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Abstract: The main regulatory factors during the adaptation of cancer cells to hypoxic stress 
are the hypoxia-inducible factors (HIFs), which are being increasingly recognized as an interesting 
and challenging target for the design of new chemotherapeutic molecules. HIF2A was found to have 
an large internal hydrophilic cavity within its PAS-B domain, unique to this sub-unit and is suggested to be a 
possible ligand-binding site. Regulation of HIF2A by cellular molecules is still greatly unknown. In This 
paper we have employed in-silico techniques, such as molecular docking and dynamic simulation, 
to design new direct inhibitors against HIF-2A subunit via targeting one of its critical domains and 
the final top screened molecules have been tested on hypoxic cancer cells for further validation of 
their inhibitory potential. we targeted the hydrophilic cavity inside the PAS-B domain of the HIF2A to 
identify novel molecules with a high binding capacity. Virtual Screening methodology was used for molecular 
docking of NSC library against the target domain inside the HIF2A PAS-B domain with the top 5% compounds 
with significant MolDock and Re-rank scores were selected for further analysis. The NSC 106416, NSC 
217021, NSC 217026, and NSC 215639 compounds were selected based on their docking scores. NSC 215639 
had the minimum polar solvation energy and also had a relative strong binding energy. NSC 217026 had the 
strongest binding energy among other compounds. 

Keywords: Hypoxia-inducible factor; cancer; hypoxia; drug discovery; medicinal chemistry; 
virtual screening; molecular dynamics simulation; MM-PBSA; Drug discovery. 

 
 
 

1. Introduction 
Cancer cells behave differentially when exposed to very low oxygen levels for varying periods 

of time. When cancer cells adapt themselves to a hypoxic environment, significant changes in their 

biological processes are observed; most prominently   the metabolic switch toward glycolysis that 

can significantly decrease the pH in the tumor microenvironment (1). Additionally, a hypoxic cancer 

cell shows increased resistance to chemotherapy as the expression ratio of drug-resistance genes 

increases during hypoxic stress (2). Cancer cells can relieve the tension of hypoxic stress through 

expressing of angiogenic factors, such as VEGF protein (Vascular endothelial growth factor), which 

encourages fibroblast and endothelial cells to form new micro vessels to perfuse the tumor 

microenvironment (3). Hypoxic pressure can significantly enhance a cancer cell’s potential for 

metastasis and migration toward other host tissues via altering and reforming their extracellular 

matrix (4). The main regulatory factors during the adaptation of cancer cells to hypoxic stress are the 

hypoxia-inducible factors (HIFs), which are being increasingly recognized as an interesting and 

challenging target for the design of new chemotherapeutic molecules (5). HIF factors remained 

popular among researchers through the recent decades of experiments on hypoxic cancers (6). 

However, unwanted side effects resulted by inhibition of other proteins that are involved in upstream 

signaling pathways and can regulate the stability or activity of HIF-alpha subunits. Additionally 
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varying unsuitable pharmacokinetic properties of many reported HIF inhibitors have made the urge 

of designing new direct and specific inhibitors against HIF-alpha subunits even more challenging 

(7). 

HIF factors are heterodimeric transcription factors composed of alpha (HIF-A) and beta (HIF-

B) subunits which belong to a large family of transcriptional regulators known as basic helix–loop–

helix/Per-ARNT-SIM (bHLH–PAS) proteins (8, 9). When oxygen is abundant HIF-alpha sub-units 

are hydroxylated by prolyl-hydroxylase (PHD) enzymes resulting in rapid proteasomal degradation. 

Yet when oxygen is limiting, the activity of the PHD enzymes is inhibited resulting in stabilization 

of the HIF-alpha subunits, which dimerize with HIF-1ß, translocate to the nucleus and promote gene 

transcription (10). The protein level of HIF-A subunits depends on the duration and tension of 

hypoxic stress, while each subunit holds a specific timed responsibility to regulate cell’s survival, 

metabolism and other critical biological processes that are vital for the adaptation of cancer cells to 

hypoxia (11, 12).  HIF-A subunit has three isoforms; including HIF-1A, HIF-2A, and HIF-3A. HIF-

1A has been extensively studied in hypoxic cancers compared to the other two subunits (13, 14). 

HIF-A subunits can get inhibited at multiple stages from their initial steps of cellular translation level 

to their regulation of protein stability, dimerization, and transcriptional activity. HIF-A subunits can 

be inhibited either directly via targeting key functional domains in their protein structure or indirectly 

through inhibition of upstream factors that influence the stability of the HIF-A protein and its activity 

as a transcription factor (15). 

Indirect inhibitors of HIF-A subunits that target upstream signaling proteins such as AKT 

(Protein kinase B), mTOR (mammalian target of rapamycin), HDAC (Histone deacetylase), 

P300/CBP (CREB-binding protein) and other regulatory proteins, have shown multiple unwanted 

side effects (16, 17). Even if these indirect inhibitors have successfully decreased HIF-A protein 

level in cellular experiments, their administration as clinical chemotherapeutic treatment of resistant 

hypoxic cancers have not been approved due to high cytotoxicity and undesirable side effects (18). 

Therefore, the goal of inhibition of HIF-A subunits has significantly been focused on direct HIF-A 

inhibitors that physically interact with important functional domains within the HIF-A protein 

structure (19, 20). New studies have revealed the specific profile of HIF-1A and HIF-2A 

transcriptional activity during the hypoxic response, while no significant transcriptional activity has 

been reported for HIF-3A, expect for its longest variant that has been reported in multiple cancers 

(21, 22). 

In this study, we have employed in-silico techniques, such as molecular docking and dynamic 

simulation, to design new direct inhibitors against HIF-2A subunit via targeting one of its critical 

domains and the final top screened molecules have been tested on hypoxic cancer cells for further 

validation of their inhibitory potential. 

 
2. Materials and Methods 

 
    2.1. Library selection 

For the purpose of current study, in-silico screening and optimization of potential direct HIF-2A inhibitor 
molecules, the anti-cancer ligand collection of National Cancer Institute (NCI) was used, which includes over 
200,000 compounds that have been evaluated by Developmental Therapeutic Program (DTP) 
(https://dtp.cancer.gov ). DTP is a part of NCI research platform that specifically focuses on the evaluation and 
development of new chemotherapeutic compounds. DTP has created an `open` anti-cancer library of 
compounds, which are a mixture of synthetic and natural molecules and their anti-cancer potential was 
evaluated through two phases of cell-line experiments, including a 3-cell line screening and 60-cell line 
screening of human cancer cells with multiple doses of treatments. Therefore, the NCI anti-cancer collection 
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was selected for further evaluation by in-silico techniques against HIF-2A subunit, in order to filter potential 
direct molecules that can get further tested in cell-line experiments. 

2.2. Preparation of ligands and protein 
One initial step in evaluation of potent small-molecule inhibitors against interest target protein is the 

structural preparation of ligands and the target protein itself. For a reliable molecular docking screening, the 
structures obtained from the interest library of compounds have to be structurally optimized from a 2D 
conformation to 3D energy-minimized conformation, so the molecules can better pursuit their optimal pose of 
binding with the active site of target protein. For this purpose, the LigPrep module of Schrodinger Suite 2015 
software was used for the optimization of ligand’s structure into 3D conformation with minimized energy level 
as well as corrected ionization state of the compounds based on the cellular PH ratio (7.4 ±0.5).  After the 
preparation of compounds structures, the next important step before starting the actual structure-based 
molecular docking analysis is the preparation of target protein’s structure. RCSB database  ( 
https://www.rcsb.org ) is the reference protein structure repository that contains the atomic coordinates of 3D 
structures of proteins and the other biomolecules  determined by structural methods (NMR, X-ray 
crystallography and cryoEM).The structure of HIF-2A protein from homo sapiens specie (PDB ID: 6D09) was 
retrieved from RCSB databank to be further prepared using the Protein Preparation Wizard (PPW) module of 
Schrodinger Suite 2015 software. An important step in the preparation of protein structure is the removal of 
unnecessary water molecules and ions that are not involved in the binding of ligand with protein’s active site. 
The next steps are the addition of missing hydrogen atoms to the initial crystal structure of the protein using 
the riding model, fixing broken sidechains or missing loops, and correcting the order of bonds as well. Along 
these modifications, it is important to optimize the hydrogen bonds via promoting the protonation state of key 
amino acids such as histidine, aspartate, glutamine, and glutamate residues. The final step of preparation is 
energy minimization with suitable force fields, which results in better protein conformation for in-silico 
analyses. Therefore, the OPLS-2005 force filed with RMSD (root-mean-square deviation) cut-off value of 0.30 
Å, was chosen for energy minimization step that can significantly enhance the stability protein’s structure and 
its quality for molecular docking and dynamic experiments. 

2.3. Receptor Grid selection 
An important step for starting a molecular docking screening is the selection of a specific grid box. 

Basically, a grid box is a tridimensional space covering a specific region of interest protein, such as its active 
site or ligand-binding sites. The grid box will store all potential energies resulted from the interactions of 
potential residues in protein with ligand molecules within the selected cubic region. A good grid box must be 
large enough to cover surrounding surface of the active site and be capable to accommodate the ligands with 
respect to their size. Considering the goal of current study for screening direct HIF-2A inhibitors, the grid box 
was set on a previously reported large water-filled cavity (290 Å) inside the PAS-B domain of HIF-2A, which 
is surrounded between a beta-sheet and an alpha helix. Studies have suggested that this cavity could be a 
potential cofactor or ligand binding site, which could induce conformational alternations that can possibly 
prevent HIF-2A heterodimerization with its partner, HIF-B subunit or ARNT (Aryl Hydrocarbon Receptor 
Nuclear Translocator). The grid box was generated using Molegro Virtual Docker software (MVD) and was 
centered on the water-filled cavity inside PAS-B domain of HIF-2A with following coordination: x =23.06 Å, 
y= -1.18 Å, z= - 10.97Å. 

2.4. Structure-based virtual screening 
Molecular docking simulation is an important tool for screening active compounds from a large library 

of molecules that would get docked into the specified active-site region of the target protein with multiple 
poses of binding. The NCI anti-cancer library was prepared and utilized for docking experiment. The virtual 
screening module of Molegro Virtual Docker Software (MVD) was used to filter the top 3% docked ligands 
with best MolDock and ReRank scores. The MolDock [ Grid] scoring function is a grid-based version of 
THOMSEN 2006 scoring function, which orders the top ranked compounds based on their best pose of binding 
with protein’s active-site and is faster in precalculation of potential energy values based on the selected grid 
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box. The ReRank scoring function calculates the binding affinity of ligands to produce a docking score, which 
is based on the sum of ligand-protein interaction energy and internal energy of the ligand. The ReRank scoring 
function can predict better docking scores compared to MolDock scoring function. For docking analysis, the 
number of runs were set to 50 times, which determines the number of times docking simulations get repeated 
for each ligand within the library. Further options, such as the optimization of H-bond positions, which can 
enhance the optimal direction of rotatable H-bonds within the ligand and protein’s structure, and Energy 
minimization option were selected to be performed after docking runs. Finally, the top 4 ligands which revealed 
the best ReRank scores among other docked molecules would be selected for further evaluation by dynamic 
simulation technique. The Lipinski and physiochemical properties of top selected hits were analyzed using the 
SwissADME online web server (www.swissadme.ch). 

     2.5. Molecular Dynamics Simulation 
Molecular docking generates multiple conformations and orientations for the ligands inside the active-

site of protein and evaluates their binding affinity with regard to scoring functions. However, the results 
produced by molecular docking technique still demands further evaluation as it’s based on the old lock and 
key theories of molecules binding with protein considering that protein’s  conformation is kept at its lowest 
level of energy in a stable situation within a vacuum space , while new theories suggest that the process of 
ligands binding into the protein’s active-site is a dynamic process that is carried along a range of 
conformational changes in different residues of the protein that significantly enhances the binding ability of 
the ligand. Therefore, Molecular Dynamics (MD) simulation is used as a great tool for evaluation of the 
stability of Ligand-protein complexes for its advantage that considers the structure of protein and molecules 
as highly flexible and dynamic in a solved environment with appropriate levels of ions similar to the cellular 
physiological concentrations. Therefore, MD simulation is a reliable tool that can be used for further evaluation 
of screened ligands from molecular docking analysis results. 

The top 4 scored ligands from molecular docking analysis results of HIF-2A PAS-B domain and NCI 
library were subjected to MD simulation for further evaluation of ligand binding conformation, binding 
affinity, and their stability within the targeted domain. MD simulation was performed by help of Gromacs 
software (version 5.1) and the force field parameters of CHARMM27 were chosen (23). To reach the right 
ionization state for the amino acid residues in HIF-2A protein’s structure, the PKa values were recalculated 
using the online server PROPKA 2.0 (24) (https://www.ddl.unimi.it/vegaol/propka.htm). The partial charges 
of ligands topology files were obtained from the PRODRG online server (25) 
(http://davapc1.bioch.dundee.ac.uk/cgi-bin/prodrg) and the partial charges were recalculated by Gaussian 
software (version 16). 

 Each protein-ligand complex was solved with TIP3P water molecule models in a cubic box and an 
appropriate concentration of Na +/ Cl –   ions (0.15 µm) were added to the solution. To optimize the 
conformation of structures of the neutralized system, energy minimization was performed using the Steepest 
descent and Conjugate Gradient algorithms.  Particle-Mesh Ewald (PME) method was applied for the 
calculation of long-range electrostatic interactions. The cut-off value for Van der Waals and short-range 
electrostatic interactions were set to 9.0 Å.  The system was then equilibrated by coupling the temperature and 
pressure of the system to 300 k (kelvin) and 1 bar, using the Berendsen thermostat and Parrinello- Rahman 
barostat functions respectively. The MD simulation was performed at constant temperature and pressure (300 
k, 1 bar) for 30 ns. The outputs of MD simulation were checked and graphs were illustrated by VMD software 
(version 1.9.3). 

2.6. Calculation of Substrate-Binding Free Energy from Molecular Dynamics Simulations 
The molecular dynamics trajectories were used to characterize and model the interactions between the 

different ligands and the HIF2A protein. Among all the available protocols for the characterization of protein–
ligand interactions, we selected the molecular mechanics Poisson–Boltzmann surface area method (MM-
PBSA), due to its efficiency and reliability in small- to medium-sized molecular systems (26). Following the 
MM-PBSA protocol, the energy of binding of an enzyme–substrate complex is defined as the difference 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 February 2022                   doi:10.20944/preprints202202.0349.v1

http://www.swissadme.ch/
https://www.ddl.unimi.it/vegaol/propka.htm
http://davapc1.bioch.dundee.ac.uk/cgi-bin/prodrg
https://doi.org/10.20944/preprints202202.0349.v1


between the free energy of the enzyme–substrate complex and the corresponding free energies of the isolated 
protein and substrate in an aqueous environment (27). The energies for each component were calculated by 
following the Gibb’s equation, considering the enthalpy term as the average molecular mechanics (MM) 
potential energy in vacuum. The molecular dynamics trajectories of the HIF2A protein in complex with the 
selected inhibitors were analyzed by the g_mmpbsa package (28)to determine the drug binding energies of the 
complex. The energy decomposition and determination of the relative contribution of each amino acid residue 
to the stabilization of the protein-drug complex was performed by employing the ‘MmPbSaDecomp.py’ 
Python script included in the g_mmpbsa package, considering the contribution of the molecular mechanic’s 
energy, the polar and apolar solvation energies and following a bootstrap analysis strategy including 2000 
steps. 

 

3. Results: 

3.1. Virtual screening results: 
To identify new anti-cancer compounds with the potential to inhibit the HIF2A subunit specifically and 

directly, virtual screening (VS) analysis was performed using the NSC anti-cancer collection with library size 
of about 300,000 compounds that are supported by DPT platform. The grid box was set on the previously 
reported water-filled cavity inside the PAS-B domain of HIF2A (PDB ID: 6D09) and VS mode was set to 
screen out the top 5% docked compounds with best binding scores. From the top 5% list of Hits, the top 4 
compounds that had the most minimum MolDock and Re-rank scores were selected. As shown in Table 1, the 
NSC 106416, NSC 217021, NSC21706, NSC 215639 compounds (Figure 1) demonstrated the top MolDock 
and Re-rank scores and all occupied the target cavity in PAS-B domain through Steric, Electrostatic and 
hydrogen bond interactions (Figure 2). 

 
        Table 1. Summary of Molecular Docking Analysis of top selected compounds. 

 
 

Compound 
ID 

 
Chemical 
Formula 

 
MolDock 

score 

 
Re-rank 

score 

 
Amino Acids involved in Interactions 

    Electrostatic and Steric 
Interactions 

Hydrogen Bond 
Interactions 

 
NSC 

106416 

 
C15H26N6O8 

 
-170.109 

 
-103.497 

 
Met309,Ala277,Tyr281,His

293,Cys339,Gly323 
 

 
Ser365,Ser443,A
sn461,Cys459, 

Thr441 
 

NSC 
217021 

 
C16H15FN6O5 

 
-158.135 

 
-105.003 

Val302,Met289,Tyr281,Me
t252,Cys339,His248 

Met289, Ser246, 
Tyr281,Cys339 

 
NSC 

215639 

 
C15H9F3N4O5S 

 
-135.271 

 
-92.274 

Phe280,Ala277,Met289,Me
t252,Tyr281,His293 

 

 
Ser246,Asn341 

 
NSC 

217026 

 
C16H18N6O6 

 
-176.057 

 
-128.53 

Ser304,Asn341,Ser246,Tyr
307,Tyr281,His248 

Ser246,Thr321,T
yr307,His248,Ty

r281 
 

 

 His293, Tyr281, Ser246, Tyr307, and Asn341 were most common amino acids involved in Hydrogen 
bond interaction with selected compounds. NSC 217026 had the most minimum Re-rank and MolDock scores 
respectively.  
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Figure 1 . 2D chemical Structure of compounds with best docking scores. 

 
    3.2. Analysis of Lipinski and Physiochemical properties: 

The Lipinski’s rule of five estimates the drug-likeness properties of compounds via setting a limit which 
helps to filter compounds with suitable pharmacological properties. Based on this rule, a good drug like 
compound should have molecular weight less than 500, Log P ratio equal or smaller than 5, a specific range 
for the number of Hydrogen bond Donors and Acceptors equal or smaller than 5 and 10 respectively. 

 
Figure 2. Schematic representation of the HIF2A and its interaction with small-molecule inhibitors. A. PAS-B 
heterodimer of HIF2A and ARNT is shown (PDB ID: 6D09), which PT2440 is located inside the cavity of HIF2A 
PAS-B domain and is shown as yellow. B. Overlapped docked conformations of compounds with top docking score 
inside HIF2A cavity. C. the 2D structure of NSC 217026. D. The docked complex of NSC 217026 with HIF2A PAS-
B domain. 
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 One problem with previously reported HIFA small-molecule inhibitors that limited development to 

clinical trials was their lack of suitable physiochemical properties, such as the range of the Log S ratio, TPSA 
(topological polar surface area), solubility and polarity. The Lipinski and Physiochemical properties of top 4 
selected Hits based on VS results were analyzed by the SwissADME online web server, and are shown in 
Table 2. All the hits selected revealed suitable drug-likeness and physiochemical properties, which means that 
these compounds are good candidates for further evaluation in in vitro and in vivo experiments. 

 

Table 2. Summary of Lipinski and Physiochemical properties of top 4 selected compounds. 

 

    3.3. Molecular Dynamic (MD) Simulation of top selected Hits: 
The last step in molecular dynamic simulation, is the analysis of trajectory models, which a variety of 

data can be extracted from. This includes the flexibility of the structures, stability and binding potential of 
ligand to the target binding site, gyration radius, solvent accessible surface area (SASA), solvation energy and 
binding energy of compounds with the protein.  

RMSD or root mean square deviation is one of the important subjects in analysis of trajectory models. 
RMSD demonstrates the displacement of atoms in protein’s structure during the MD simulation experiment. 
The RMSD value of alpha carbons in protein’s structure should be smaller than 2 Å during the phase that the 
system has been equilibrated. The higher the RMSD value is, the more conformational changes the system has 
experienced. Therefore, RMSD values can indicate the stability of the complex of protein and ligand during 
the simulation time. The flatter RMSD slope appeared during the time of simulation, the more stable the 
complex is, and if a high range of fluctuations are seen in RMSD graph, it indicates an unstable binding of the 
ligand to the interest structure. During the 10ns MD simulation, The RMSD graph of compound NSC 217026, 
NSC 215639, and NSC 106416 had less fluctuations during the simulation (Figure 3.A), which indicates a 
more stabilized binding mode of the compounds with target cavity inside PAS-B domain of HIF2A. The 
RMSD graph of NSC 217021 compound had higher fluctuations during the simulation, which indicates a lower 
stability of binding and a higher range of induced conformational changes and dynamics in the PAS-B domain 
structure. 

RMSF or root mean square fluctuation is a practical analysis that provides an overall perspective over the 
dynamic of amino acids in the target protein structure with regard to their location and residue number in the 
protein. Therefore, this analysis helps to better detect the flexible regions in the protein. As shown in Figure 3. 
B, the highest range of fluctuations are seen at the N-terminal and C-terminal regions, which are the most 
flexible parts of the protein. Amino acids within the core region of the protein, Atom 750-1500, also 
demonstrated a high range of fluctuations about 0.2 nm.  

SASA or solvent accessible surface area is a key parameter in the analysis of structural changes during 
the dynamic simulation. The more exposed the hydrophobic regions of the protein are, the lower its SASA 
value. As the protein acquires a better folding state, hydrophobic regions of the protein preferentially reside 
towards the inner regions of the protein, increasing the SASA value. Conversely, this results in the hydrophilic 
surface of the protein becoming exposed to the solvent, which correlates with SASA value. As represented in 
Figure 3.C, The SASA value of top selected compounds fluctuates between ranges of 72-78 nm2 during the 

Compound 
ID 

H-bond 
Donor 
≤ 5 

H-bond 
Acceptor 
≤ 10 

Molecular 
Weight (g/mol) 
≤ 500 

Log P 
≤ 5 

Log S TPSA 
(Å) 

Solubility 
(mg/ml) 

NSC 106416 6 8 418.40 1.66 -0.28 193.06 2.22e +02 

NSC 217021 5 6 390.33 0.83 -2.54 157.18 1.11e +00 

NSC 215639 2 8 414.32 1.55 -4.76 164.86 7.27e +03 

NSC 217026 5 6 390.35 1.38 -2.01 170.32 3.81e +00 
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MD simulation. 

Gyration radius is calculated with regard to the distance of alpha carbon atoms in target structure with the 
surrounding atoms. As the protein reaches a better folding, the more compact the structure becomes, reducing 
the gyration radius. Based on the Figure 3. D, the gyration radius of NSC 106416 compound fluctuates between 
range 1.35-1.38 nm; while rest of the compounds had a relative higher fluctuation in their gyration radius, with 
range of 1.35- 1.39 nm. NSC106416 seems to reach the smallest gyration radius (1.36 nm) at the termination 
of MD simulation compared to other compounds. After 5ns of simulation, the gyration radius graph of NSC 
217027, NSC 215639, and NSC 106416 compounds appear to become flatter as the system becomes more 
equilibrated as it reaches the end of MD simulation experiment. 

 
Figure 3 . Representation of molecular dynamics simulation results for the top docked compounds with the HIF2A 
PAS-B domain. 

 

3.4. MM-PBSA Free Energy Analysis: 
MM-PBSA is a powerful method that uses data from Gromacs XTC trajectory models to calculate the 

binding energy of the compounds with target binding site. Using the MM-PBSA method we can predict the 
free energy of binding with higher accuracy compared to the functions used in Molecular Docking method, 
and can be used to evaluate predicted molecular docking scores. Binding free energy depends on both polar 
and non-polar interactions between the atoms of the ligand and binding site on the protein. The MM-PBSA 
method can calculate a range of important interactions such as Electrostatic energy, van der Waals energy, 
SASA and polar solvation energies, as well as the average binding energy based on the previous named 
interactions. As shown in Table 3, MM-PBSA analysis revealed that the NSC 217026 compound had the 
minimum van der Waals and electrostatic energies of -264.609 and -61.703 respectively. It also had the highest 
value of polar solvation energy which was 193.269. Notably, the average binding energy of NSC 217026 was 
smaller than the rest of the other compounds with value of -154.83 kj/mol, while NSC 215639 also had a 
relatively close binding energy of -152.92 kj/mol. NSC 217026 had the highest value of binding energy of -
154.83, which means it had the strongest binding affinity between the selected compounds. The binding energy 
of NSC 217026 also correlates with its RMSD graph, which indicated a stable binding with the PAS-B cavity 
of HIF2A factor during the MD simulation. 
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     Table 3. Summary of MM-PBSA Analysis of top selected compounds from docking analysis. 
 

 

4. Discussion: 
HIFs are members of a large family of transcriptional factors that share bHLH-PAS domains. The PAS-

A domain in HIF-alpha subunits prevents non-specific binding and dimerization with other proteins as well as  
guiding  the heterodimerization of HIF-a subunits specifically with their ARNT partner, while the PAS-B 
domain interacts with regulatory cellular molecules that are still significantly unknown (29, 30). The PAS-B 
domain is more flexible than PAS-A domain and its conformational freedom is important for interaction with 
other regulatory proteins, such as SP1, a transcription factor that is known to interact with HIF1A (31, 32). 
The Crystal structural of the HIF2A PAS-B domain revealed the existence of direct ionic interactions between 
the anti-parallel B-sheets of HIF2A and PAS-B domain of ARNT subunit (33-35). While HIF1A and HIF2A 
are structurally similar to each other, they have 52% difference in their amino acid sequence. Also, HIF2A was 
found to have an unusually large internal hydrophilic cavity within its PAS-B domain, unique to this sub-unit 
and is suggested to be a possible ligand-binding site. Regulation of HIF2A by cellular molecules is still greatly 
unknown (36). This cavity is an interesting target site for the design of new HIF2A small-molecule inhibitors 
(37). Occupation of this cavity by potential small molecular inhibitors would result in the PAS-B domain being 
unable to acquire the correct conformational changes that are induced during natural dimerization with the 
ARNT PAS-B domain, thus preventing the interaction of HIF-2A with ARNT (36, 38, 39).   

In the current study, we targeted the hydrophilic cavity inside the PAS-B domain of the HIF2A to identify 
novel molecules with a high binding capacity. Virtual Screening methodology was used for molecular docking 
of NSC library against the target domain inside the HIF2A PAS-B domain with the top 5% compounds with 
significant MolDock and Re-rank scores were selected for further analysis. The NSC 106416, NSC 217021, 
NSC 217026, and NSC 215639 compounds were selected based on their docking scores. Analysis of docked 
complexes demonstrated stable binding between selected compounds via the help of Electrostatic, Steric and 
Hydrogen bond interactions with key amino acids such as His293, Tyr281, Ser246, Tyr 307, and Asn341 inside 
the cavity of HIF2A PAS-B domain. NSC 217026 had the best docking binding scores and binding energy 
compared to other docked compounds. The physiochemical and Lipinski properties of top hits were also 
analyzed and all selected compound showed standard drug-likiness properties. Therefore, these compounds 
could be accountable to be further tested in in-vitro and in-vivo experiments. All top docked complexes were 
then reanalyzed by help of molecular Dynamics simulation (MD) further assess the stability of their binding 
with target domain. RMSD values were all below the ratio of 2 Å, which indicates all compounds had a stable 
binding during the time of simulation within the cavity inside PAS-B domain. RMSF analysis showed a higher 
range of dynamics in amino acids that are located at the terminals and the middle of the protein. The SASA 
value of all compounds was also within the range of 72-78 nm2 , which indicates that the docked complexes 
had reached their right folding conformation. Gyration radius of all compounds fluctuated between range of 
1.35-1.38 nm and decreased at the end of simulation period, which indicates that the protein has become more 
packed. The analysis of the volume of the protein also showed that the volume of PAS-B domain decreased 
along the simulation time. MM-PBSA analysis of MD trajectory models of docked complexes revealed that 

Compound ID van der Waal energy Electrostatic 
energy 

Polar 
solvation 
energy 

SASA energy Binding 
energy 

NSC 217026 -264.61 -61.7 193.27 -21.79 -154.83 

NSC 215639 -220.99 -24.91 114.57 -21.59 -152.92 

NSC 217021 -247.36 -33.28 165.97 -20.75 -135.42 

NSC 106416 -262.84 -19.99 177.02 -24.56 -130.37 
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NSC 217026 had the strongest binding energy, Van der Waals and Electrostatic interactions. NSC 215639 had 
the minimum polar solvation energy and also had a relative strong binding energy. NSC 217026 had the 
weakest binding energy among other compounds. 

Previous studies revealed that HIF1A and HIF2A have their own distinct transcriptional profile (16, 40). 
Genes that are primarily involved in glycolysis are regulated by HIF1A, whilst genes that participate in self-
renewal and angiogenesis are more tend to be regulated by HIF2A (3, 9, 13, 41-43). HIF1A and HIF2A also 
might perform opposite transcriptional activity on common target genes. Such as C-Myc whose transcription 
is either promoted or suppressed by HIF1A and HIF2A subunits respectively (44-47). Cancer cells also differ 
in their sensitivity to the expression of HIF-1A and HIF-2A (48). Breast cancer for example is more dependent 
on HIF1A expression level and other types of cancers that are more sensitive to HIF2A activity. Such as Renal 
carcinoma, non-small lung carcinoma, glioblastoma and VHL-deficient renal cell carcinoma.  HIF1A and 
HIF2A subunits also have different sensitivity toward the cellular tension of oxygen (49). For instance, HIF1A 
gets stabilized faster than HIF2A in lower oxygen levels in Hela cells, neuroblastoma, and glioma cells (50-
53). While when HIF2A gets activated during hypoxia, it has a longer half-life compared to HIF1A in hypoxic 
stimulated neuroblastoma and lung adenocarcinoma cells (54). These two subunits can also have their own 
specific interacting proteins as well. Such as HAF (hypoxia associated factor), which has been found to 
differentially regulate these two subunits. It can destabilize HIF1A while enhance the transcriptional activity 
of HIF2A through interacting with its CTAD domain (55). 

 During the recent decades of research on HIF-alpha factors, several direct HIF2A inhibitors have been 
reported (56, 57). Such as PT derivatives that target PAS-B domain of HIF2A specifically. Such as PT2385, 
and PT2977 (58-60). Long exposure of CCRCC cell-lines to PT2385 have been reported to induce cellular 
resistance against the treatment (61). Indole analogs, Thiophene and Tricyclic derivatives are other class of 
small-molecule inhibitors that directly target HIF2A subunit and have been shown to successfully prevent 
HIF2A activity in 786-Ocells (62-64). Inhibition of the HIF2A subunit was a treatment option not only for 
specific types of cancers, but also other diseases, such as muscle injury, and disorders related to iron overload 
as well (43, 65-69). Therefore, the need for design of direct and specific HIF2A inhibitors has real potential to 
target aberrant expression of HIF-2A and warrants further investigations to evaluate the effectiveness of 
HIF2A small-molecule inhibitors beyond cancer therapy. In future experiments the final top screened 
molecules will be tested on hypoxic cancer cells for further validation of their inhibitory potential. 

 
3. Conclusions 

 
When cancer cells get exposed to hypoxic stress, their survival significantly depends on the activity of 

hypoxia-inducible factors (HIFs), which are well known as challenging target for the design of new 

small-molecule inhibitors. HIF2A has been known to have a large and unique internal hydrophilic 

cavity within its PAS-B domain, which is suggested to be a possible ligand-binding site. In This study 

we have used in-silico techniques for the design of new direct inhibitors against the PAS-B domain of 

HIF-2A. Molecular docking and molecular dynamics simulation were applied on NSC library and the 

top scored compounds were selected. The NSC 106416, NSC 217021, NSC 217026, and NSC 215639 

compounds were selected based on their docking scores. NSC 217026 had the strongest binding energy 

among other compounds. 
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