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ABSTRACT 

Cancer remains a major global health challenge, and existing drugs have limited efficacy and adverse side effects. 

Key molecular regulators such as PARP1, ABL1, and CDK2 represent attractive targets for developing safer and 

more effective anticancer agents. MDA468 (Breast cancer), HCT-116 (Colon Cancer), CCRF (Leukemia), MDA-

MB-435 (Melanoma), HOP-18 (non-small lung cancer), SKOV3 (Ovarian cancer), DU-145(Prostate cancer), and 

SN12K1 (Renal cancer) are cell lines studied in this paper. 216 phytoecdysteroids were computationally screened 

against these targets using molecular docking, ADMET profiling, and molecular dynamics simulations (MDS). 

Among them, Ecdysterone 22-benzoate 25-O-β-D-glycoside (PES 1) exhibited strong binding affinities of –11.3 

kcal/mol (3L3M) and –9.1 kcal/mol (8H7H), while E-2-Deoxy-20-hydroxyecdysone 3-[4-(1-β-D-

glucopyranosyl)]-caffeate (PES 44) demonstrated affinities of –9.3 kcal/mol (2A0C) and –9.2 kcal/mol (8H7H). 

Both complexes maintained RMSD values below 2 Å, and ADMET predictions further indicated favourable 

pharmacokinetic properties and low predicted toxicity. These findings suggest that PES 1 and PES 44 are 

promising phytoecdysteroid-based inhibitors with potential anticancer activity, warranting further extended 

simulations and experimental validation for their development into effective and safer anticancer therapeutics.  
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INTRODUCTION 

Cancer is a significant global health issue,  with 19.3 

million new cases and 10 million deaths annually 

(Chhikara & Parang, 2023). It is characterized by the 

abnormal growth of cells, particularly when tumor 

cells in the body metastasize (Nussbaumer et al., 

2011). Major types of cancer include carcinoma, 

sarcoma, leukemia, lymphoma, and melanoma, named 

after the originating cells (Schott et al., 2015). Specific 

cancers are linked to various cell lines.  Cancer cells 

such as HCT-116, BT-549, HOP-18, and PC-3 are 

linked to colorectal, breast, lungs, and prostate cancer, 

respectively (Klijn et al., 2015). Cancer patients 

typically have the treatment options of surgery, 

radiotherapy, or chemotherapy, with chemotherapy 

often being the most viable due to the high costs and 

low success rates of the other methods. However, 

chemotherapy faces challenges, like toxicities and 

drug resistance, that limit its effectiveness (Baskar et 

al., 2012). Anticancer drugs function by suppressing 

tumor growth, primarily by interfering with cell 

division, thereby reducing the number of tumor cells 

that can proliferate (Malhotra & Perry, 2003). Small 

molecules are often used to inhibit the plasma 

membranes of these tumor cells (Hoelder et al., 2012). 

Most cancer inhibitors target tyrosine protein kinases, 

particularly ABL1, with Imatinib receiving food and 

drug administration (FDA) approval in 2001. Other 

targets include vascular endothelial growth factor 

(VEGF), poly(ADP-ribose) polymerase 1 (PARP1), 

human epidermal growth factor receptor 2 (HER2), 

cyclin-dependent kinase 2 ( CDK2), and epidermal 

growth factor receptor (EGFR) (Seebacher, Stacy, 

Porter, & Merlot, 2019). The research paper focuses 

on PARP1, CDK2, and ABL1 inhibitors: PARP1 

inhibitors prevent the repair of damaged cancer cells, 

CDK2 inhibitors disrupt cell cycle progression from 

the G1 (growth) phase to the S (synthesis) phase, and 

ABL1 inhibitors hinder DNA repair and synthesis, 

leading to tumor cell death.  

 More than 8,000 receptor sites for cancer exist 

(Brown et al., 2023), and 16 are major targets for drug 

development. PARP1, EGFR, and ERBB2 classes 

have been chosen for significant medical research 
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(Zhou et al., 2020). Notable classes include PARP1, 

EGFR, and ERBB2, which are the focus of significant 

medical research. Drugs targeting PARP1 include 

Niraparib, Olaparib, and Rucaparib, which are 

powerful poly(ADP-ribose) polymerase (PARP) 

inhibitors that are authorized to treat malignancies 

(particularly ovarian) with homologous 

recombination deficiency (HRD) or BRCA mutations 

by preventing DNA repair, that results in cell death 

(synthetic lethality) (Palazzo & Ahel, 2018), while 

EGFR inhibitors are represented by Trastuzumab, 

Gefitinib, and Cetuximab are targeted cancer therapies 

that inhibit different receptors in the HER/ErbB 

family (Roskoski, 2014). Other targeted receptors 

include TOP1, which is inhibited by topotecan and 

irinotecan, and BCL2, targeted by docetaxel (Asghar 

et al., 2015). This research paper emphasizes the 

inhibition of PARP1 class (PARP1) and kinase 

classes, specifically ABL1 and CDK2, with standard 

drugs such as Olaparib (Palazzo & Ahel, 2018) for 

PARP1, Imatinib for ABL1 (Raimondi et al., 2014), 

and Palbociclib for CDK2 (Roskoski, 2016) (Fig. 1). 

 

Figure 1. (a) PARP1 receptor (3L3M), (b) ABL1 receptor (8H7H), (c) CDK2 receptor (2A0C) 

 

Medicinal plants have been historically utilized for the 

treatment of various diseases (Phuyal et al., 2019), 

particularly cancer, owing to the presence of bioactive 

secondary metabolites that inhibit cancer cell growth. 

Among these metabolites, triterpenoids, flavonoids, 

and glycosides have received considerable attention 

for their anticancer potential (Chiang et al., 2003). 

One such group is phytoecdysteroids, a class of plant-

derived steroids known for their role in regulating 

insect moulting and development (Bathori & 

Pongracz, 2005). Recent studies have revealed the 

anticancer potential of phytoecdysteroids, which can 

inhibit the progression of cancer development by 

acting on specific molecular receptors, including the 

PARP1, ABL1, and CDK2 receptors (Das et al., 

2021).  

Thus, the present study proposes an evaluation of the 

anticancer potential of the identified ligands of the 

phytoecdysteroid compounds using the molecular 

docking technique for evaluating the binding affinities 

of the compounds with the target receptors. In 

addition, ADMET analysis has been carried out to 

evaluate the drug-likeness properties of the 

compounds. 

MATERIALS AND METHODS 

Selection, preparation, and screening of ligands 

Different phytoecdysteroids with reported biological 

properties were selected as ligands from the literature 

(Adhikari et al., 2025). Their structure was created in 

ChemDraw Ultra 12.0. The ligands were then 

converted into 3D structures by energy minimization 
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using the Avogadro software (version 1.1) (Hanwell 

et al., 2012). The PDB format of ligands was further 

converted to pdbqt format using the AutoDock Tools 

program (Waiba et al., 2025). Ligands were screened 

to determine the toxicities of organic molecules with 

the help of the ProTox-II server, which analyzes many 

toxicity parameters like hepatotoxicity, 

carcinogenicity, mutagenicity, cytotoxicity, and 

immunotoxicity of small molecules (Banerjee et al., 

2018).  

 Receptor preparation and validation 

Three anti-cancer receptors (3L3M, 2A0C, and 

8H7H) were identified as potential targets. The 

receptors were downloaded from the www.rcsb.org  

website in the PDB format (Rose et al., 2017). The 

three receptors were poly (ADP Ribose) polymerase 

(PARP1) [PDBID: 3L3M] (Penning et al., 2010), 

tyrosine-protein kinase (ABL1) [PDBID: 8H7H] 

(Chen et al., 2023), and cyclin-dependent kinase 2 

(CDK2) [PDBID: 2A0C] (Kryštof et al., 2005). 

3L3M, 8H7H, and 2A0C have resolutions of 2.50 Å, 

2.28 Å, and 1.95 Å, respectively. The X-ray crystal 

structures of these receptors were processed using the 

PyMOL software (version 2.5.5) (Schrodinger & 

Delano, 2020) by removing water, ions, and other 

ligands, followed by the addition of polar hydrogen. 

3D structures of receptors were validated using the 

SAVESv6.0 web server, which contains three 

programs, called ERRAT, VERIFY3D, and 

PROCHECK. ERRAT gives the overall quality factor 

of the receptor and analyses non-bonded interaction 

patterns to verify it (Colovos & Yeates, 1993). 

VERIFY checks the percentage of residues that have 

3D-1D values which are greater than or equal to 0.1 

(Bowie et al., 1991). The 3D-1D value in protein 

structure assessment refers to the compatibility of an 

atomic model’s three-dimensional (3D) structure with 

its amino acid sequence (1D). PROCHECK analyses 

receptor stereochemical quality like the 

Ramachandran plot (Laskowski, MacArthur, Moss, & 

Thornton, 1993). A Ramachandran plot is a 

biochemistry tool that visualizes the energetically 

acceptable regions for backbone dihedral angles in 

protein structures, aiding in determining the most 

beneficial combinations for protein stability and 

understanding protein shape and stability (Laskowski 

et al., 2012). There were missing residues in the 2A0C 

and 8H7H receptor sequences. Their missing residues 

were filled with the SWISS-MODEL server 

(Waterhouse et al., 2018), which is based on the open 

structure strategy of the computational structural 

biology framework (Biasini et al., 2014).  A FASTA 

sequence was downloaded from the RCSB website 

and employed the BLAST (Altschul et al., 1997) 

database search technique, which generates templates. 

A template having the highest Global Model Quality 

Estimation (GMQE) (Biasini et al., 2013) and identity 

percentage was selected for building 3D models. 

2F4J.1.A and 2A0C.1.A were selected to build model 

for 8H7H and 2A0C, respectively. A model was 

downloaded in protein data bank (PDB) format, which 

was cleaned and then converted into pdbqt format. 

AutoDock Tools (version 1.5.7) (Trott & Olson, 2010) 

was used to clean by removing ligands and water 

molecules, followed by the addition of polar hydrogen 

atoms. Kollmann charges of 10.0, -70.016, and 14.0 

were added into 3L3M, 8H7H, and 2A0C, 

respectively, and were ready to dock with ligands. 

Protocol validation 

Protocol validation means ensuring the whole process 

(Karki et al., 2024). The root mean square deviation 

(RMSD) between the native ligand and the hit ligands 

(best candidates from molecular docking) was 

calculated. RMSD of 3L3M, ABL1, and CDK2 

receptors were 1.81 Å, 2.43 Å, and 2.29 Å. RMSD of 

all three receptors with hit molecules was less than 2 

Å, which is acceptable. 

Molecular docking and scoring 

Molecular docking was done between non-toxic 

ligands and a clean target receptor with the AutoDock 

Vina (version 1.5.7) program (Trott & Olson, 2010). 

Each docking program employs a distinct search 

strategy, utilizing its own internal conformational 

search algorithm; for example, AutoDock Vina uses a 

gradient-based optimization approach (Table 1). 

Receptor-ligand visualization was done with Biovia 

Discovery Studio 2021 Client software.  

 

Table 1. Methods for docking 

PDB ID Grid box size 

(Å) 

Grid box centre (x,y,z) Exhaustiven

ess 

Number 

of modes 

Energy 

range 

3L3M  

40×40×40 

26.36, 11.22, 27.02  

32 

 

20 

 

4 8H7H 1.99, -7.50, -24.57 

2A0C -0.03, 6.63, 26.81 

http://www.rcsb.org/
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In silico predictive cancer cell line inhibition study 

by the pdCSM server  

Small molecules’ anticancer inhibition activity can be 

studied by using a graph-based signature, which is a 

representation of the chemical structure of tiny 

molecules using a pdCSM server. It accurately 

predicts molecules that are likely to inhibit one or 

more cancer cell lines. Their quantitative structure-

activity association, along with machine learning 

models, predicts molecular pharmacodynamics and 

bioactivity of compounds with anticancer capabilities 

against diverse cell types. There are many types of 

cancer cell lines for which it can be predicted 

accurately. The ligand's anticancer activity against 

cancer cell lines was evaluated with Pearson’s 

correlation coefficients of up to 0.74. The anticancer 

activity of the cell lines was expressed in µM. The 

values greater than or equal to 5.0 were active against 

that cancer cell line. MDA-MB-468 (Breast cancer), 

HCT-116 (Colon Cancer), CCRF (Leukaemia), 

MDA-MB-435 (Melanoma), HOP-18 (non-small 

lungs cancer), SK-OV-3 (Ovarian cancer), DU-

145(Prostate cancer), and SN12K1 (Renal cancer) are 

some cancer cell lines predicted by pdCSM. Different 

cancer cell line inhibition is calculated based on 

machine learning of experimental data correlation 

with a graph-based signature of small molecules (Al-

Jarf et al., 2021).  

In-silico predictive CDK2 inhibition study by the 

kinCSM server 

Cyclin-dependent kinase (CDK2) is a special type of 

kinase protein that inhibits cancer cells, acting as an 

on/off switch in various cellular signalling pathways 

and regulating tumor and cancer proteins (Philipp-

Staheli et al., 2001). This is accomplished with the use 

of the kinCSM server, an integrative computational 

tool that can precisely identify an efficient inhibitor of 

cyclin-dependent kinase by predicting protein ligand-

kinase inhibition constants (pKi). The prediction 

models record the physicochemical and geometric 

features of tiny test molecules. It predicts the ligand 

binding site on the protein. It predicts whether the 

ligand binds at the orthosteric site or the allosteric site. 

It also classifies the type of CDK2 inhibitors into type 

I, type II, and type I1/2. Type I inhibitors bind to the 

active site of the kinase and compete with ATP 

(adenosine triphosphate) for binding and are 

frequently ATP-competitive. Type II inhibitors are 

more prevalent and extensively studied. Type II 

inhibitors stabilize the inactive conformation of a 

kinase by binding to an allosteric site near the active 

site. Type I1/2 Inhibitors are hybrids combining 

characteristics of both Type I and Type II inhibitors, 

and interact with active and allosteric sites. CDK2 

inhibitors were accurately identified with Matthew’s 

Correlation Coefficients of up to 0.74, and inhibition 

constants predicted with Pearson’s correlation of up to 

0.76. The server predicts the CDK2 ligand binding 

(pKi) values. The ligand binding (pKi) values greater 

than or equal to 5.00 are considered to inhibit the 

CDK2 protein. 

RESULTS AND DISCUSSION 

 Selection, preparation, and screening of ligands 

Out of 216 phytoecdysteroid ligands, 44 ligands 

(Table S1, Fig. S1) were screened, and five ligands 

were inactive for hepatotoxicity, carcinogenicity, 

immunotoxicity, mutagenicity, and cytotoxicity, 

whereas 39 of the ligands were inactive in all except 

immunotoxicity, where they were active (Table S3). 

These 44 ligands were classified as class 4 

compounds. Class 4 compounds are harmful if 

swallowed (300 < LD50 ≤ 2000) according to the 

globally harmonized system of classification (GHS). 

Though toxic in one parameter, they were still selected 

for molecular docking (Khatiwada et al., 2025).  

Protein preparation and target validation 

Structures of PARP1, ABL1, and CDK2 receptors 

were prepared and then validated with the 

SAVESv6.0 server. ERRAT module provides the 

receptor’s overall quality factor and examines the non-

bonded interaction pattern to confirm it (Karki et al., 

2024).  The overall quality factors of the three 

receptors were 92.35%, 98.35%, and 95.37%, 

respectively. The VERIFY module evaluates the 

percentage of residues with 3D–1D profile scores ≥ 

0.1; the corresponding values for the receptors were 

93.68%, 79.81%, and 82.65%, confirming acceptable 

3D–1D compatibility. PROCHECK module analyses 

receptor stereochemical quality. The PROCHECK 

module of these receptors was used to extract the 

Ramachandran plot (Table S2, Fig. S2, Fig. S4), 

which is a plot of Phi and Psi angles in a polypeptide. 

These angles visualize the energetically favored 

region of residues in the receptor structure, and help 

to know about conformational regions available to the 

receptor backbone.  

Molecular docking analysis 

Molecular docking was performed using Auto Dock 

Vina for 44 phytoecdysteroids. The binding affinity 

scores of the selected phytoecdysteroids, native 
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compounds, and reference drugs with PDB ID: 3L3M, 

2A0C, and 8H7H (Table 2). The binding affinities of 

the PARP1 receptor (3L3M) were between -11.3 and 

-9.0 kcal mol–1. The binding affinity of the reference 

ligand for the PARP1 receptor (3L3M) was -10.1, 

whereas binding affinities of the reference drugs were 

-10.3 and -10.8 kcal mol–1. The binding affinity of 

PES 1, PES 2, PES 3, PES 4, and PES 5 was lower 

than both the reference ligand (RL 1) and reference 

drug (RD 1).  Meanwhile, PES 1, PES 2, and PES 3 

had binding affinities even lower than the other 

reference drug (RD 2), which implies that they can be 

possible candidates for better PARP1 inhibition. 

 CDK2 receptor (2A0C) binding affinities with the 

phytoecdysteroids were between -9.5 and -7.5 kcal 

mol–1. Reference ligand (RL 2) binding affinity for the 

8H7H receptor was -8.8 kcal mol–1, whereas reference 

drugs (RD 3 and RD 4) binding affinities were -9.8 

and -9.3 kcal mol–1, respectively. The binding affinity 

of PES 12, PES 20, PES 6, PES 2, and PES 34 was 

equal to or less than that of one reference drug (RD 4) 

and reference ligand (RL 2) but greater than that of the 

other reference drug (RD 3), which show that they can 

be promising candidates for ABL1 inhibition.  

ABL1 receptor (8H7H) binding affinities were 

between -10.0 and -7.0 kcal mol–1. Reference ligand 

(RL 3) binding affinity for 2A0C receptor was -10.4 

kcal mol–1, whereas reference drugs (RD 5 and RD 6) 

binding affinities were -11.0 and -8.5 kcal mol–1. The 

binding affinity of PES 10, PES 37, PES 25, PES 44, 

and PES 1 was lower than that of only one reference 

drug (RD 6) but greater than that of another reference 

drug (RD 5) and reference ligand (RL 3). Since these 

complexes have lower values than one of the reference 

drugs, they could be good candidates for CDK2 

inhibition. 

 

Table 2. Binding affinities of screened ligands against different receptors 

         

Code 

                    Binding affinity (kcal mol–1) 

 

3L3M 2A0C 8H7H 

PES 1 -11.3 -9.2 -9.1 

PES 2 -11.2 -8.7 -8.6 

PES 3 -10.9 -8.7 -8.3 

PES 4 -10.8 -8.3 -8.3 

PES 5 -10.4 -8.5 -7.8 

PES 6 -10.3 -9.3 -9.0 

PES 7 -10.3 -7.7 -7.5 

PES 8 -10.2 -8.5 -9.0 

PES 9 -10.2 -8.4 -8.2 

PES 10 -10.2 -9.2 -10.0 

PES 11 -10.2 -8.6 -8.9 

PES 12 -10.1 -9.5 -8.6 

PES 13 -10.1 -7.9 -7.3 

PES 14 -10.1 -8.8 -7.7 

PES 15 -10.1 -8.3 -9.0 

PES 16 -10.1 -8.9 -8.6 

PES 17 -10.1 -9.1 -7.8 

PES 18 -10 -9.1 -9.0 

PES 19 -9.9 8.9 -9.0 

PES 20 -9.9 -9.4 -8.8 

PES 21 -9.9 -8.8 -7.7 

PES 22 -9.9 -8.5 -8.1 

PES 23 -9.8 -8.0 -7.6 
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PES 24 -9.7 -7.9 -7.4 

PES 25 -9.7 -8.3 -9.3 

PES 26 -9.6 -8.4 -8.0 

PES 27 -9.6 -7.7 -7.5 

PES 28 -9.6 -7.9 -8.4 

PES 29 -9.6 -8.8 -8.5 

PES 30 -9.6 -8.9 -8.6 

PES 31 -9.5 -9.0 -8.9 

PES 32 -9.4 -7.9 -7.7 

PES 33 -9.4 -8.8 -8.4 

PES 34 -9.4 -9.3 -8.8 

PES 35 -9.4 -9.0 -8.6 

PES 36 -9.3 -8.4 -7.1 

PES 37 -9.3 -9.0 -9.6 

PES 38 -9.3 -8.5 -8.7 

PES 39 -9.3 -8.3 -8.9 

PES 40 -9.2 -7.7 -8.7 

PES 41 -9.1 -8.3 -7.0 

PES 42 -9 -7.5 -8.2 

PES 43 -8.9 -7.5 -8.4 

PES 44 9.5 -9.3 -9.2 

RL 1 -10.1 - - 

RL 2 - -8.8 - 

RL 3 - - -10.4 

RD 1 -10.3 - - 

RD 2 -10.8 - - 

RD 3 - -9.8 - 

RD 4 - -9.3 - 

RD 5 - - -11.0 

RD 6 - - -8.5 

 

Where RL and RD stand for reference ligand and reference drug. 

RL 1: 2-{2-fluoro-4-[(2S)-piperidin-2-yl]phenyl}-1H-benzimidazole-7-carboxamide (pubchem CID: 46173035) 

RL 2: Olomoucine II (pubchem CID: 5494414) 

RL 3: Tozasertib (pubchem CID: 5494449) 

RD 1: Niraparib (pubchem CID: 24958200) 

RD 2: Talazoparib (pubchem CID: 135565082) 

RD 3: Palbociclib (pubchem CID: 5330286) 

RD 4: Dinaciclib (pubchem CID: 46926350) 

RD 5: Imatinib (pubchem CID: 5291) 

RD 6: Dasatinib (pubchem CID: 3062316) 
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Molecular-level details of protein-ligand 

interactions 

Molecular-level details (2D and 3D structures of 

protein-ligand interactions) of the top ligand were 

visualised from the Biovia Discovery Studio Client 

2021 program. Both 3D and 2D diagrams of these 

proteins were drawn for all three protein-ligand top 

complexes. 

 

 

Figure 2. (a) 2D diagram of 3L3M having PES 1, (b) 3D diagram (Hydrophobicity surface) of 3L3M having PES 1 

 

The protein shows both hydrogen bonds, van der 

Waals’, and pi interactions. A hydrogen bond is 

present in ASP105, SER203, ASN207, and ARG217. 

The minimum distance required to form a hydrogen 

bond is 2.0 Å (Dannenberg, 1998). Van der Waals are 

present in ASN106, AP109, ARG204, ILE211, and 

LEU216. Pi interactions are present in HIS201, 

TYR228, ALA237, and TYR246. There are also some 

unfavourable bonds. Polar contact is the significant 

distance between polar amino acid residues and polar 

ligands. Polar contacts for the oxygen atom in the 

protein are at a distance of 2.1, 2.2, 2.4, 2.8, and 2.9 

Å. Polar contacts for hydrogen atoms in ligands are at 

a distance of 2.2, 2.6, 2.8, 3.0, and 3.1 Å. These polar 

contacts have similar bond lengths to hydrogen bonds, 

as hydrogen bonds form between polar residues and 

ligands. The nearest neighbour is the distance between 

a selected atom and other atoms that are one bond 

away. A list consisting of all nearest neighbours is 

called the nearest neighbouring list. In the protein, 

significant distances between oxygen atoms and 

nearest neighbours are 3.1, 3.3, 3.5, and 3.9. For the 

hydrogen atom, the nearest neighbour distances are 

3.0, 3.2, 3.3, 3.5, and 3.8 Å (Fig. 2a).   

 

The hydrophobicity plot gives the relation between 

polarity and hydrophobicity between ligand and 

amino acid residues of the receptor. Polarity and 

hydrophobicity have an inverse interrelationship. The 

brown region of the receptor is a hydrophobic surface, 

whereas the blue region is a hydrophilic. The white 

region is between both surfaces. Protein shows mostly 

a blue region, which signifies that the surface has 

mostly a hydrophilic surface. It was due to polar 

amino acids like Arginine (ARG), Aspartate (ASP), 

Asparagine (ASN), Histidine (HIS), Serine (SER), 

and Tyrosine (TYR) (Fig. 2b). 
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Figure 3. (a) 2D diagram of 2A0C having PES 12; (b) 3D diagram (Hydrophobicity) of 2A0C having PES 12 

 

2A0C protein 2D shows hydrogen bond, van der 

Waals, and alkyl interaction. Hydrogen bond is 

present in GLU8, LYS89, ASP86, GLN131, ASP127 

and VAL163. There are van der Waals’ interactions 

present in LYS9, GLU12, THR14, PHE82, LEU83, 

HIS84, GLN85, ASN132, ALA144, ASP145, 

VAL164, and THR165. Alkyl interaction is present in 

ILE 10, VAL18, and LEU 134. Hydrogen bonding in 

the PES 5 was even better than the reference drug RD 

4, as it had one more hydrogen bond. Polar contacts 

for the oxygen atom in the protein are at distances of 

2.4, 2.6, 2.7, 2.8, and 2.9 Å. Polar contacts for the 

hydrogen atom in the ligand are at distances of 2.0, 

2.7, 2.8, and 3.4 Å. These polar contacts have a similar 

bond length to hydrogen bonds, as hydrogen bonds 

form between polar residues and the ligand. In the 

protein, significant distances between the oxygen 

atom and its nearest neighbours are 3.3, 3.4, 3.5, and 

3.8 Å. For the hydrogen atom, the nearest neighbour 

distances are 3.9, 4.0, 4.1, 4.3, and 4.4 Å (Fig. 3a). 

The protein shows mostly blue colour as the surface is 

mostly hydrophilic. It is due to polar amino acids like 

Aspartate (ASP), Glutamate (GLU), Glutamine 

(GLN), and Lysine (LYS), which have 

electronegative atoms and make hydrogen bonds. The 

ligand binds distinctly in the polar region of the 

protein, as the surface is mostly hydrophilic. The 

protein surface shows mostly brownish white (Fig. 

3b), which means the surface is a hydrophobic surface 

due to non-polar amino acids like Alanine (ALA), 

Leucine (LEU), and Valine (VAL).  

The 2D surface interaction analysis of the 8H7H–

PES10 complex reveals a network of hydrogen-

bonding and hydrophobic contacts that contribute to 

ligand stabilization within the binding pocket. Two 

conventional hydrogen bonds are observed with 

GLY26 and ASP158, while multiple hydrophobic 

(alkyl) interactions are formed with LEU25, TYR30, 

LYS48, ILE90, and LEU147, indicating a strong 

affinity toward non-polar residues. 

The polar contact map further supports these findings. 

The ligand forms oxygen-centered polar contacts with 

the protein at distances of 2.4, 2.6, and 2.8 Å, whereas 

hydrogen-centered polar interactions occur at 2.2, 3.3, 

3.6, and 3.9 Å. These distances fall within the typical 

range reported for stabilizing polar or hydrogen-bond 

interactions, reinforcing the contribution of polar 

residues to ligand anchoring. 

Examination of the protein environment shows that 

the oxygen atoms in the receptor maintain distances of 

3.3, 3.4, 3.5, and 3.8 Å from their nearest neighboring 

atoms. For hydrogen atoms, the nearest-neighbor 

distances are 3.9, 4.2, 4.4, and 4.5 Å, consistent with 

additional weak polar or van der Waals contacts that 

complement the primary binding interactions (Fig 4a). 

Figure 4.b illustrates the hydrophobicity-mapped 

surface of the 8H7H protein in complex with PES10. 

The surface is dominated by brownish-white regions, 

indicating a predominantly hydrophobic landscape 

enriched with non-polar amino acids such as Alanine 

(ALA), Leucine (LEU), Isoleucine (ILE), and Glycine 

(GLY). Although polar residues, including Aspartate 

(ASP), Lysine (LYS), and Tyrosine (TYR) are also 

present, their contribution is comparatively minor. 

The overall surface distribution confirms that PES10 

primarily interacts with a hydrophobic binding 

channel, which aligns with the alkyl interaction profile 

observed in the docking analysis. 
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Figure 4. (a) 2D diagram of 8H7H having PES 10; (b) 3D (Hydrophobicity) diagram of 8H7H having PES 10 

 

In-silico predictive cancer cell line inhibition study 

by the pdCSM server 

The inhibitory anticancer activity of small ligands can 

be studied from the pdCSM server, which predicts 

these ligands’ molecular pharmacodynamics and 

anticancer bioactivity against many cancer cell lines 

(groups of cancer cells that are derived from a single 

cancer cell). MDA-MD-468 (breast cancer), HCT-116 

(colon cancer, CCRF (leukaemia), MDA-435 

(melanoma), HOP-18 (non-small lung cancer), SK-

OV-3 (ovarian cancer), DU-145 (prostate cancer), and 

SN12K1 (renal cancer) are different cancer cell lines. 

The table below shows the anticancer activity of hit 

candidates (top 5 candidates) against various cancer 

cell lines. The anticancer activity of the cell line is 

expressed in Growth Inhibition (GI50), which is a log 

value (Table 3).  

 

Table 3. Anticancer activity of hit candidates against the PARP1 protein (PDB ID: 3L3M) from the pdCSM server 

S.

N. 

Code Anticanc

er 

Breast Colon Leukae

mia 

Melan

oma 

Non-

small 

Ovarian Prost

ate 

Renal 

   MDA-

MB-468  

HCT-

116  

CCRF MDA-

MB-

435 

HOP-

18 

SK-OV-

3 

DU-

145 

SN12

K1  

1 PES 1 Active 5.6 5.3 6.0 6.4 6.0 5.6 6.2 6.3 

2 PES 2 Inactive 6.7 4.4 4.8 5.2 6.7 4.7 4.8 5.7 

3 PES 3 Inactive 6.9 4.5 4.7 5.0 6.5 4.7 4.6 5.8 

4 PES 4 Inactive 6.6 4.4 4.7 5.4 6.4 4.8 4.6 5.8 

5 PES 5 Inactive 6.7 6.7 4.4 4.8 5.3 4.8 5.1 6.1 

6 RL 1 Inactive 4.9 4.6 4.4 4.6 4.6 4.4 4.6 4.1 

7 RD 1 Inactive 5.5 4.5 4.4 4.8 4.5 4.4 4.4 4.8 

8 RD 2 Inactive 5.6 5.6 4.8 4.7 4.5 4.5 4.7 4.4 

 

The pdCSM server shows the average anticancer 

activity of different cancers measured by the server. 

The anticancer values greater than 5 indicate activity 

towards specific cell lines. Though overall inhibitory 

anticancer activity of hit candidates (top 5) of 3L3M 

was inactive, they were active towards specific cancer 

cell lines. PES 1 was active against all cancer cell 

lines: MDA-MB-468, HCT-116, CCRF, MDA-MB-
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435, HOP-18, SKOV3, DU145, and SN12K1. PES 27, 

PES 1, and PES 36 are active against only MDA-MB-

468, MDA-435, HOP-18, DU-145, and SN12K1 cell 

lines. PES 5 was active against only MDA-MB-468, 

HCT-116, HOP-18, DU-145, and SN12K1 cell lines. 

Reference ligand or native ligand (RL 1) was inactive 

against all cell lines, which shows the hit candidates 

have greater pdCSM value anticancer properties than 

the native ligand. RD 1 was active only toward MDA-

MB-468, and RD 2 is active only against MDA-MB-

468 and HCT-116. Both reference drugs have a lower 

pdCSM overall value than the hit candidates. Since 

PES 1 was active against all cell lines, it can be a 

potent anticancer compound (Table 3). 

 

Table 4. Anticancer activity of hit candidates against CDK2 protein (PDB ID: 2A0C) from the pdCSM server 

S.

N. 

Code Anticancer Breast Colon Leukae

mia 

Melano

ma 

Non-

small 

Ovarian Prost

ate 

Renal 

   MDA-

MD-468 

HCT-

116 

CCRF MDA-

435 

HOP-

18 

SK-OV-

3 

DU-

145 

SN12

K1 

1 PES 12 Inactive 6.8 4.4 4.7 5.1 6.5 4.7 4.7 5.7 

2 PES 20 Inactive 6.7 5.0 5.1 5.4 5.4 5.5 4.8 5.3 

3 PES 6 Inactive 6.8 4.4 4.6 4.8 5.5 4.8 4.7 4.8 

4 PES 34 Inactive 6.9 5.2 5.9 6.5 5.4 5.4 6.2 6.7 

5 PES 44 Inactive 6.8 5.2 6.0 6.4 6.0 5.6 6.2 6.4 

6 RL 2 Inactive 5.8 5.0 4.6 4.9 4.4 4.4 4.8 4.7 

7 RD 3 Inactive 5.5 4.8 4.6 5.1 4.5 4.5 5.1 4.6 

8 RD 4 Inactive 5.7 5.0 4.5 5.1 4.3 4.6 5.0 4.8 

 

PES 20 was active against all cancer cell lines except 

DU-145. PES 34 and PES 44 were active against all 

cell lines. PES 12 was active against all cell lines 

except SK-OV-3 and DU-145. PES 6 and RL 2 were 

active against only MDA468 and HOP-118 cell lines. 

RD 3 was active against only MDA468, MDA435, 

and DU-145 cell lines. RD 4 was active against 

MDA468, HCT-116, MDA435, and DU-145 cell 

lines, which shows that both reference drugs’ 

anticancer properties were weaker than the hit 

candidates of 2A0C. PES 12, PES 20, PES 34, and 

PES 44 can be used as potent anticancer compounds 

as they are active against most cancer cell lines (Table 

4). 

 

Table 5. Anticancer activity of hit candidates against ABL1 protein (PDB ID: 8H7H) from the pdCSM server 

S.

N. 

Code Anticanc

er 

Breast Colon Leuka

emia 

Melan

oma 

Non-

small 

Ovarian Prosta

te 

Renal 

   MDA-

MB-

468  

HCT-

116  

CCRF  MDA-

MB-

435 

HOP-

18 

SK-OV-

3  

DU-

145  

SN12K

1  

1 PES 10 Inactive 6.6 5.0 5.0 5.4 5.5 5.4 4.9 5.4 

2 PES 37 Inactive 6.7 4.4 4.7 5.1 6.1 4.7 4.6 6.0 

3 PES 25 Inactive 6.7 4.4 4.7 5.3 6.4 4.7 4.7 4.6 

4 PES 44 Active 6.8 5.2 6.0 6.4 6.0 5.6 6.2 6.4 

5 PES 1 Active 5.6 5.3 6.0 6.4 6.0 5.6 6.2 6.3 

6 RL 3 Inactive 5.6 4.9 4.8 4.7 4.4 4.5 4.7 4.4 

7 RD 5 Inactive 5.8 5.1 4.5 5.14 4.8 4.4 5.0 5.2 

8 RD 6 Inactive 5.5 4.8 5.0 4.7 4.6 4.3 4.5 5.3 

 

PES 10 was active against all cell lines except DU-

145. PES 28 is active against all cell lines. PES 34 and 

PES 1 were active against MDA468, MDA435, HOP-

18, and SN12K1. PES 25 was active against only 

MDA-MB-468, MDA-MB-435, and HOP-18. Native 

ligand (RL 3) is inactive towards all cell lines, which 

shows the better binding affinity with 8H7H receptor. 

RD 5 was active against MDA-MB-468, HCT-116, 
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MDA-MB-435, DU145, and SN12K1. RD 6 was 

active against only MDA-MB-468, MDA-MB-435, 

and SN12K1. Both reference drugs (RD 5 and RD 6) 

have lower anticancer properties than the hit 

candidates of 8H7H. PES 10 and PES 44 can be potent 

anticancer compounds as they were active towards 

most of the cell lines. 

PES 1 can be used as a potent anticancer compound 

against the PARP1 receptor. PES 12, PES 20, PES 37, 

and PES 44 can be used as a potent anticancer 

compound against the CDK2 receptor. PES 10 and 

PES 44 can be used as potent anticancer compounds 

against the ABL1 receptor. PES 1 was found to exhibit 

anticancer activity against both PARP1 and ABL1 

receptors. PES 44 was found to be effective against 

both CDK2 and ABL1 receptors. Similar results were 

obtained in a graph-based signature study with GI50 

values < 5 μM showing action in breast, colon, 

leukaemia, and renal cancer cell lines. These results 

provide the validity of Table 5 (Neupane et al., 2024). 

In silico predictive CDK2 inhibition study by the 

kinCSM server 

The kinCSM server predicts the anticancer activity of 

compounds against cyclin-dependent kinase protein 

(CDK2).  

 

Table 6. CDK2 inhibition study of hit candidates against PARP1 protein (PDB ID: 3L3M) by the kinCSM server 

S.N

. 

Code CDK2 inhibitor 

(IC50 < 10 µM) 

CDK2 ligand 

binding (pKi) 

Alloste

ric or 

not 

Type 

I or  

II 

Type 

I1/2 

or II 

Type 

I or 

I1/2 

Final 

decision 

1 PES 1 No 5.801 No I I1/2 I Type I 

2 PES 2 No 5.907 No I I1/2 I Type I 

3 PES 3 No 5.871 No I I1/2 I Type I 

4 PES 4 No 5.883 No I I1/2 I Type I 

5 PES 5 No 5.811 No I I1/2 I Type I 

6 RL 1 Yes 5.300 No I II I Type I 

7 RD 1 Yes 5.268 No I I1/2 I Type I 

8 RD 2 Yes 5.904 No I I1/2 I Type I 

 

None of the hit candidates inhibited CDK2, but both 

reference drugs, as well as reference ligands, inhibited 

CDK2, which shows the hit candidates are not good 

inhibitors against the CDK2 protein. All hit 

candidates, reference ligands, and reference drugs 

were of Type I. These inhibitors bind to the active site 

of the kinase. They compete with ATP for binding and 

are reversible. None of them inhibited at the allosteric 

site but inhibited at the orthosteric site of the protein 

(Table 6).  

 

Table 7. CDK2 inhibition study of hit candidates against CDK2 protein (PDB ID: 2A0C) by the kinCSM server 

S.N. Code CDK2 inhibitor 

(IC50 < 10 µM) 

CDK2 ligand 

binding (pKi) 

Allosteric 

or not 

Type I 

or  II 

Type I1/2 

or II 

Type I 

or I1/2 

Final 

decision 

1 PES 12 No 5.901 No I I1/2 I Type I 

2 PES 20 No 5.862 No I I1/2 I Type I 

3 PES 6 Yes 5.859 No I I1/2 I Type I 

4 PES 34 No 5.877 No I I1/2 I Type I 

5 PES 44 No 5.801 No I I1/2 I Type I 

6 RL 2 Yes 5.169 No I I1/2 I Type I 

7 RD 3 No 5.149 No I II I Type I 

8 RD 4 Yes 5.213 No I I1/2 I Type I 

 

PES 6, a native ligand (RL 2) and a reference drug 

(RD 4), inhibited CDK2 protein. All hit candidates 

and reference drugs inhibited the CDK2 protein. All 

hit candidates and reference drugs were of Type I. 

These inhibitors bind to the active site of the kinase. 

They compete with ATP for binding and are 
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reversible. None of them inhibited at the allosteric 

site, but inhibited at the orthosteric site of the protein. 

Hence, PES 12, PES 20, PES 6, PES 34, and PES 44 

can be potent candidates against the CDK2 protein 

(Table 7), which were already justified by their 

binding affinity and pdCSM values. 

 

Table 8. CDK2 inhibition study of hit candidates against ABL1 protein (PDB ID: 8H7H) by the kinCSM server 

 

S.N. Code CDK2 

inhibitor (IC50 

< 10 µM) 

CDK2 ligand 

binding (pKi) 

Allosteric 

or not 

Type I 

or  II 

Type I1/2 

or II 

Type I 

or I1/2 

Final 

decision 

1 PES 10 No 5.872 No I I1/2 I Type I 

2 PES 37 No 5.876 No I I1/2 I Type I 

3 PES 25 No 5.855 No I I1/2 I Type I 

4 PES 44 No 5.877 No I I1/2 I Type I 

5 PES 1 No 5.887 No I I1/2 I Type I 

6 RL 3 Yes 6.807 No I I1/2 I1/2 Type I1/2 

7 RD 5 No 6.029 No I I1/2 I Type I 

8 RD 6 Yes 5.693 No I I1/2 I Type I 

 

None of the hit candidates and a reference drug, RD3, 

inhibited CDK2. A reference ligand (RL 3) and a 

reference drug (RD 6) inhibited CDK2. All hit 

candidates and reference drugs were of Type I, except 

the native ligand (RL2), which was of Type I1/2. Type 

I inhibitors bind to the active site of the kinase. They 

compete with ATP for binding and are reversible. 

Type I1/2 can bind to the active site with or without 

displacing the DFG motif (Asp-Phe-Gly). They are 

also reversible. None of them inhibited at the allosteric 

site but inhibited at the orthosteric site of the protein. 

This shows the hit candidates are not good inhibitors 

against the CDK2 protein. 

Only PES 6 was a good inhibitor against the CDK2 

receptor. There were similar results in a study that 

showed CDK2 inhibitors had IC50 values greater than 

10 µM with a type I non-allosteric binding mode 

(Table 8) (Neupane et al., 2024). 

In-silico predictive ADMET study by the 

ADMETlab2.0 server 

ADMETlab2.0 server predicts the physicochemical, 

pharmacokinetics, and pharmacodynamics properties 

of compounds. Major physicochemical parameter 

includes water solubility (Log S), whereas major 

pharmacokinetics parameters include human 

intestinal absorption (HIA), blood-brain-barrier 

(BBB), plasma protein binding (PBB), CYP2D6-

inhibitor, CYP2D6-substrate, and clearance (CL). 

Human Ether-à-go-go-Related gene (hERG), drug-

induced liver injury (DILI), rat oral acute toxicity 

(ROA), skin sensitivity, carcinogenicity, effective 

concentration (EC), effective inhibition (EI), and 

respiratory are major parameters of 

pharmacodynamics. There are two types of tables for 

ADMET prediction of hit candidates for each 

receptor. One table shows the physicochemical and 

pharmacokinetic values of hit candidates, whereas 

another table shows the pharmacodynamic values of 

hit candidates of each receptor. The table shows the 

probability of the particular parameter activity.  

 

Table 9. Physicochemical and pharmacokinetic activity of hit candidates against PARP1 protein (PDB ID: 3L3M) 

S.

N. 

Code Log S 

Log 

(mol/L) 

HIA 

(% 

absorbed) 

BBB 

(cm/s) 

PPB 

(% 

bound) 

CYP2D6-

inhibitor 

CYP2D6-

substrate 

CL 

[Log 

(mL/min/Kg)] 

 Optimum 

range 

-4 to 

0.5 

0 to 70 % 0 to 0.7 0 to 

90% 

0 to 0.7 0 to 0.7 0 to 0.5 

1 PES 1 -3.3 87.8% 0.1 73.1% 0.0 0.1 1.5 

2 PES 2 -3.0 67.2% 0.1 85.7% 0.0 0.1 1.5 

3 PES 3 -2.9 47.0% 0.1 55.1% 0.0 0.0 2.3 

4 PES 4 -2.9 91.9% 0.1 41.8% 0.0 0.0 1.1 
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5 PES 5 -4.4 0.7% 0.2 87.4% 0.0 0.6 6.9 

6 RL 1 -4.1 0.4% 0.6 90.3% 0.8 0.8 4.0 

7 RD 1 -3.1 0.8% 0.9 90.2% 0.8 0.8 6.8 

8 RD 2 -4.5 2.6% 0.0 95.6% 0.0 0.2 5.7 

 

All hit candidates of the 3L3M receptor, reference ligand (RL 1), and reference drugs (RD 1 and RD 2) had 

logarithmic solubility in an optimum range. Human intestinal absorption (HIA) was also found to be in the 

optimum range, except for PES 1. Blood-brain barrier (BBB), plasma protein binding permeation (PPB), CYP2D6 

inhibitor, and CYP2D6 substrate were in the optimum range for all hit candidates. Clearance for all hit candidates, 

including RL 1, RD 1, and RD 2, was higher than the optimum range of 0.5 mL min–1 kg–1. High total clearance 

affects drug exposure, dosing requirements, and therapeutic outcomes (Table 9).  

 

Table 10. Pharmacodynamics activity of hit candidates against PARP1 protein (PDB ID: 3L3M) 

 

S.N. Code hERG DILI ROA Skin 

sensitivity 

Carcinog

enicity 

EC EI Respiratory 

 Optimum 

range 

0 to 0.7 0 to 

0.7 

0 to 

0.7 

0 to 0.7 0 to 0.7 0 to 

0.7 

0 to 

0.7 

0 to 0.7 

1 PES 1 0.1 0.1 0.0 0.0 0.0 0.0 0.0 0.7 

2 PES 2 0.0 0.0 0.2 0.0 0.0 0.0 0.0 0.8 

3 PES 3 0.0 0.0 0.2 0.2 0.4 0.0 0.0 0.9 

4 PES 4 0.0 0.0 0.4 0.1 0.0 0.0 0.0 0.9 

5 PES 5 0.2 0.3 0.1 0.2 0.5 0.0 0.0 0.9 

6 RL 1 0.8 0.7 0.9 0.0 0.2 0.0 0.0 0.9 

7 RD 1 0.9 0.9 0.7 0.1 0.1 0.0 0.0 0.7 

8 RD 2 0.5 0.9 0.7 0.2 0.8 0.0 0.0 0.9 

 

All hit candidates had an optimum activity of human 

ether-a-go-go gene blocker (hERG), drug-induced 

liver injury (DILI), rat oral activity (ROA), 

carcinogenicity, eye corrosion (EC), and eye irritation 

(EI), which were similar to the activity of reference 

ligand (RL 1) and reference drugs (RD 1 and RD 2). 

But hit candidates, reference ligand, and reference 

drugs had higher activity than optimum respiratory 

toxicity, which poses significant risks to lungs health 

and overall well-being. PES 1, PES 2, PES 3, PES 4, 

and PES 5 can be used as potent anticancer 

compounds against PARP1 receptors (Table 10). 

 

Table 11. Physicochemical and pharmacokinetic activity of hit candidates against CDK2 protein (PDB ID: 2A0C) 

S.N. Code Log S 

Log 

(mol/L) 

HIA 

(% 

absorbed) 

BBB 

(cm/s) 

PPB 

(% 

bound) 

CYP2D

6-inh 

CYP2D6-

sub 

CL Log 

[(mL/min/Kg)] 

 Optimu

m range 

-4 to 0.5 0 to 70% 0 

to 

0.7 

0 to 90% 0 to 0.7 0 to 0.7 0 to 0.5 

1 PES 12 -3. 79.8% 0.1 074.5% 0.0 0.0 1.8 

2 PES 20 -3.7 48.5% 0.0 88.5% 0.0 0.0 1.1 

3 PES 6 -3.0 81.3% 0.1 69.9% 0.0 0.1 2.2 

4 PES 34 -3.5 77.8% 0.1 76.9% 0.0 0.0 1.5 

5 PES 44 -3.3 87.8% 0.1 73.1% 0.0 0.1 1.5 

6 RL 2 -3.7 14.% 0.9 96.7% 0.4 0.9 2.5 

7 RD 3 -3.2 72.% 0.9 90.3% 0.2 0.8 8.2 

8 RD 4 -4.2 0.5% 0.8 93.9% 0.6 0.8 2.7 
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All hit candidates of the 2A0C receptor had optimum 

activity against HIA, CYP2D6 inhibitor, and CYP2D6 

substrate, which had similar activity as the reference 

ligand and drugs.  All hit candidates, reference ligand 

(RL 2), and reference drugs (RD 3 and RD 4) had 

higher activity than optimum activity against total 

clearance, affecting drug exposure, dosing 

requirements, and therapeutic outcomes (Table 11). 

 

Table 12. Pharmacodynamics activity of hit candidates against CDK2 protein (PDB ID: 2A0C) 

S.N. Code hERG DILI ROA Skin 

sensitivity 

Carcinog

enicity 

EC EI Respiratory 

 Optimum 

range 

0 to 0.7 0 to 

0.7 

0 to 

0.7 

0 to 0.7 0 to 0.7 0 to 

0.7 

0 to 

0.7 

0 to 0.7 

1 PES 12 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.8 

2 PES 20 0.0 0.1 0.8 0.0 0.1 0.0 0.0 0.8 

3 PES 6 0.1 0.0 0.1 0.1 0.0 0.0 0.0 0.0 

4 PES 34 0.1 0.0 0.1 0.2 0.0 0.0 0.0 0.8 

5 PES 44 0.1 0.1 0.0 0.0 0.0 0.0 0.0 0.7 

6 RL 2 0.6 0.9 0.0 0.1 0.8 0.0 0.0 0.9 

7 RD 3 0.9 0.9 0.6 0.9 0.0 0.0 0.0 0.9 

8 RD 4 0.8 0.9 0.7 0.1 0.9 0.0 0.0 0.8 

 

All hit candidates had optimum activity against 

hERG, DILI, ROA, skin sensitivity, carcinogenicity, 

EC, and EI, which had similar activity as reference 

ligand (RL 2) and reference drugs (RD 3 and RD 4). 

The hit candidates, reference ligand, and reference 

drugs had higher activity than optimum activity 

against respiratory toxicity, which poses significant 

risks to lungs health and overall well-being. Thus, 

PES 12, PES 20, PES 6, PES 34, and PES 44 can be 

used as potent anticancer compounds against the 

CDK2 receptor (Table 12). 

All hit candidates of the 8H7H receptor had optimum 

activity against HIA, CYP2D6 inhibitor, and CYP2D6 

substrate, which had similar activity to the reference 

ligand and reference drugs. The hit candidates, 

reference ligand (RL 3), and reference drugs (RD 5 

and RD 6) had higher activity than the optimum range 

against the clearance (CL), which affects drug 

exposure, dosing requirements, and therapeutic 

outcomes (Table 13). 

 

Table 13.  Physicochemical and pharmacokinetic values of hit candidates against ABL1 protein (PDB ID: 8H7H) 

 

S.

N. 

Code Log S 

Log 

(mol/L) 

HIA 

(% 

absorb

ed) 

BBB 

permea

bility 

(cm/s) 

PPB 

(% 

bound) 

CYP2D6-

inhibitor 

CYP2

D6-

substra

te 

CL Log 

[(mL/min/Kg)

] 

 Optimum 

range 

-4 to 0.5 0 to 0.7 0 to 0.7 0 to 0.9 0 to 0.7 0 to 0.7 0 to 0.5 

1 PES 10 -4.0 88.2% 0.1 76.9% 0.0 0.1 1.6 

2 PES 37 -3.1 91.2% 0.1 50.5% 0.0 0.0 1.3 

3 PES 25 -3.0 88.4% 0.1 47.9% 0.0 0.0 1.7 

4 PES 44 -3.5 77.8% 0.1 76.8% 0.0 0.0 1.5 

5 PES 1 -2.9 87.7% 0.1 73.4% 0.0 0.0 1.5 

6 RL 3 -2.5 49.2% 0.5 29.5% 0.0 0.0 10.5 

7 RD 5 -3.3 0.7% 0.5 69.4% 0.1 0.1 3.7 

8 RD 6 -3.0 2.3% 0.3 39.3% 0.6 0.0 10.1 
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Table 14.  Pharmacodynamics activity of hit candidates against ABL1 protein (PDB ID: 8H7H) 

 

S.N. Code hERG DILI ROA Skin 

Sensitivity 

Carcinog

enicity 

EC EI Respiratory 

 Optimum 

range 

0 to 0.7 0 to 

0.7 

0 to 

0.7 

0 to 0.7 0 to 0.7 0 to 

0.7 

0 to 

0.7 

0 to 0.7 

1 PES 10 0.1 0.2 0.7 0.2 0.0 0.0 0.0 0.4 

2 PES 37 0.1 0.0 0.2 0.2 0.0 0.0 0.01 1.0 

3 PES 25 0.1 0.0 0.6 0.3 0.1 0.0 0.0 0.9 

4 PES 44 0.1 0.1 0.2 0.2 0.1 0.0 0.0 0.9 

5 PES 1 0.1 0.1 0.3 0.2 0.1 0.0 0.0 0.9 

6 RL 3 0.2 0.9 0.9 0.5 0.8 0.0 0.0 1.0 

7 RD 5 0.8 1.0 0.6 0.9 0.8 0.0 0.0 0.9 

8 RD 6 0.2 0.0 0.0 0.9 0.1 0.0 0.0 0.9 

 

All hit candidates had optimum activity except hERG, 

DILI, ROA, skin sensitivity, carcinogenicity, EC, and 

EI, which had similar activity as reference ligands and 

reference drugs. The hit candidates, reference ligand 

(RL 3), and reference drugs (RD 5 and RD 6) had 

higher activity than optimum activity against the 

respiratory which poses significant risks to lungs 

health and overall well-being. Thus, PES 10, PES 37, 

PES 25, PES 44, and PES 1 (Fig. 5) can be used as 

potent anticancer compounds against the ABL1 

receptor (Table 14).  

 

 

Figure 5.  Structure of phytoecdysteroids with potent anticancer activity  

 

CONCLUSION 

Molecular docking of ligands with 3L3M showed PES 

1 and PES 2 to have the highest binding affinities; 

2A0C showed PES 12 and PES 20 to have the highest 

binding affinities. The 3D diagrams of the three 

proteins showed the predominant hydrophobic surface 

region in 3L3M having PES 1, 2A0C having PES 20, 

8H7H having PES 10, and 8H7H having PES 37; the 

predominant hydrophilic surface region in 3L3M 

having PES 2 and 2A0C having PES 12. 2D diagrams 

of the three proteins had hydrogen bonding within 2.1 

to 3.3 Å. Polar contacts were also within 2.0 to 3.5 Å, 

and nearest neighbours were between 2.5 and 5.0 Å. 

PES 1 was found to exhibit anticancer activity against 

both PARP1 and ABL1 receptors. PES 44 was found 

to be effective against both CDK2 and ABL1 

receptors. Hence, PES 1 and PES 44 are potent 

compounds that can be used for in vivo and in vitro 

tests. These two compounds are the findings of this 

study, and this is important for the future study of 

cancer inhibitors targeting PARP1 & CDK2. 
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