compounds have obtained a standard value of 40 < MR (molar refractivity) < 130 in the
studies, and the TPSA value refers to the higher correlation with the system.

Table 3: Physiochemical Properties of the selected compounds

o | o 3 g o .
5 S8 | - | 2 s | § | £
Cl;J = g < %) 8 2 3 g g
-9 S | €E = < ° = £ TPSA
Compound ID gg § S 5 % g é 8 2 (A2
o : : < = : T ]
S E | E i : T £ S
= 2 |2 E £ = =
pd E P
IMPHY 010968 297.35 22 6 0.39 2 4 1 87.48 47.56
IMPHY 012644 327.37 24 12 0.37 2 5 2 95.05 62.16
IMPHY 001505 285.34 21 12 0.29 3 4 3 85.62 61.72
CID 11707110 615.39 37 22 0.23 6 5 2 149.59 107.13
(Control)

The basic pharmacokinetic properties are very important to figure out the drug-likeliness of the molecules. Table 4
represents some of the major pharmacokinetic properties of the selected ligands, including intestinal absorption, Blood-
brain barrier (BBB) permeability, inhibitory information, and skin permeation.

Table 4: Pharmacokinetic Properties of the selected ligands

s | . . | B s 5 | &8 | B 2
= | §. | 8| = 5 s | 5| &2 | £8
2 |8 |g| £ | £ | £E| E | £ | 2%
Compound 1D < 3 5 2 N ) o © < g8
= m 2 o < O O e < o &
c =3 ) N N N N sg) S @
= o] T o o o o o S &
8 oM o > > > > > S
= O O ($) ($) (@) 3
IMPHY010968 94.57% 0.084 Yes Yes No Yes No Yes -6.64
IMPHY 012644 91.76% 0.199 Yes No No No Yes No -6.46
IMPHY001505 94.14% 0.029 Yes No No No Yes No -6.21
CID 11707110 | g9 7994 | 0765 | No | No Yes | Yes | No | Yes | -7.62
(Control)

All the recommended ligands have a high intestinal absorption ratio compared to the control drug and belong to the p
glycoprotein substrate. IMPHY010968 works as CYP1A2, CYP2C9, CYP3A4 inhibitor, whereasIMPHY012644 and
IMPHY001505 function as CYP2D6 inhibitor.
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Table 5: Toxicity Table of the selected phytochemicals
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IMPHYO0LS | 'No | 0347 | No | Yes | 2634 | 1019 | No | No | 0527 | 0627
IMPHYOL09 | ves | 044 | No | No | 2482 | 3366 | No | No | 0285 | 5512
IMPAYOT8 | No | 0449 | No | Yes| 2859 | 1259 | No | No | 0.486 | 0562
CID-
11707110 No 0.319 No Yes 3.097 0.18 Yes No 0.285 0.928
(control)

From the toxicity Table 5, it can be visualized that only IMPHY 010968 showed AMES toxicity. IMPHY001505 and
IMPHY012644 can inhibit hRERG I1. Understanding the acute oral toxicity of medicine in rats is essential for drug risk
management. This toxicity is frequently quantified using the 50% lethal dose (LD50), which refers to the quantity of the
chemical anticipated to result in the death of fifty percent of the animals treated over a set amount of time. The
phytochemicals we prescribe have a lower oral rat acute toxicity compared to the medicine used as a control, trametinib.
The chemical IMPHY010968 has AMES toxicity. The phytochemicals recommended won't cause skin sensitization. In
contrast to the hepatotoxicity seen by trametinib, the phytochemicals proposed are predicted to have no hepatotoxic effects
in the in-silico study.

MD Simulation

In computer-aided drug development, MD simulation is executed to perceive a real-time protein-ligand architecture's
intermolecular interaction and strength. The method can also predict changes in the shape of a complex system that was
revealed to an artificial in nature. To better understand the alterations to the protein complex's architecture, a 100 ns MD
simulation of the specific ligand-coupled protein was performed in this study. The intermolecular nature was initially
analyzed by using the last 100 ns of MDS trajectories as snapshots.

RMSD Analysis

The mean change in this protein-ligand interaction's root-mean-square deviation (RMSD) is deemed acceptable, with a
range of approximately 1-4 A. Values exceeding this range indicate a significant variance in the configuration of the protein
complex. To examine how such structural changes will affect the selected protein when combined with three ligands
Coclaurine [IMPHY001505], (-)-Coreximine [IMPHY012644] and (4S)-10,11-dimethoxyspiro[5-
azatricyclo[6.3.1.04,12]dodeca-1(12),8,10=triene-2,4'-cyclohexa-2,5-diene]-1"-one [IMPHY010968]), a 100 ns molecular
dynamics simulation was performed, and the RMSD value was computed.
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Figure 1: Root Mean Square Deviation (RMSD) values for the 6NE7 protein model, showcasing its
interaction with three ligand compounds (IMPHY001505, IMPHY 010968, and IMPHY012644) and a
control drug CID 11707110. The RMSD values are derived from the Ca atoms of the complex system.
The compounds IMPHY001505, IMPHY010968, and IMPHY 012644 are visually distinguished by deep
blue, ash, and yellow colors, respectively, while the control drug is depicted in blue.

When considering ligand compound interactions with the 6NE7 protein model, a detailed analysis of RMSD values
uncovers specific patterns. The ligand compound IMPHY001505 showed an average RMSD of 1-3 A, indicating minimal
fluctuations. Similarly, IMPHY010968 and IMPHY 012644 showed RMSD values ranging from 1 to 5 A, suggesting stable
interactions. On the other hand, the control drug CID_11707110 showed a higher RMSD value, varying between 1-8 A.
The heightened variability indicates more fluctuations when compared to our suggested compound. As shown in Figure
1, there was minimal variation within an appropriate range, highlighting the structural stability of the protein-ligand
complex. Highlighting the benefits of our suggested compound in establishing a stable interaction with the protein model.

RMSF Analysis

The RMSF can help signify the local modifications within the protein chain when certain ligand compounds bind with
particular residues. Thus, the RMSF values of IMPHY 001505, IMPHY 010968, IMPHY 012644, and a control drug with a
designated protein model were determined to examine the changes in protein structural flexibility brought on by attaching
certain ligand compounds to a particular residue position, as shown in Figure 2.
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Figure 2: Visualization of Root Mean Square Fluctuation (RMSF) values derived from the Ca atoms
of a 6NE7 protein model complex system, incorporating interactions with three ligand compounds and
a control drug. The compounds IMPHY001505, IMPHY 010968, and IMPHY012644 are distinguished
by deep blue, ash, and yellow hues, respectively, with the control drug represented in blue. The color-
coded representation aids in the identification and comparison of the fluctuation patterns
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Exploring the secondary structural components, such as alpha-helices and beta-strands, revealed a significant frequency
distribution ranging from 5 to 170 amino acid residues with minimal flactuation. The heightened fluctuations were
primarily observed at the protein's extremities due to the presence of N- and C-terminal domains. It suggests that in the
simulated setting, the chances of minimal variation in the movement of an individual atom are consistent across all three
ligand compounds studied. Our finalized compounds, in particular, showed improved stability in comparison to the control
drug. It is worth mentioning that the control drug showed increased fluctuations, particularly in the 175 to 185 residue
index range, emphasizing the superior stability of our proposed compounds. Quantifying these observations involved
calculating the median Root Mean Square Fluctuation (RMSF) values for IMPHY001505, IMPHY010968,
IMPHY012644, and the control drug CID-11707110, which were 0.892 A, 0.874 A, 0.894 A, and 0.932 A, respectively.
This thorough examination highlights the enhanced stability and decreased fluctuations demonstrated by our suggested
ligand compounds when compared to the control drug.

Rg Analysis

The Radius of Gyration (Rg) of a protein-ligand interaction system is described by the arrangement of its atoms along its
axis. Evaluation of Rg is a key signal when attempting to anticipate the structural functioning of a macromolecule since it
reflects changes in the compactness of the complex over time. The arrangement of an interaction system's atoms along its
axis can provide information on the Radius of Gyration (Rg) of a protein-ligand complex. When trying to anticipate the
structural functioning of a macromolecule, the evaluation of Rg is a critical signal since it indicates changes in the
compactness of the complex over time. These changes can be seen as a result of many processes.
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Figure 3: Radius of gyration (Rg) values over a 100 ns time frame, encompassing engagements with
three ligand compounds and a control drug, the compounds IMPHY001505, IMPHY010968, and
IMPHY012644 are delineated by deep blue, ash, and yellow tones, respectively, while the control drug
is depicted in blue.

This study conducted a thorough analysis of compound stability within the target protein context by examining Radius of
Gyration (Rg) values over a 100 ns time frame, as shown in Figure 3. Notably, the average Rg values for each compound
were determined as follows: 4.0 (IMPHY001505), 3.8 (IMPHY010968), 4.5 (IMPHY012644), and 5.5 (control drug). The
Rg parameter is used to gauge the compactness of a protein-ligand complex, where higher values suggest decreased
compactness. During our study, the chosen compounds showed significantly reduced Rg values in comparison to the
control drug. It indicates a more condensed and steady structure for the protein-ligand complexes created with our
suggested compounds. The decrease in Rg values for IMPHY001505, IMPHY010968, and IMPHY 012644 highlights their
strong capability to form a more stable interaction with the target protein.

Analysis of SASA, MoISA and PSA

SASA controls biological macromolecule structure and function. In most situations, amino acid residues on a protein's
surface operate as active sites or interact with other molecules and ligands, which helps us understand the molecule’s
hydrophilic or hydrophobic nature and protein-ligand interaction components.

© 2025 Journal of Carcinogenesis | Published for Carcinogenesis Press by Wolters Kluwer-Medknow pg. 529



Designing Potential Inhibitors Against RET PROTEIN TYROSINE KINASE DOMAIN to

Fight Sporadic Medullary Thyroid Carcinoma: A Virtual Screening and Molecular

~IMPHY001505 -~ IMPHYO010968 - IMPHY 012644 ~-CID-11707110 (Control)
700

Time (ns)

Figure 4: The solvent accessible surface area (SASA) of the protein-ligand interaction compounds was
calculated from the 100 ns simulation interaction diagram. Deep Blue, ash, yellow and blue colors were
employed to represent IMPHY001505, IMPHY010968, IMPHY012644, and the control drug,
respectively

The SASA value of the protein complexed with the four ligand compounds IMPHY001505, IMPHY010968,
IMPHY 012644, and the control drug was determined and plotted in Figure 4. The average SASA value ranged from 50 to
320 A2, indicating a high level of exposure of amino acid residues to the chosen compound in the given system. As a result,

these findings demonstrate that such complexes are highly exposed and likely accessible for further analysis.
800
~IMPHY001505 ~IMPHY010968 ~IMPHY012644 ~-CID-11707110 (Control)

700

0 10 20 30 40 50 60 70 80 90 100
Time (ns)
Figure 5: The MolSA of the protein-ligand interaction compounds was calculated from a 100 ns
simulation diagram, and IMPHY001505, IMPHY010968, IMPHY012644, and control drug were
represented by Deep blue, ash, yellow, and blue colors, respectively

The Molecular Surface Area (MolSA) is equivalent to a van der Waals surface area which can be calculated using a 1.4 A
probe radius. In our in-silico study, IMPHY 001505, IMPHY010968, IMPHY 012644, and the control drug had the standard
van der Waals surface area (Figure 5). Additionally, a molecule's Polarity Surface Area (PSA) is mainly contributed by
oxygen and nitrogen atoms. IMPHY001505, IMPHY 010968, IMPHY012644, and the control drug showed high PSA
values when interacting with the target protein (Figure 6).
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Figure 6: Using a 100 ns simulation interaction diagram (SID), protein-ligand interaction compounds'
PSAs were calculated. IMPHY001505, IMPHY010968, IMPHY012644, and the control medication
were deep blue, ash, yellow, and blue

Analysis of Intramolecular Bonds
To investigate the intricate arrangement of a protein and its intermolecular interactions with certain ligands, we ran a
simulation lasting one hundred nanoseconds (ns) and made use of a tool called the SID.

[F3 H-bonds B Hydrophobic Il lonic B Water bridges)|

A B
c C
oo S 06
-— -
w [ =
© ® o5
[ b
wv (%]
c c 0.4
S A=)
] ©
@ 04 @ 03
® ©
[7] [
3 2
E E 0.2 4
0.2 4
0.1 1
0.0 4 0.0
BRSNS R LRSI A BRIG GRS C IO A A IS AT
FEP P PP LI T I FOITELEREFTLPE FFPF P ETIPT IS T EE S IEIELEFT P
0.8 1.0
- <
o £ o0aq
iz 0.6 [¥)
= o
= - 0.6
‘a @
e 04 o
= =
= O 0.4
2 l
o
@ 0.2 2z
= £ 02
0.0- 0.0
S A A o o B sl o~ T T ) L) R A% oS gV > A Qo D N A <] ’\ el
cfﬂc“’b "b\)ﬂa) <5, \O’ SAS IS ,,)3:}';‘9 3}(3-'3’&09«’59»5?&63;\ éé\@i’%qt? c’)“l’)"{)“z?“ f«&éb 3{}0?:;3’\ o')\% oy ')‘\‘o S r.,',‘q’Q 3%2?@ 3’%13’%0/ q?’%\,‘?ﬁq
< e L st LPEE T E L E LI T LTI e

Figure 7: Bar charts showing the interactions between proteins and ligands that were observed during
the 100 ns simulation. Specifically, the interactions of four compounds (IMPHY001505, IMPHY010968,
IMPHY012644, and a control drug) with the protein are illustrated in this figure. A, B, C, and D
correspond to these compounds. The colors used to convey meaning: green represents hydrogen bonds,
ash represents hydrophobic bonds, pink is for ionic bonds, and blue is for water bridges.
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Figure 7A illustrates the bonds between IMPHY001505 and 6NE7 protein. These bonds consist of hydrogen bonds in the
range of 0 to 0.8 interaction fraction, hydrophobic bonds with minimal interaction fraction, and water bridges in the range
of 0.8 to 1 interaction fraction.

Figure 7B depicts the bonds between IMPHY(010968 and 6NE7 protein, which are composed of hydrogen bonds in the
range of 0 to 0.45 interactions fraction, hydrophobic bonds in the range of 0.45 to 0.55 interactions fraction, and water
bridges between 0.55 to 7 interactions fraction.

Figure 7C outlines the connections between IMPHY012644 and 6NE7 protein, including hydrogen bonds from 0 to 0.2
interaction fraction, hydrophobic bonds with minimal interaction fractions, and water bridges with a range from 0.2 to 0.75
interaction fractions as well as water bridges with ARG_878 within a range from 00 to 1 interaction fractions.

Lastly, Figure 7D illustrates the bonds between the control drug and the 6NE7 protein. The control drug creates Hydrogen
bonds with SER_774 within a range of 0 to 0.86 interactions fraction and minimal hydrophobic interactions. Additionally,
Hydrogen bonds have been formed between LYS 730 in a fraction range of 0 to 0.56 while also creating minimal
hydrophobic interactions and water bridges from 0.58 up to above 1 interaction fraction range.

The comprehensive analysis demonstrates the distinct bonding patterns of the phytochemicals along with the control drug
with the target protein, highlighting the intermolecular interactions critical for its binding. Overall, these findings
collectively support the observation that IMPHY010968, IMPHY012644, and IMPHY001505 remain in their initial
docking positions on RET PROTEIN TYROSINE Kinase, and this stability can be attributed to the specific intermolecular
hydrogen bonding patterns elucidated in the figures.

PASS Online Prediction for QSAR Analysis

Using the PASS online tool, three phytochemicals and a control drug were evaluated for their potential to inhibit the
tyrosine kinase domain of the RET protein (Table 6). Compounds with a higher Pa value are known to have greater
pharmacological potency and experimental production potential (Samad et al., 2022). To analyze the quantitative structure-
activity relationships (QSAR) of these three phytochemicals and control drugs, we used a Pa cut-off value > 100 (greater
than or equal to 100; see Table 1). Additionally, PASS can help reduce a molecule's side effects even though it cannot
predict binding affinity for new therapeutic targets. After completing an ADME evaluation, the filtered phytochemicals
were subjected to site-specific molecular docking analysis.

Table 6: The outcomes of QSAR models for predicting bioactivity in ligand validation

CID Compounds name Pa Pi Activity
0.008 0.005 Antidyskinetic
0.730 0.005 MAP Kinase stimulant
0.692 0.018 JAK2 expression inhibitor
Glutamate-5-semialdehyde
0.644 0.034 dehydrogenase inhibitor
0,676 0.071 Gluconate 2-dehydrqgenase
(acceptor) inhibitor
IMPHY001505 Coclaurine 0.618 0.029 Aldehyiis:llgi?]SSnl:hlbltor
0.656 0.078 dimethylallyltransferase inhibitor
0.573 0.005 NOS2 expression inhibitor
Steroid N-
0.579 0.015 acetylglucosaminyltransferase
inhibitor

0.611 0.059 Chlordecone reductase inhibitor
0.543 0.004 Tyrosine 3 hydroxylase inhibitor
Gluconate 2-dehydrogenase

0.713 0.049 LI
. . (acceptor) inhibitor
sraicylols.3.1.04,12] codoca. |00l | 0080 | Aldehyle oxidase nhibic
S . . eukopoiesis inhibitor
IMPHY010968 1(12)’8’;Oéfélii)?]i_]z_’;:)cécIOhexa_ 0.434 0.073 JAK2 expression inhibitor
' 0.392 0.046 CYP2D2 inhibitor
0.372 0.046 RELA expression inhibitor

0.331 0.037 Tyrosine 3 hydroxylase inhibitor
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0.385 0.095 Pinl inhibitor
Steroid N-
0.339 0.063 acetylglucosaminyltransferase
inhibitor
0.308 0.042 NOS2 expression inhibitor
Testosterone 17beta-
0.429 0.168 dehydrogenase (NADP+) inhibitor
0.900 0.200 Antidyskinetic
0.720 0.015 JAK2 expression inhibitor
Aspulvinone
0.749 0.048 dimethylallyltransferase inhibitor
0.707 0.007 General pump inhibitor
0.714 0.049 Gluconate 2-de_hyc_irc_)genase
(acceptor) inhibitor
()-Coreximine 0.664 0.004 CYP2D2_ inhit_)ito_r _
IMPHY 012644 0.620 0.016 Aryl-acylamidase inhibitor
0.653 0.050 Chlordecone reductase inhibitor
Steroid N-
0.582 0.015 acetylglucosaminyltransferase
inhibitor
0.489 0.010 Monoamine uptake inhibitor
0.558 0.027 Platelet adhesion inhibitor
0.524 0.014 Lipid peroxidase inhibitor
0.544 0.043 Aldehyde oxidase inhibitor
0.366 0.003 MAP kinase kinase 1 inhibitor
0.342 0.053 Signal trarﬁ]cmgtiitgp pathways
(Céﬁzrgﬁgg) Trametinib 0232 | 0.018 Complement inhibitor
0.244 0.054 Protein kinase inhibitor
0.205 0.033 Protein-seri_ne-_th_reonine kinase
inhibitor

Analyzing MM-GBSA Results from Post-Molecular Dynamic Simulation Trajectory

The current investigation employed MM/GBSA methodologies to assess the ligand-binding free energy of the designated
protein. The analysis of the protein-ligand complex’s structure was conducted through the utilization of molecular
mechanics/generalized Born surface area (MM/GBSA) calculations. A specific subset of snapshots, each lasting
approximately 100 nanoseconds, was chosen from a dynamic simulation trajectory for this analysis.

Thermal MMGBSA
= ITMPHY012644 = IMPIHYO10968 = IMPIY001505 =mCID-11707110 (Control)
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Figure 8: Extracted Snapshots of 6NE7 Protein in the presence of selected compounds: Energy
contributions and Net MM/GBSA Binding Free Energy (kcal/mol) with Standard Deviation Values

The evaluation of the complicated shape discovered higher net negative binding unfastened power values of approximately
—48kcal/mol, —46 kcal/mol, and -40 kcal/mol for the chosen 3 compounds IMPHY012644, IMPHY010968, and
IMPHY001505, respectively, with the centered protein (Figure 8). Therefore, it could be considered that the selected
compounds might be able to keep a protracted-term interplay with the preferred 6NE7 protein. Our proposed compounds

© 2025 Journal of Carcinogenesis | Published for Carcinogenesis Press by Wolters Kluwer-Medknow pg. 533



Designing Potential Inhibitors Against RET PROTEIN TYROSINE KINASE DOMAIN to

Fight Sporadic Medullary Thyroid Carcinoma: A Virtual Screening and Molecular

showed standard values in all calculated parameters compared to the control drug.

Quantum Mechanics Calculation
When determining potential active conformations, binding affinities, and strain factors involved in the binding process, it
is crucial to investigate the conformation of a ligand within the protein's binding site. Calculating minimal energy
conformations and performing structural optimizations are necessary steps to successfully achieve this type of binding.
These steps are dependent on the energies present in the solution phase as well as those related to the gas phase. When it
comes to effectively describing ligand-protein complex systems that include metal ions, the traditional molecular
mechanics (MM) technique has its drawbacks.

Table 7: Quantum mechanics and HOMO, LUMO analysis of the selected ligands/

Comgﬁ]‘g”ds ¢HOMO (a.u) | €LUMO (a.u) Gap (a.u) H (g:rr)c/i;)ess fﬁaﬂ’r‘:’tﬁ:ﬁ;
IMPHY001505 2019536 -0.00055 0.194811 0.0974055 10.26636073
IMPHY010968 2022231 2005171 0.170598 0.085299 11.72346686
IMPHY012644 20.19885 0.004168 0.203018 0.101509 9.851343231
CID-11707110 -0.20101 -0.05385 0.147164 0.073582 1359028023

(control)

Ground State

<« Band Gap >

E(HOMO) = -0.19536

<

E(HOMO) = -0.20101

A

(0.194811eV)

First Excited State

E(HOMO) = -0.19536

< Band Gap >

(0.170598eV)

Band Gap ‘-

(0.147164eV)

E(HOMO) = -0.05385

Figure 9: HOMO and LUMO energy scores and structures of the four docked compounds

In the DFT calculations, IMPHY001505 (A), IMPHY010968 (B), IMPHY012644 (C), and CID-11707110 (control) (D)
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generated a HOMO energy score of -0.19536 a.u, -0.22231 a.u, -0.19885 a.u, and -0.20101 a.u respectively and LUMO
energy score of -0.00055 a.u, -0.05171 a.u, 0.004168 a.u and -0.05385 a.u respectively (Figure 9).

IMPHY001505, IMPHY010968, IMPHY012644, and CID-11707110 (control) generated hardness energy of 0.0974055
eV, 0.085299 eV, 0.101509 eV, and 0.073582 eV respectively and softness energy of 10.26636073eV, 11.72346686¢eV,
9.851343231 eV and 13.59028023 eV respectively (Table 7). IMPHY001505, IMPHY010968, and IMPHY012644
compounds were selected and compared with CID-11707110 (control) compounds for more investigation.

4. DISCUSSION

Carcinoma represents the primary cause of global mortality. The incidence of thyroid carcinoma has experienced a notable
increase in recent times. Therefore, the examination of mutations in the RET gene carries considerable significance. The
identification of mutations in the RET-activating factor has been linked to the causation of C-cell transformation, leading
to the subsequent development of Sporadic Medullary Thyroid Cancer (SMTC). Additional research is necessary to
ascertain new compounds that can inhibit the RET protein-tyrosine kinase (TK) enzyme (Prescott and Zeiger, 2015). The
current investigation employed a comprehensive computational analysis to identify potential pharmaceutical compounds
that could selectively target the RET protein, to develop therapeutic interventions for human thyroid carcinoma. The major
objective of this research study is to develop effective bioactive compounds that can suppress the overexpression of RET
protein. Because by inhibition of overexpression of RET protein, the progression of thyroid carcinoma can be regulated
which can be a potential therapeutic option for thyroid cancer.

CADD encompasses diverse, sophisticated functionalities and methodologies, making it a notable instrument for
identifying novel compounds targeting specific proteins (Madhavi Sastry et al., 2013). The objective of the CADD
approach is to decrease the financial costs and time constraints associated with the overall drug development process. The
virtual screening process is specifically designed to integrate a range of computational techniques, such as molecular
docking, MM-GBSA, quantum mechanics, MD simulation, ADMET, and other pertinent methodologies. Pharmaceutical
research and development heavily rely on the incorporation of this particular component (Bharadwaj et al., 2021).

The goal of this research work was to determine the existence and attributes of the RET protein and to evaluate the
effectiveness of different drug candidates using molecular docking and other experimental techniques. The initial stage
involved employing a molecular docking methodology to assess the compounds. Subsequently, three phytocompounds
were chosen based on their superior negative binding affinity compared to the control ligand, Trametinib. The chosen
phytochemicals exhibit lower docking scores compared to Trametinib, which is presently employed as a therapeutic agent
for treating thyroid cancer in human patients (Liu et al., 2020)(Zhang et al., 2017).

In the context of the MM-GBSA assay, the optimal AG binding score is determined by selecting the value with the most
negative score, indicating the lowest score. The MM-GBSA analysis revealed that the three selected compounds and the
control compound displayed higher net negative binding free energy values upon binding to the RET protein. As a result,
the bond that was not considered was excluded, and the three selected bonds, specifically IMPHY 012644, IMPHY(010968,
IMPHY001505, along with CID-11707110 (as the control), were included for further evaluation using DFT-based
computation.

The HOMO-LUMO gap energy is a frequently used term to describe the energy disparity between the HOMO and LUMO.
The aforementioned energy denotes the quantity of energy necessary for the excitation of electrons. Compounds that
possess a higher orbital gap energy are commonly associated with a more pronounced energetic discrepancy, which
consequently makes them less conducive to promoting a chemical reaction. These compounds may be classified as
bioactive (Hoque et al., 2015)(Zhan et al., 2003).

The gap energy also affects molecular softness and hardness [76]. The best three ligand compounds were compared to
Trametinib using DFT. Finalized ADMET compounds were IMPHY 012644, IMPHY 010968, IMPHY001505 and CID-
11707110 (control).

The finalized three phytochemicals IMPHY 012644, IMPHY(010968, and IMPHY001505 with control drug Trametinib
(CID-11707110) were identified to obey the five criteria of Lipinski’s drug-likeness. The phytochemicals with promising
ADME properties have been then estimated through the toxicity characteristics to determine the detrimental result on
animals or humans (Lipinski, 2004) Investigation of toxicity study established lower toxicity of the selected three
phytocompounds (IMPHY 012644, IMPHY 010968, IMPHY001505) along with Trametinib.

MDS is utilized here to check up the protein-ligand complex stability (Pollastri, 2010)(Aljahdali et al., 2021). It can also
identify the rigidity and stability of protein—ligand complexes in distinctly created surroundings like the human body. The
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best stability and compactness of the protein-ligand complex is identified by RMSD and RMSF value respectively
(Krupanidhi et al., 2021). Our proposed compounds showed promising RMSD and RMSF values. The mass center of the
protein N and C terminals examines the protein complex stability and provides a good realization of the characteristics of
protein folding (Baildya et al., 2021), Lower radius of gyration value indicates higher compactness and on the other hand,
higher radius of gyration value indicates lower compactness. Our selected compounds showed lower Rg values than that
of the control drug. Larger SASA values mean more unstable structures. Our selected compounds showed lower Rg values
than that of the control drug (Mahmud et al., 2021), Moreover, after the estimation of hydrogen bond interaction, SASA
values, MOLSA and PSA values, protein—ligand contact provide promising results for our selected compounds, therefore
these phytocompounds are finalized for in-vitro and in-vivo analysis.

5. CONCLUSION

Three phytochemicals were discovered, and virtual-mediated ADMET screening predicted the best drug-like compounds.
Moreover, ADMET (absorption, distribution, metabolism, excretion, and toxicity) analysis, molecular docking, and
molecular dynamics simulation successfully induced appropriate bioactive phytocompounds to target the RET protein. The
ADMET study revealed their efficacy as potential drug candidates in addition to having no cellular toxicity. The selected
bioactive phytocompounds exhibit the highest binding affinity and strong interactions with RET protein catalytic residues.
Non-covalent interactions such as hydrophobic interactions and hydrogen bonding were also observed in these protein-
ligand complexes. Molecular dynamics simulation proposed that protein-ligand complexes are stable in an artificially
created environment and interact most often with RET protein via hydrogen bonds. The investigations found that certain
ligand compounds, like Trametinib can suppress carcinoma cell proliferation the most. Drug-like substances interacted
with target protein active site residues over long periods. All experiments show that selected drugs interact well with the
target receptor, with outstanding values. However, it is essential to acknowledge the limitations inherent in this study.
Translating these findings to clinical settings poses challenges, as the simulated environment may not fully capture the
complexities of in vivo conditions. After the in vivo and in vitro experiments, it may be possible that the majority of
selected bioactive phytocompounds may be used as a possible candidate for RET protein targets of thyroid cancer
treatment. Furthermore, the futility limits and safety concerns including dose, side effects, and drug-drug combinations
will limit the usage of future anticancer therapies.
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