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Abstract
Vascular Endothelial Growth Factor (VEGF) and its receptor play an important role both in physiologic
and pathologic angiogenesis, which is identi�ed in ovarian cancer progression and metastasis
development. The aim of the present investigation is to identify a potential Vascular Endothelial Growth
Factor inhibitor which is playing a crucial role in stimulating the immunosuppressive microenvironment in
tumour cells of the ovary and to examine for an effectiveness of identi�ed inhibitor for the treatment of
ovarian cancer using various in-silico approaches. 12 established VEGF inhibitors were collected from
various literature. The compound AEE788 displays the great a�nity towards the target protein as a result
of docking study. AEE788 was further used for structure-based virtual screening in order to obtain a more
structurally similar compound with high a�nity. Among the 80 Virtual screened compounds, CID
88265020, explicates much better a�nity than established compound AEE788. Based on Molecular
Dynamics Simulation, pharmacophore and comparative toxicity analysis of both the best-established
compound and the best virtual screened compound displayed a trivial variation in associated properties.
The virtual screened compound CID 88265020 have a high a�nity with the lowest re-rank score, and
holds a huge potential to inhibit the VGFR and can be implemented for prospective future investigations
in Ovarian Cancer.

1. Introduction:
Ovarian cancer is the most lethal gynaecologic malignancy and it is a type of disease in which malignant
(cancer) cells form in the tissue coating the ovary. Ovarian cancer is the seventh most frequent cancer
among women and among other cancers, ovarian cancer is one among the top ten regular reasons for
death from cancer throughout the globe[1]. The prediction stated that due to ovarian cancer there were > 
120,000 deaths worldwide in every year [2]. Statistically half of all ovarian cancers are begin in women of
the age of 65 years or greater and for this reason, limited survivability possibility for women [1].
Maximum ovarian cancers develop after menopause. Women who have ovulated more over their lifetime
are at an extended risk of ovarian cancer. Some combination of surgery, radiation therapy, and
chemotherapy during the primary stage of ovarian cancer exhibits the overall �ve-year survival rate in the
Western countries is around 35–45% [3]. Ovarian carcinoma is the most frequent type of ovarian cancer.
Five chief subtypes are there in ovarian carcinoma in which high-grade serous carcinoma is the most
typical type and germ cell tumors, sex cord-stromal tumors are the less typical types of ovarian cancer.
The initial mutation in BRCA1 and BRCA2, DNA mismatch genes lead to ovarian cancer [3]. The risk of
ovarian cancer rises in those women who possess a family history of ovarian cancer [3]. BRCA mutations
are associated with high-grade serious non-mucinous epithelial ovarian cancer whereas Lynch syndrome
is initiated by mutations in mismatch repair genes[3]. Therefore, there is an extreme necessity to identify
newer inhibitors and drugs for the betterment of survival in ovarian cancer. Vascular Endothelial Growth
Factor A (VEGF A) which was formally identi�ed as VEGF, is an essential regulator of vasculogenesis and
angiogenesis in both normal tissues, and tumors cells [4]. VEGF A is also crucial for provoking the
immunosuppressive microenvironment in tumors[5].VEGF further enhances cell survival, proliferation,
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and migration. Investigations have disclosed the over-expression of VEGF in ovarian cancer. The
expression of VEGF and IL-8 in ovarian cancer are following the transcriptional regulation of nuclear
factor kappa-B (NF-kB)[6]. VEGFR 1(Flt-1) and VEGFR2(Flk-1/kinase domain receptor) are the two most
important members of the VEGFR family which plays a signi�cant role in angiogenesis[7]. VEGFR 2
reconciles the angiogenic and permeability-enhancing effect of VEGF while VEGFR 1 performs a role in
angiogenesis by selecting bone marrow-derived cells and monocytes into the tumor vasculature[7].
Bevacizumab is a recombinant monoclonal antibody that inhibits the VEGF signaling pathway by binding
to circulating VEGF A and has been widely appraised in ovarian cancer treatment [8]. Still, various
inhibitor investigations are progressing on to direct antagonistic against VEGF and its mechanisms,
including different signaling pathways. Most of these inhibitors target the autophosphorylation of VEGFR
2, a key step in the VEFG signaling pathway, which leads to angiogenesis,[8]. The present study focus on
drug discovery which exhibits inhibitory impacts on VEGF protein and therefore, ascents apoptosis of
ovarian cancer.

2. Results

2.1 Protein and ligand preparation
The signaling protein, Vascular Endothelial Growth Factor Receptor 2 (VEGFR-2 PDB ID: 3V2A), obtained
from protein database bank, was cleaned using Schrödinger module before visualization of its X-ray
diffraction data with RasMol software; depicted in ribbon and backbone model [Fig. 1]. The target protein
has two chains with 280 groups of 2114 atoms and a total of 2160 bonds. There are three spring-shaped
alpha-helices in red, and 25 beta-strands denoted with blue and the junction between alpha-helices and
beeta sheets are loops and turns. The binding of the ligand could be anticipated from protein-folds of the
target VEGF protein. Before docking, ligand preparation was done in the LigPrep module of Schrodinger
suite, 2013.

2.2 Molecular Docking
The docking results of the 12 established compounds in the �rst cavity which is the largest cavity of the
target protein VEGF listed in Table 1. Among all the established compounds, AEE788 (PubChem ID
10297043) has resulted as the best-established compound as it shows the lowest re-rank score among
all compounds and has the highest a�nity towards the VEGF. AEE788 is a type 1 tyrosine kinase inhibitor
of the vascular endothelial growth factor receptor (VEGFR) and epidermal growth factor receptor
(ErbB)having potential anti-angiogenic activity[9]. The compound also has high-a�nity and
physicochemical properties such as molecular weight 440.595 g/mol, hydrogen bond donor count 2 and
hydrogen bond acceptor count 5, and logP value of 4.6. The compound holds a re-rank score-95.9802
with the H-bond interaction score of -2.5. Hence, this compound was identi�ed as the best-established
compound against the target protein VEGF.
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Table 1
Established compounds docking study result.

Ligand Filename MolDock Score
(KJ/mol)

Re-rank
Score(KJ/mol)

H-Bond MW
(g/mol)

10297043 [02]10297043 -121.765 -95.9802 -2.5 440.583

123631 [00]123631 -116.826 -91.3569 -1.27851 446.902

9933475 [01]9933475 -121.08 -90.3479 -2.26465 450.505

216239 [04]216239 -106.066 -90.2369 -4.5783 464.825

9809715 [03]9809715 -130.606 -88.876 -1.88135 539.625

123631 [01]123631 -106.039 -87.1955 -1.95681 446.902

9911830 [00]9911830 -120.891 -86.9845 -8.73156 454.863

9911830 [03]9911830 -116.349 -85.2625 -1.99962 454.863

9911830 [01]9911830 -116.111 -84.7526 -1.6096 454.863

10297043 [04]10297043 -114.998 -84.607 0 440.583

10113978 [00]10113978 -110.567 -84.4218 -2.45945 437.518

9933475 [02]9933475 -112.536 -84.2488 -2.42747 450.505

2.3 Virtual screening
Similarity search of the best-established compound against PubChem database resulted in 80 compound
structures that gave a = > 95 similarity percentage. Table 2 records the top 11 compounds that exhibit the
greatest a�nity to the target protein VEGF. The compound with PubChem ID 88265020 was recognized to
hold the lowest re-rank score and was therefore con�rmed as a compound with the greatest a�nity
towards the targeted protein. Some of the physical properties of the virtual screened compound comprise
of molecular weight of 569.783g/mol, hydrogen bond donor count of 5, hydrogen bond acceptor count of
7, and a logP value of 6.1. The re-rank score of this compound attains at -112.171 and the H-bond
interaction score is -8.6315. Therefore, between a total of 80 compounds, the compound PubChemID-
88265020 possess a much greater ability to inhibit the target protein VEGF against ovarian cancer
subjected to further analysis.
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Table 2
Docking study result for virtual screened compounds with reference to high-a�nity Virtual screened
compounds with reference to high a�nity established compound AEE788 (PubChem ID 10297043)

Ligand Filename MolDock Score
(KJ/mol)

Re-rank Score
(KJ/mol)

H-Bond MW
(g/mol)

88265020 [00]88265020 -149.521 -112.171 -8.6315 569.783

88265020 [01]88265020 -149.487 -109.471 -1.81064 569.783

88265020 [04]88265020 -128.011 -101.733 -3.45831 569.783

71313049 [00]71313049 -125.348 -100.642 -7.07561 440.583

44629455 [00]44629455 -131.699 -99.8896 -2.5 442.599

10297042 [03]10297042 -128.873 -99.1998 -0.10172 440.583

69170098 [04]69170098 -122.43 -98.656 -2.5 412.53

69232929 [00]69232929 -125.312 -98.3018 -7.16336 412.53

16071547 [01]16071547 -128.745 -97.5661 -3.87498 516.679

16071547 [03]16071547 -118.562 -96.8667 0 516.679

69232929 [01]69232929 -127.435 -96.8654 -4.88497 412.53

2.4 Molecular Dynamics Simulation
The dynamic simulation of a molecule provides details of probable conformational changes over a
trajectory, comparable to the biological environment. The simulation result is analyzed over structural
analysis by RMSD and RMSF, ligand properties, and protein-ligand interaction. The root mean square
deviation (RMSD) graph suggests structural stability of protein-ligand interaction, lower RMSD confers
greater stability. The Root Mean Square �uctuation (RMSF) graph indicates the mobility of protein
residue. The inter-residue interaction for virtual screened best compounds shows to be more stable
compared to best-established compounds. The protein RMSD for AEE788 is variable over a range of 3–
11 Å with a sharp deviation at 119 ns, and the ligand graph follows the estimated trend as protein except
for a deviation between 40–50 ns and another undulation at 80 ns modulating the average RMSD value
from 2 to 4 Å [Fig. 3(I)]. This suggests the VEGFR complex with AEE788 interaction is volatile; con�rmed
with the RMSF graph for AEE788, ranged over 1-7.5 Å where frequent peaks imply �exible amino acids
are on protein’s C  backbone. [Fig. 3 (II)]. The RMSD graph for protein-lead compounds is steadier
comparatively. In the VEGFR complex with virtual screened compound, protein RMSD �uctuates from 2 to
7.2 Å at frequent intervals and lead compound RMSD spans over 2.5–20 Å with recurrent variation over
the trajectory. [Fig. 3(III)]. It is to be noted that the mean value of interaction for VEGFR complex with
virtual screened compounds is less than VEGFR complex with AEE788 and scant veering over the
trajectory, hence, more stable. Besides, there are relatively more sharp peaks in the RMSF graph of VEGFR
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complex with virtual screened compounds which allude to more �exibility in protein’s C  backbone.
[Fig. 3(IV)].

2.4.2 Protein-Ligand interaction
Molecular dynamic simulation gives insight into probable protein-ligand interaction for established
compound and virtual screened compound, depicted with histogram and heatmap [Fig. 4]. The interface
between protein and ligand comprises four types of bonds: hydrogen bonds, hydrophobic interaction,
ionic bonds, and water bridges; hydrogen bond plays a signi�cant role in ligand binding and drug
speci�city. The histogram for protein-established compound propones its hydrophobic nature which
means pi-cation, pi-pi, and other nonspeci�c interactions are present. The amino acid residues PRO_49,
MET_78, MET_81, HIS_133, TYR_165, MET_197, ALA_202 and ILE_215 exhibits hydrophobic
interaction[Fig. 4(A)].The hydrogen bonding which strongly in�uences drug speci�city, metabolization,
and adsorption is by few residues LYS_48, GLN_79, LEU_151, and TYR_165; alongside, only GLU_30 and
LEU_151 residue show ionic interaction inferring the established compound is not many ligands speci�c.
However, residues scilicet, GLU_30, LYS_48, GLN_79, GLN_132, SER_153 are forming water bridges
(hydrogen-bonded protein-ligand interaction mediated by water molecules). The [Fig. 4(B)] is a heatmap
for individual residue interaction with protein over a trajectory frame, the intensity of color enumerates
interactions of amino acids and there are few residues with more than two contacts with the ligand
molecule. The residue HIS_133 showed 43% interaction occupancy by forming hydrophobic bonding with
the ligand [Fig. 4(C)].

The protein-lead compound interaction, depicted in [Fig. 5] suggest overwhelming hydrophobic interaction
and water bridges. This compound shows more hydrogen bonding, owing to the hydroxylamine octyl
chain. TYR_165 asserts strongest hydrophobic interaction along with PRO_166, TYR_194, MET_197,
PHE_199 residues [Fig. 5(A)]. The virtual screened compound is showing an ionic bond by residue
GLU_167, plausibly with an additional hydroxylamine functional group. And residues like MET_213 and
GLN_132 are forming hydrogen bonds by back donating. The water bridges are formed by residues
TYR_165, GLU_167, TYR_194, GLN_210. This also connotes this surface is exposed for binding. The
heatmap for this interaction insinuates only a few residues like HIS_133, GLN_132, TYR_165, GLN_210,
SER_211, and ILE_215 have a greater number of contacts over the trajectory frame compared to others.
The number of speci�c contacts made by protein with ligand varies from zero to nine [Fig. 5(B)] and an
average number of contacts between protein and virtual screened compound is more when compared to
VEGF complex with best-established compound AEE788. Figure 5(C) shows the ligand interaction with
amino acids of VEGF receptor.

2.4.3 Ligand property
The ligand property was analyzed over a range of parameters: Root Mean Square Deviation (RMSD), the
radius of gyration (rGyr), molecular surface area (MolSA), solvent accessible surface area (SASA), and
polar surface area (PSA), giving structural details. The RMSD graph demonstrating the stability of the
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compound, for established compounds is wavering in the ranged of 1–3 Å with a mean near 2 Å. The
radius of gyration ascribes the distance of an atom from the center of mass of the molecule, in order to
obtain the same moment of inertia; it provides insight into the overall dimension of the protein. In this
complex rGyr value is between 4.8-6 Å with a mean at 5.3 Å. The molecular surface area was calculated
using a 1.4 probe radius, it pertains on Van der Waals surface area. The MolSA is ranged between 424–
448 Å2 with a mean area of 440 Å2. The solvent surface area is a water-accessible area that ranges from
200 to 800 Å2 and is highly variable with two peaks around 40 ns and 80 ns. The polar surface area is
surface accessible for binding of ionic molecules and the PSA value was stable over the trajectory with a
mean at 80 Å2. [Fig:6]

The virtual screened compound’s RMSD trajectory is erratic range from 1-4.5 Å with a mean at 3.0 Å. The
rGyr is stable after 20 ns with a mean at 8 Å ranging between 6–9 Å, which is higher than the established
compound. The molecular surface area ranged from 550 to 600 Å2 with �uctuation at 18 ns stability
thereafter with the equilibrium of approximately 595 Å2 which is more compared to the established
compound (432 Å2). Also, the solvent-accessible surface area is more erratic varying from 400 to 750 Å2,
and mean polar surface area is 160 Å2. As the surface area of virtual screened compounds is relatively
more compared to established compounds, attributed to the octyl hydroxylamine chain, the mean value
of surface areas and radius of gyration is also higher and it also gives more �exibility to ligands which
could be seen from the RMSD graph. [Fig. 7]. The ligand property of virtual screened compound
(PubChem CID: 88265020) is studied more with pharmacophore mapping.

2.5 Drug - Drug Comparative study
Drug-drug Comparative study records the MolDock Scores and re-ranks scores of the best-established
compound and the best virtual screened compound against the target protein VEGF on ovarian cancer
[Table 3]. The table indicates that the best-virtual screened compound holding PubChem ID: 88265020
has a higher binding a�nity to the target VEGF protein if correlated to the best-established compound
AEE788 (PubChem ID: 10297043) due to a lower re-rank score counts − 112.158. The compound holding
PubChem ID 88265020 discloses lower MolDock Scores and re-rank scores for several additional
essential characteristics like External ligand interactions, protein-ligand interactions, hydrogen bonds
which intimates that this compound occupies a greater a�nity to the VEGF protein. A steric value
measured by PLP (Piecewise Linear Potential) is lower for the best virtual screened compound whereas,
in the case of the LJ12-6(Leonard-Jones approximation) method, it shows a lower value for the best-
established compound. Therefore, it illustrates that both the compounds have comparable possible
inhibition against the VEGF protein.
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Table 3
Drug-Drug comparative study

  Established Compound

PubChem ID: 10297043

Virtual Screened Compound

(PubChem ID: 88265020)

Energy overview: Descriptors MolDock
Score

Rerank
Score

MolDock
Score

Rerank
Score

Total Energy -121.763 -95.967 -149.505 -112.158

External Ligand interactions -143.736 -122.464 -174.491 -144.108

Protein - Ligand interactions -143.736 -122.464 -174.491 -144.108

Steric (by PLP) -141.236 -96.888 -165.861 -113.781

Steric (by LJ12-6)   -23.596   -23.493

Hydrogen bonds -2.5 -1.98 -8.63 -6.835

Hydrogen bonds (no
directionality)

  0   0

Electrostatic (short range) 0 0 0 0

Electrostatic (long range) 0 0 0 0

Cofactor - Ligand 0 0 0 0

Steric (by PLP) 0   0  

Steric (by LJ12-6)   0   0

Hydrogen bonds 0 0 0 0

Electrostatic 0 0 0 0

Water - Ligand interactions 0 0 0 0

Internal Ligand interactions 21.973 26.497 24.986 31.95

Torsional strain 7.658 7.183 16.15 15.148

Torsional strain (sp2-sp2)   3.952   3.436

Hydrogen bonds   0   0

Steric (by PLP) 14.315 2.462 8.836 1.52

Steric (by LJ12-6)   12.9   11.845

Electrostatic 0 0 0 0

Soft Constraint Penalty 0   0  

Search Space Penalty 0   0  
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2.6 Pharmacophore mapping
Pharmacophore mapping provides the quintessential systemic spatial feature of the molecular
interaction of the ligand with the target receptor, apart from the method of molecular docking, for
understanding the interactive characterization and provide a factual query on the suitable target
interface. It imitates the aligned poses of the molecule and identi�es the apt interaction between the
target protein and the lead compound. Owing to this admirable a�nity and good interaction pro�le of the
virtual screened compound (PubChem ID 88265020), the study was conducted to obtain various kinds of
analyzed pharmacophore interactions. The desired compounds were in .sdf format for pharmacophore
studies. The residue interaction of the best virtual screened compound (PubChem ID 88265020) in the
cavity of VEGF protein was studied.

The Van der Waals coupling of the VEGF protein structure and the virtual screened compound (PubChem
ID 88265020) is displayed in [Fig. 8]. The electrostatic interaction is shown by Gly196, Met197, His133,
Tyr194, Tyr165, Lys48, Met213 and Gln132 residues, symbolically encircled in pink, these residues are
also involved in hydrogen bonding; whereas Pro49, Ala195, Pro166, Glu167, Ile215, and Ile212 residues
are involved in Van der Waals interactions, encircled in green. The residues represented with various
shades and size blue halo around it infers the solvent-accessible surface of an interacting residue such
as Tyr165 and Met213 residues: the size of the halo is proportional to the accessible surface area.
Furthermore, the solvent-accessible surface of an atom is represented by a blue halo around the atom
and the diameter of the circle is proportional to the solvent-accessible surface. Met213, Gln132, and
Tyr194 show the Hydrogen bond interactions with amino acid main chains are represented by a green
dashed arrow directed towards the electron donor. Tyr165 with the compound shows pi-pi interaction is
represented by an orange line with the pi symbol indicating the interaction.

The H-bond interactions of the virtual screened compound (PubChem ID: 88265020) having the lowest re-
rank score possessing immense a�nity at the active sites of the VEGF protein cavity [Fig. 9]. Hydrophilic
and hydrophobic, electrostatic, and H-bond interactions are examples of the pharmacophoric
characteristics of the ligand-receptor interaction. Figure 8 represents the compound binding of the
speci�c amino acid residues of the VEGF protein through a hydrogen bond. An amino acid LYS 286, PHE
36, GLN 79 and LYS 48 residue shows the four H-bond interactions represented by the black and yellow
dotted line. The virtual screened compound (Pubchem ID: 88265020) has a number of hydrogen bond
interactions as compared to the established compound, AEE788 (PubChem ID 10297043).

The electrostatic interaction of virtual screened compound (PubChem ID-88265020) [Fig. 10] manifests
that the clusters of charged and polar residues, that are detected on protein-protein interfaces, may
intensify the stability of the complex; though the net effect of electrostatics is generally destabilizing. The
virtual screened compound (PubChem ID-88265020) with VEGF protein having a high a�nity was
embedded in the protein cavity. The positive and negative areas of the protein are demonstrated by two
types of variant colors: the red color evinces the electro-negativity zone, whereas the electropositive zone
with blue color. The electrically neutral zone is shown with a white-colored surface. Most of the atoms of
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the target compound in the protein cavity were observed to be biased towards the blue color zone
inferring the high electro-positivity.

Figure 11 represents the aromatic interactions with the most effective virtual screened compound
(PubChem ID-88265020). The aromatic interaction is indicative of the effective binding stability of the
compound with protein. The aromatic conformation imparts an effect on the function of the complex
molecule. The identi�ed virtual screened compound (PubChem ID: 88265020) shows a higher a�nity
aromatic interaction in the VEGF protein binding site. In [Fig. 10], the blue color symbolizes the edges of
the protein cavity with light shade surfaces and shade surfaces having the color orange signifying the
face. Here an amino acid His133, Met197, Gly196, Tyr165, Pro166, Ala195, Tyr194, Leu161, and Glu132
residues are showing aromatic interaction. These interactions coincide with molecular dynamic
observation.

2.7 ADMET studies-Pharmacological and metabolic
properties
AdmetSAR software was used to estimates various ADMET properties of the best-established compound
AEE788 (PubChem ID 10297043) and the best virtual screened compound holding PubChem ID:
88265020. The SwissADME software brie�ng six essential properties of oral bioavailability are
represented with bioavailability radar for best of the two best-established compounds and virtually-
screened compounds [Fig. 12]; the pink region in radar is a range of optimal value.

2.7.1 Absorption prediction of the compound
After the drug administration, ADMET blood-brain barrier model foretells the penetration of the drug
across Blood Brain Barrier(BBB) [Table 4]. The intestinal absorption of a drug is prognosticated by HIA
after oral administration. While comparing with the established drug, the ADMET absorption level of the
compound is revealing good absorption. A monolayer tissue culture of an ideal human colon
adenocarcinoma (referred as, Caco-2) is acknowledged as a standard for testing drug permeability in
drug discovery, the foretold effects exhibit permeability in both cases. P-glycoprotein is associated with
many purposes like clearance of xenobiotic compounds, transport of small molecules to vital areas, and
present in multidrug-resistant malignant cells: its inhibition can be utilized to decrease the multidrug-
resistant characteristic. It is also an ABC transporter. On analysis, compounds displayed excellent
circumstances in this case. Also, the inhibitory characteristics against P-glycoprotein imply that the
compound can be applied for the treatment of multidrug-resistant cancer cell lines.

2.7.2 ADMET aqueous solubility
In the bioavailability of the drug, the aqueous solubility acts as an essential parameter. At 25° C, it
foretells the solubility of the compound in water. Compound holding a PubChem ID: 88265020 confers an
almost excellent aqueous solubility level by displaying a value of -2.7704 [Table 5]. It indicates that the
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virtual screened compound holding a PubChem ID: 88265020 is more polar and more soluble in the
aqueous medium correlated with the established compound AEE788 (PubChem ID 10297043).

2.7.3 Compound metabolism
In this section, the expression of the relevant isoforms of cytochrome P450 as a substrate or inhibitor of
the virtual screened compound is prognosticated. The compound acts as non-substrate of 2C9, 2D6, and
3A4 isoform of cytochrome P450. In inhibition forecast, it did not expose any inhibitory outcome in 2C9,
2D6, 2C19, and 3A4 isoforms but it displayed in 1A2 isoform of CYP450. Comparison of the score
intimates that the virtual screened compound is su�ciently metabolized with respect to cytochrome P450
while comparing with the established compound.

2.7.4 Toxicity prediction
The mutagenicity of a compound is determined by the AMES toxicity test. In the case of the established
compound, a negative AMES toxicity test result was designated by the processed ligand compound
which indicates that the compound is non-mutagenic. Also, the virtual screened compound is non-
carcinogenic and it is showing a lower value contrasted to the established compound. In acute oral
toxicity prediction, the virtual screened compound is displaying a slightly higher score compared to the
established compound. LD50 dose in the rat model which is the most signi�cant parameter is calculated
applying admetSAR. A compound is more lethal when it holds a lower LD50 value compared to a
compound having a higher LD50 value. Additionally, it is observed that the virtual screened compound
had a relatively comparable LD50 value when differentiating with the established compound (2.63 and
2.77 sequentially). The graphical representation based on parameters HIA, BBB, ADME toxicity, and LD50
is in Fig. 13.
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Table 4
Corresponding ADMET pro�le analysis of the best-established inhibitor (PubChemID:10297043) and best

virtual screened compound holding Pub-ChemID 88265020

  Established Compound AEE788
(PubChem ID: 10297043)

Virtual Screened Compound
PubChem ID: 88265020

Model Result Probability Result Probability

Absorption        

Blood-Brain Barrier BBB+ 0.8872 BBB+ 0.9262

Human Intestinal
Absorption

HIA+ 0.9964 HIA+ 0.996

Caco-2 Permeability Caco2- 0.5453 Caco2- 0.638

P-glycoprotein
Substrate

Substrate 0.8334 Substrate 0.7012

P-glycoprotein
Inhibitor

Inhibitor 0.5299 Non-inhibitor 0.543

Inhibitor 0.7895 Inhibitor 0.6269

Renal Organic Cation
Transporter

Inhibitor 0.6161 Non-inhibitor 0.5375
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  Established Compound Virtual Screened Compound

Distribution Result Probability Result Probability

Subcellular
localization

Nucleus 0.5677 Mitochondria 0.4583

Metabolism        

CYP450 2C9
Substrate

Non-substrate 0.8446 Non-substrate 0.7538

CYP450 2D6
Substrate

Non-substrate 0.696 Non-substrate 0.7285

CYP450 3A4
Substrate

Non-substrate 0.5221 Non-substrate 0.5396

CYP450 1A2
Inhibitor

Non-inhibitor 0.597 Inhibitor 0.6884

CYP450 2C9
Inhibitor

Non-inhibitor 0.7066 Non-inhibitor 0.8274

CYP450 2D6
Inhibitor

Non-inhibitor 0.7209 Non-inhibitor 0.8123

CYP450 2C19
Inhibitor

Non-inhibitor 0.6596 Non-inhibitor 0.8159

CYP450 3A4
Inhibitor

Non-inhibitor 0.8663 Non-inhibitor 0.8503

CYP Inhibitory
Promiscuity

High CYP Inhibitory
Promiscuity

0.8082 Low CYP Inhibitory
Promiscuity

0.5736
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  Established Compound Virtual Screened Compound

Excretion Result Probability Result Probability

Toxicity

Human Ether-a-go-go-Related
Gene Inhibition

Weak inhibitor 0.6689 Strong inhibitor 0.6529

Inhibitor 0.8604 Inhibitor 0.75

AMES Toxicity Non AMES toxic 0.7699 AMES toxic 0.5252

Carcinogens Non-carcinogens 0.8755 Non-
carcinogens

0.7132

Fish Toxicity High FHMT 0.9324 High FHMT 0.5096

Tetrahymena Pyriformis
Toxicity

High TPT 0.9706 High TPT 0.9026

Honey Bee Toxicity Low HBT 0.8444 Low HBT 0.8037

Biodegradation Not ready
biodegradable

0.9975 Not ready
biodegradable

0.9963

Acute Oral Toxicity III 0.5151 III 0.5992

Carcinogenicity (Three-class) Non-required 0.6468 Non-required 0.4987
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Table 5
ADMET - Regression study

ADMET Predicted Pro�le --- Regression

  Established Compound Virtual Screened
Compound

Model Value Unit Value Unit

Absorption

Aqueous solubility -3.2214 LogS -2.7704 LogS

Caco-2 Permeability 0.1928 LogPapp,
cm/s

0.2113 LogPapp, cm/s

Distribution

Metabolism

Excretion

Toxicity

Rat Acute Toxicity 2.778 LD50, mol/kg 2.6319 LD50, mol/kg

Fish Toxicity 1.2483 pLC50, mg/L 1.6451 pLC50, mg/L

Tetrahymena Pyriformis
Toxicity

0.6549 pIGC50, ug/L 0.423 pIGC50, ug/L

2.8 Boiled EGG PLOT analysis
Weak bioavailability and pharmacokinetics are results of failures in drug development, apart

from ADMET, e�cacy, and toxicity. Gastrointestinal consumption and brain access are the
foremost two pharmacokinetic exercises central to appraisal at the numerous points of the

drug discovery processes. Here, the Brain or IntestinaLEstimateD permeation method (BOILED-
Egg) renders a speci�c forbidding model that estimates the physicochemical properties of

small molecules i.e., polarity and lipophilicity [Table 6]. The investigation explicates that the
established compound AEE788 (PubChem ID: 10297043) pitching inside the yellow ellipse (i.e.

the yolk) exposes the possibility of a high BBB crossing. Whereas, the best Virtual screened
compound holding a PubChem ID: 88265020 pitches inside the white ellipse signifying the
possibility of huge intestinal absorption [Fig. 14]. Besides that, the plot value for a virtual
screened compound with PubChem CID71313049almost overlaps with the established

compound AEE-788.
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Table 6
Best 2 Established Docked compounds and Best 2 Virtual screened compounds used for Boiled

Egg plot
Molecule PubChem

ID
MW
(g/mol)

TPSA MLOGP GI
absorption

BBB
permeant

AEE-788 10297043 440.58 60.08 3.22 High Yes

Ge�tinib 123631 446.9 68.74 2.82 High Yes

CID88265020 88265020 569.78 101.13 3.77 High No

CID71313049 71313049 440.58 60.08 3.22 High Yes

3. Methodology

3.1 Selection of Inhibitors
The selection of the inhibitors in the prevailing study is a wide search toward discovered

inhibitors of VEGF was carried out through various literature studies. There were two types of
inhibitors, type I inhibitors such as cediranib, vandetanib, semaxanib, pazopanib, targeting the

ATP binding site of kinase domain receptor of the VEFGR 2 while the type II inhibitor like
sorafenib, tivozanib, and vatalanib target the extra binding site in kinase domain receptor of

VEGFR 2 receptor. However,all the compounds that displayed a capable binding a�nity to the
protein structure and therefore inhibit its functionality were used for further investigation. 12
established compounds were identi�ed with their unique PubChem ID and their 3D structure

available in the database. Table 7 contains the list of all 12 established inhibitors of VEGF with
their PubChem ID and other physicochemical properties. The 3D structures of the inhibitors

were stored in 3D SDF format.
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Table 7
Established VEGF inhibitors with valid 3D structures stored in PubChem

SL.
No.

Inhibitors Pubchem
ID

Molecular
Weight

H-
Bond
Donors

H-Bond
Acceptors

LogP
Value

Ref.

1 Semaxanib 5329098 238.29 2 1 2.5 [10]

2 Vandetanib 3081361 475.362 1 7 4.9 [11]

3 Ge�tinib 123631 446.907 1 8 4.1 [12]

4 AEE788 10297043 440.595 2 5 4.6 [13]

5 Parp 16760621 331.8 3 3 - [14]

6 Pazopanib 10113978 437.522 2 8 3.1 [15]

7 Nintedanib 9809715 539.636 2 7 3.3 [16]

8 Cediranib 9933475 450.514 1 7 4.9 [17]

9 Bevacizumab 24801580 396.153 1 4 - [18]

10 Sorafenib 216239 464.829 3 7 4.1 [19]

11 Tivozanib 9911830 454.867 2 7 4 [20]

12 Vatalanib 151194 346.818 1 4 4.5 [21–22]

3.2 Protein and Ligand preparation
Docking studies required a crystal structure of the VEGF protein which was taken from Protein

Data Bank (PDB) has a PDB ID: 3V2A [23] and stored for further additional processing to
perform the docking process. Additional ligand preparation was introduced along with 3D

structures of the established compounds downloaded from the PubChem database was loaded
in the LigPrep module of Schrodinger suite, 2013 (Schrodinger. LLC, New York, NY)[24–29]. The

process optimization was performed using the OPLS 2005 force �eld algorithm to get all the
compound structures in a single �le [30–34]. The obtained �le was stored in SDF format and

applied for docking studies [35–40].

3.3 Molecular Docking
Molegro Virtual Docker (MVD), the software performs molecular docking and uni�ed high

potential Piece-Wise Linear Potential (PLP) and MolDock scoring function [41]. The crystal
structures of the target protein were used for docking and the existing ligand was removed from
the protein structure [42–47]. The �rst cavity was recorded to hold the bound ligand earlier to its
elimination and was also observed to have the largest volume and was selected for the further

procedure of docking with ligands [48–55]. The single SDF �le containing all the 12 ligands
created through the LigPrep module was loaded in the docker. Docking procedure parameter

was �xed at a maximum iteration of 1500, grid solution 0.2 having a binding a�nity, and
maximum population size 50[56–60]. The protein and ligands were appraised on the

subsequent con�rmation of the Internal Electrostatic interaction (Internal ES), sp2-sp2 torsions,
and internal hydrogen bond interaction. A post dock study included energy minimization and H-
bond optimization. Simplex Evolution was �xed at max steps 300 and neighbor distance faster

1.00[59–65]. Nelder Mead Simplex Minimization (using non-grid force �eld and H-bond
directionality) was applied after the docking to minimize the complex energy of ligand-receptor

interaction [66–71].
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3.4 Virtual screening
Molecular docking produced a re-rank score for every compound which is indicative of the

interaction between the compounds with the target protein [61–62]. Compound with a lower re-
rank score indicates the effective a�nity to the target protein and was con�rmed to be the best-

established compound. A similarity searching of that compound was carried out for
determining the best compound having a higher a�nity different from any established

drugs[65–68]. Therefore, virtual screening was performed against the PubChem database
generated by NIH, one of the public chemical repositories which comprise 93 million chemical

compounds. The threshold was �xed at > = 95 and �ltration property parameters were
introduced by the component rule of Lipinski’s rule of �ve. The compound structures were

stored in SDF format and were promoted for the molecular docking procedure supported by the
same procedure against the crystal structure of the target protein VEGF to recognize the

compound possessing exceeded a�nity [67–68].

3.5 Molecular Dynamics Simulation
The MD simulation was performed on the Desmond module (Schrodinger) used for scrutinizing
details of molecular motion as a function of time-based on the fact that a molecule in a three-

dimensional space has internal motion resulting in conformational change which plays an
essential role in their function, this holds true for every biological interaction [24]. The Molecular

dynamic simulation of the virtual screened compound and best-established compound
provides crucial information on geometrical and thermodynamical aspects of the compound.

For a moment TIP3P model and Gromos9643a1 force �eld were applied. The system was
neutralized with counterions (NaCl)0.15M. The cubic simple point charge (SPC) water box was
applied, Box shape length, width, height is10Å box volume 564112 Å. Two-step (NVT and NPT)
energy minimization (50000 ps) till the minimization completion was continued. The ambient
pressure was set at 1.013 bar and temperature 310 K for 150 ns. The thermodynamic stability
of the VEGF and ligands was analyzed using root means square �uctuations (RMSF) and root

means square deviation (RMSD). All the simulation was repeated three times with
approximately 1000 frames per simulation. The understanding of structural and functional

behaviors of the compound is analyzed through a simulation diagram, wherein, RMSD, RMSF,
protein-ligand interaction, and ligand properties are analyzed [69–73].

3.6 Drug-Drug comparative study
The unnamed complex structures were attained from the docking result of the established
compounds and introduced in Molegro Virtual Docker. It was re�ned by eliminating all the

ligands, constraints, and cavities without the protein structure. Subsequent results were
recorded to detect the best pose of the best-established compound and then it was

imported[66]. The structure produced as a consequence was rescued in PDB format.
Revaluation of parameters was directed and the data collected was kept in an excel sheet.

Similarly, the complex structures were recaptured from the virtual screening result and the same
method was iterated. An excel sheet was �xed to investigate all the a�nities, hydrogen
interaction, steric energy, and high re-rank score to recognize the best inhibitor [66–68].

3.7 Pharmacophore studies
Pharmacophore studies comprise different interaction types of ligand and receptor including H-
bond interaction, electrostatic interaction, hydrophobic interaction, and aromatic interaction. It

is performed by applying Accelrys Discovery Studio 3.5 DS Visualizer. The developed
pharmacophore model included the excluded volume spheres, which imitate the inaccessible

areas along with any potential ligand [66].

3.8 Bioactivity and ADMET pro�ling of compound
Every comparable compound was appraised for its Drug capability by applying Lipinski �lter.
ADMET represents the pharmacological activity of the compound, which was determined by

applying the admetSAR database provides an effective interface to evaluate the biological and
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chemical pro�les. The properties of the ADMET pro�le include adsorption, digestion,
metabolism, excretion, and toxicity which perform major roles in the development and

discovery of drugs [74]. The database comprises 5 quantitative regression models and 22
qualitative classi�cations which implement the result with high predictive precision. The

appraisal of these properties was carried out using admetSAR
(http://lmmd.ecust.edu.cn:8000/). The bio-activity properties and toxicity of the two

compounds with the highest a�nity from the docking and virtual screening studies were
predicted using this online admetSARtool[74].

3.9 Boiled-Egg Plot
A Boiled Egg Plot uses the spontaneous and reproducible statistical plot to predict the 2
passive predictions: gastrointestinal (GI) absorption and brain penetration (BBB), which

determines its propriety in the development and discovery of drugs. The Cartesian directions of
both the ovals were followed to give the dependence data. Also, it contains a few parameters;

MW, TPSA, MLOGP, GI, and BBB to restructure the BOILED-Egg plot [75]. If in the plot, the
compounds of our interest lie on the yellow ellipse, the possibility of the compound penetrating

the brain (BBB) is greater indicative of poor compound. Similarly, the compound’s
Gastrointestinal Absorption (GI) is high if it lies in the white region of the plot indicative of the

compound with great absorption capacity [75–76]. Additionally, besides these two
observations, if the compounds of our interest are placed on the grey area, excluding the yellow

ellipse and white areas, and are out of range of the plot as well, the compounds are non-
absorptive and non-brain penetrative. As per the re-rank a�nities, analysis of this plot was

performed for the best two inhibitors from the �rst docking results and the best two compounds
obtained from the second docking studies i.e. virtual screening results [76]. All these four

compounds were considered separately to assess parameters of Gastrointestinal Absorption
(GI) and Blood-Brain Barrier (BBB).

Conclusion
Ovarian cancer is the common lethal gynecologic malignancy and notwithstanding many

available drugs, this disease is still progressing day by day. Several established compounds
which perform as angiogenesis inhibitors are previously identi�ed but the strategy here was to

recognize a compound that is more effective than the present drugs, hence, from literature
survey all types of VEGFR 2 inhibitors were retrieved.The molecular docking results display the

strength of the compound with a PubChem ID: 88265020 to inhibit the VEGF protein. The
dynamic simulation compared the conformational changes over a timestep of compound

(PubChem ID: 88265020) with the best-established compound. The Electrostatic interaction of
the best virtual screened compound and hydrophobic forces enclosing it with a large number of

hydrogen-bonding interactions with the amino acid debris promotes productive
pharmacophoric interplays. The boiled egg-plot investigation stipulates that the best virtual
screened compound is located in the white area of the plot symbolizing peculiar intestinal

absorption. The foregoing qualities decide that the best virtual screened drug is actively
bioavailable. Therefore, the information suggests that the best virtual screened compound has
an essential inhibitory effect against the target protein VEGF. Additionally, the aforementioned

investigation presents a �eld for the examination of the compound with PubChem ID:
88265020 to be investigated for the prevention of ovarian cancer. It indicates a compound with

a PubChem ID: 88265020 inhibits VEGF more strongly than the established drug AEE788.
Moreover, In vitro study might acknowledge the aforementioned drug as a hopeful chapter in

ovarian carcinoma.
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Figure 1

1
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Figure 2

(I): PubChem ID: 10297043, the most established compound obtained from Molecular docking.
(II): PubChem ID: 88265020, the most virtual screened compound obtained from Virtual

Screening.
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Figure 3

Molecular dynamics RMSD and RMSF of free VEGF (I,II); VEGFR complex with best established
compound (PubChem CID: 10297043) (III,IV); VEGF complex with the best virtual screened

compound (PubChem CID: 88265020)
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Figure 4

Interaction diagram of VEGF complex with best established compound PubChem CID:
10297043 observed during the molecular dynamics simulation. (A) The protein-ligand

interaction diagram. (B) The residues that interact with the ligand in each trajectory frame. (C)
Schematic diagram of ligand interaction with the amino acid residues of protein during MD

simulation. 
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Figure 5

Interaction diagram of VEGF complex with best virtual screened compound (PubChem CID:
88265020) observed during the molecular dynamics simulation. (A) The protein-ligand

interaction diagram. (B) The residues that interact with the ligand in each trajectory frame. (C)
Schematic diagram of ligand interaction with the amino acid residues of protein during MD

simulation.
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Figure 6

The ligand property trajectory of the VEGF complex with best established compound PubChem
CID: 10297043during the 150 ns simulation.
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Figure 7

The ligand property trajectory of the VEGF complex with best virtual screened compound
PubChem CID: 88265020 during the 150 ns simulation.
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Figure 8

The most effective Virtual Screened compound (PubChem ID: 88265020), binding with VEGF
shows Van der Waals interaction

Figure 9
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The most effective Virtual screened compound (PubChem ID: 88265020), binding with VEGF
shows Hydrogen Bond interaction

Figure 10

The most effective Virtual Screened compound (Pubchem ID: 88265020), binding with VEGF
shows Electrostatic interaction
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Figure 11

The most effective Virtual Screened compound (Pubchem ID: 88265020), binding with VEGF
shows aromatic interaction
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Figure 12

Bioavailability radar related to physicochemical properties of two of each best compound from
established docked result and virtual screened result
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Figure 13

Comparative HIA, BBB, AMES toxicity, LD50 of the Established compounds against Virtual
screened compounds
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Figure 14

Boiled Egg Plot of 4 most effective Virtual Screened and Established drugs.


