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Abstract

In silico method of drug discovery plays an important role witnessing a cost effective and highly accurate method. Computer-
aided drug screening by molecular docking, molecular dynamics (MD) simulation and MMPBSA calculation can offer an efficient
approach in identifying promising drug candidates for cancer or other disease. In this study, computational approach is performed
by Autodock Vina, a docking software followed by MD simulation using Gromacs-2024.5 on Ubuntu command prompt. Free
energy calculation is performed by Molecular Mechanics Poisson-Boltzmann Surface Area (MMPBSA), a different type of MD
simulation technic involving forcefield and solvation terms. MMPBSA calculate enthalpic and entropic contributions to the ligand
free energy. Results obtained using these softwares are close to experimental results. Proteins of S100 class are vital to cancer
diseases. Functions of the affected proteins can be altered or inhibited with the ligands having strong non-bonded interactions.
Ligands are also selected on the basis of having drug like properties. In this study we select Parecoxib as ligand and found high

degree of interaction with SI00A11 protein.

Keywords: Drug Discovery, Molecular Docking, Molecular Dynamics Simulation, Molecular Mechanics Poison-Boltzmann Surface

Area (MMPBSA), S100 Proteins, Parecoxib

List of Abbreviations

GROMACS = GROningen MAchine for Chemical Simulations
AMBER = Assisted Model Building with Energy Refinement
CHARMM = Chemistry at Harvard Macromolecular Mechanics
GROMOS = Groningen Molecular Mechanics

MMFF = The Marc Molecular Force Field

OPLS = Optimized Potential for Liquid Simulations

SPC = Single Point Charge

TIP3P = Transferable Intermolecular Potential 3 points

1. Introduction

Despite promising advancement in the field of Research and
Development of drug development, Machine learning is an
excellent way of predicting a molecule as a drug reducing both time
and cost of research. Protein—ligand interactions are determined
by electrostatic forces, hydrogen bonding, van der Waal’s
interactions, and hydrophobic effects, collectively determining

binding specificity and affinity [1-3].

Proteins belonging to the S100 family are low-molecular-weight
calcium-binding proteins involved in diverse intracellular and
extracellular regulatory functions. Dysregulated expression of
several S100 proteins has been implicated in cancer, inflammation,
neurological disorders, and immune modulation [4 - 6]. Many
S100 proteins are active extracellularly and are easily detectable
in blood or other body fluids. So, search for effective inhibitors
that disturb S100 protein functions and studies on the structure
and conformation of S100-ligand may leads to designing S100-
targeted therapies [7-9].

Studying big molecules like polymers, proteins, nucleic acids
etc. with pure quantum chemistry is impossible. In such cases
theories of approximations and iterative approaches are applied.
Molecular Dynamics (MD) computes the structure and energy of
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molecule based on molecular motions. In this method electrons are
considered explicitly and assumed that they will find their optimum
distribution once the position of the nuclei is known [3]. MD
describes the potential energy of the system using mathematical
equation termed as force fields. The potential energy is based on
two types of forces — the bonded and the nonbonded interaction
energies. Total energy is contributed from — bond stretching, bond
angles, bond torsion, van der Waal’s energy and electrostatics
energy [10,11].

Docking predicts binding orientation and affinity, while MD
simulations capture the dynamic stability of protein—ligand
complexes under physiological conditions [12,13]. Binding
free energies estimated using Molecular Mechanics Poisson—
Boltzmann Surface Area (MM-PBSA) methods correlate well with
experimental observations [14,15]. The relative binding energy of
the ligand with protein to form a protein-ligand complex (Figure
2) is given by the expression

AGbinding = Gcomplex - Gprotein - Gligand

The free energy of each system is algebraic sum of gas-phase
energy (Egas), solvation energy (Gsolv) and an entropy term
(TS) [16-17].

G (X) =Egas(X) + Gsolv(X) - TS(X)

Gsolv, solvation free energy is a combination of polar and
nonpolar solvation energies and S is the entropy of the system at
temperature T. Egas is given by the sum of both bonded terms
(angle and torsion energies) and non-bonded terms (van der Waal’s
and electrostatic interactions from MD energies) [12].

Egas = Ebond + Eangle + Etorsion + EvdW + Eelec

Protein—ligand binding is a dynamic equilibrium process where
ligands often bind to pre-existing conformations of proteins,
sometimes inducing moderate structural changes [3,4]. Binding
strengths vary widely, typically ranging from —2 to —12 kcal/mol,
and are governed by enthalpic and entropic contributions [4].
Accurate determination of binding free energy (AQG) is therefore
essential for understanding molecular recognition and drug
efficacy.

Molecular dynamics simulations rely on classical mechanics and
force-field models such as AMBER, CHARMM, GROMOS,
MMFF, and OPLS to describe bonded and non-bonded interactions
within biomolecules [12,13]. Solvent effects are incorporated using
explicit water models (SPC, TIP3P, TIP4P) or implicit continuum
approaches [13,14]. In this study we utilise CHARMM-27 force
field and SPC as water model [18].

Molecular docking is widely employed in drug discovery to
predict ligand binding modes and affinities within protein active
sites. AutoDock Vina (AutoDockTools-1.5.7) is an open-source

docking tool known for its speed and accuracy [19,20]. Ligand
libraries are commonly obtained from databases such as ZINC,
PubChem, or ChemSpider [21,22]. We use ZINC database here
(www.zinc.docking.org/).

Parecoxib is a naturally occurring compound and included in the
class of isoxazole compounds. Isoxazole compounds are effective
in cancer treatment and potential possibilities [23]. These are
heterocyclic compound consisting of a five-membered ring with
one oxygen atom and one nitrogen atom in the neighbouring
position. Docking of a ligand into a selected binding site of a
protein is carried out with a docking tool Autodock vina working
on definite algorithm [24]. This tool calculates with different poses
of the ligand and list out the result starting with highest binding
affinity. Binding affinity is not sufficient parameter to predict
drug efficacy. For that we go for Molecular Dynamics (http://
www.mdtutorials.com/gmx/complex/index.html)simulations and
MMPBSA (gmx MMPBSA 1.6.4) calculation to obtain root
mean square deviation (RMSD) [25], H-Bond, root mean square
fluctuation (RMSF), solvent accessible surface area (SASA),
radius of gyration (RoG) and total free energy change during non-
bonded protein-ligand complex formation [26-28] (Figure 2).

In this study we select Parecoxib as a ligand and five different
S100 proteins obtained from Protein data bank (https://www.rcsb.
org/) are allowed to dock separately. S100 proteins are S100A6,
S100A2, S100A4, S100A7 and S100A11. On the basis of affinity
energy, we select the best pose of the ligand from each docking.
Molecular Dynamic Simulation of each complex are carried out
for 100 ns or less than 100 ns. We go for MMPBSA analysis
for thermodynamic calculations to obtain free energy change in
protein-ligand complex formation [16].

2. Materials and Methods

Molecular Docking is an approach used to predict how a ligand
(small molecule) binds and orient (the 3D conformation) with a
protein (a receptor) using computational method, AutoDock Vina
[7]. By docking, physical interaction between the ligand and
protein are calculated. The output of this docking is a docking
score, which estimates the strength of binding between the
molecule (the ligand) and protein.

Here Parecoxib is our ligand. We select cancer causing five different
S100 proteins, such as S100A6, SI00A2, S100A4, S100A7 and
S100A11. Individual PDB files are taken from protein databank,
RSCB.org.

Ligand Preparation: The ligand Parecoxib is search on ZINC
database (Table 1). We record the ID of the compound and
download the SDF file. This SDF file is then open on Biovia
Discovery Studio (https://www.3ds.com/products/biovia). Now
the corresponding PDF file is generated. This file is open on
AutoDock tool. PDBQT file is prepared here. Now this file can be
used for docking [10].
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Protein Preparation: Protein PDB file is obtained from Protein
Data bank (RSCB.org). Now the file is cleaned using ChimeraX
(UCSF ChimeraX version: 1.9) software. Water molecules, ions,
metals and sub-standard molecules are removed. This file is saved
and opened on AutoDock tool. Polar hydrogen and Charges are
added. After that this file is saved as PDBQT file.

Grid box preparation: Grid box is the allowed region of docking
which is drawn opening the clean protein file on AutoDock tool.
A box around the protein molecule is considered by defining the
center and the distances of XYZ axes. With this dimension a conf.
txt file is prepared.

Docking: With the help of PDBQT file of Ligand and Protein
and grid box information docking can be performed using python
base command prompt with the help of AutoDock Vina software.
We get result of docking with 9 different poses and energies. We
select the complex with lowest affinity energy for MD simulation
[19,20].

MD simulation spanning up to 100 ns for protein along with
their lowest energy ligand molecules are carried out using
GROMACS-2024.5 software. On GROMACS topology files
for proteins are generated using CHARMM-27 force field. The
topology files of the ligand molecules are generated with the help

of SwissParam web site (https://swissparam.ch/). Here MOL2 file
of ligand molecule is required to generate topology file. Protein
along with ligand molecules inserted in cubical box and solvated
with simple point charged (SPC) water molecules followed by
neutralizing the system keeping pH at 7.0 and temperature at 300K
[10]. Subsequently, energy minimization is performed utilizing
the CHARMM-27 force field, two types of thermal equilibrium
conditions such as isochoric (NVT) and isobaric (NPT) ensembles
are considered for energy minimisation. Long range electrostatic
interaction and non-bonded interaction cut off is set at 10A
[26,27]. The MD simulation of the equilibrated system is run
without restraining the solute atoms for 100ns. The analysis of MD
simulation of the protein-ligand system is performed on the basis
of structural perturbation and mobilities estimated in terms of Root
Mean Square Deviation (RMSD), Root Mean Square Fluctuation
(RMSF), H-Bond, Solvent Assessable Surface Area (SASA)
Radius of Gyration (RoG) [17,20].

After successful completion of simulation, we have to go for
MMPBSA, another type of simulation using conda environment
on Ubuntu. One of the important steps is to install gmx MMPBSA
1.6.4 software. Here we get an output file containing results related
to thermal energy profile and the total free energy change in the
formation of Protein-Ligand complex.

PARECOXIB
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Figure 1: Structure of Parecoxib Molecule
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Parecoxib (ZINC5761797)

Parameters Value Good for drug likeness
Molecular Weight 470.43 <500
LogP (Lipophilicity) 4.372 <5

Rings

It improves binding

Fraction sp3

Net Charge

H- Bond donor =5

H- Bond acceptor =10

TPSA (Topological polar 01A2 <140
surface area)
Apolar Desolvation 6.29
Polar Desolvation -48.48
Rotatable Bonds =10
QED quantitative estimate
of drug likeness 0.74 >0.6

Table 1: Some Properties of Parecoxib Molecule Obtained from ZINC Database

mode | affinity | dist from best mode
| (kcal/mol) | rmsdL.b.| rmsdu.b.

----- + +
1 -6.2 0.000 0.000
2 -5.9 15279 17.278
3 -5.6 4.401 7.129
4 -5.5 8.754 10.889
5 -5.5 20.291  22.580
6 -53 16.668  19.184
7 -5.3 7.696 9.454
8 -53 20.596  22.823
9 -5.2 13.604  15.897

Table 2: Scores of S100A11 Docking with Ligand. Copied from Result of Autodock Vina Docking
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S100A2+Ligand

Figure 2: Protein with Ligand at Highest Affinity Energy Saved from Discovery Studio Software

3. Results and Discussion

The affinity energy of Parecoxib ligand (Figure 1) in the formation
of complex with each of the proteins are  obtained from virtual
screening with the help of Autodock Vina tool. Here we can
comment that highest negative energy stands for strongest bonding

with the protein. Of course, AutoDock Vina provide us a series of
9 different poses with increasing energies (Table 2). We consider
the pose with highest negative (lowest energy) for MD simulation
study. The different types of interactions such as hydrophobic,
electrostatics, van der Waal’s and H-bonding are witnessed using
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the Biovia Discovery Studio (2025) software. After that we go
for simulation and calculate RMSD (Figure 3), RMSF (Figure 4),
Gyration Radius (Figure 6), No of H-bonds and SASA (Figure 5).
But for the most important parameter we have to go for MMPBSA
analysis to get the values of total change of Gibbs free energy
(Table 4). Each parameters have specific values in the studies of
drug ability score in selecting a ligand as drug. MD simulation
for all complexes of the proteins with Parecoxib ligand performed
for100 ns or less. RMSD of alpha carbon atoms, RMSF of all
amino acid residues (or atoms), solvent accessible surface area,
radius of gyration, number of Hydrogen bonds between protein
and ligand and Gibbs free energy change in the formation of all the
protein-ligand complexes are investigated.

For comparing these parameters among the five complexes (Table
3) we consider the average values of each parameter. these values
are spread along simulation progress timeline. Only exception in
case of RMSF (Figure 4) this is the average value of fluctuation
of each atom of protein chain during the full period of simulation.

RMSD measures the structural deviation from a reference shape
(Figure 3). Low values (<2.0A) indicates structural stability. Root
mean square deviation (RMSD) in atomic positions to quantify
how much the protein has changed with respect to initial structure
or how much conformation vary during the course of simulations.
It can be calculated for the whole protein. The average of whole
chain is considered for comparison. RMSD <2A is favorable for
complex (Protein- Ligand) stability. Here except S100A4 (Table 4)
complex all other has value less than 2A.

Average of root mean square fluctuations (RMSF) during the
simulation to determine whether the simulation is physically
realistic or not. RMSF measures the flexibility of individual
residues. It measures the localized atom movement. Lower values
have higher stability. RMSF should be less than 1.5A for stability.
Here S100A2, S100A4 and S100A7 complexes are less stable as

they have higher RMSF (Table 3).

In stable protein-ligand complexes, a flat RMSD paired with
a constant radius of gyration signifies a folded, stable structure,
whereas synchronous spikes in both indicate overall conformational
shift.

SASA measures the molecular surface touching the solvent (Figure
5). It is proportional to hydrophobic core exposure. Lower the
surface area higher is the stability. SI00A4 and SI00A7 complexes
poses moderately higher surface area.

Number of H- Bond indicates hydrogen bond formations over time
(Table 3). Higher the Number of H-bonds stronger the protein-
ligand interaction. Too much of H-bonding may rise problem of
dissociation. Drug molecules also have to detach after a definite
period of time. In the table (Table 3) it is observed that S1I00A4
and S100A7 complexes shows less chances of H-bonding.

Radius of gyration (RoG) measures the compactness of a molecule
(Figure 6). Low values show high compact folding. A decrease in
RoG indicates an increase in the packing density of the protein.
S100A4 complex poses higher value hence it is not favourable
(Table 3).

Change of Gibbs free energy determines the process spontaneity
and system stability. Negative values mean spontaneity. Very
high value (positive) of SI00A6 complex rejects the possibility of
stable complex formation (Table 4).

It is also explaining that there are eight types of intermolecular
favourable interactions in case of S100A11 and Parecoxib
molecule in the complex formation. They are such as two formal
H- bonding, two pi-pi stacking, two pi-alkyl and two alkyl-alkyl
van der Waal’s interactions (Figure 7). 2D picture is downloaded
from Biovia Discovery Studio software.
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Figure 3: Plots of RMSD vs Simulation Time Obtained from Output File of Simulation
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Protein (Code) | Ligand Affinity Energy Average | Average RMSF| Average SASA |Average No of H| Average Radius| Total free energy| Drug
€ (keal/mol) | RMSD (A) (&) (A2) Bonds of gyration (A) |Change ( kcal/mol|likeness
S100A6 (1K9P) -1.7 0.295727 0.1182404 61.8359347 0.689418 1.275647 469,02 Rejected
S100A2 (2RGI) -1.1 1.372547 1.556409 110.4578 1.198901 2.4606 -1.92 2nd Best
K]
5$100A4 (3CGA) 'E -8.1 3.46337 2477419 246.33455 0.918616 4.62965 -12.24 4th
[=]
(9]
[«}]
et
S100A7 (2PSR) E -1.7 1.473197 1.604757 115.9502 0.837616 2.474558 -4.72 3rd
S100A11 (1QLS) -6.2 0.0375 0.665212 73.15671 0.938406 1.508596 -18.63 Best
Favourable
condition low value <2.0A <15A low value High value Low value low value

Table 3: Comparison of Various Scores of Docking, MD Simulation and MMPBSA Results

Delta Energy Average SD SEM
ABOND (Stretching) 0 1.53 0.77
AANGLE (Bending) 0 2.11 1.05
ADIHED (Torsion) 0 0.82 0.41
AUB (Urey-Bredley) 0 0 0
AIMP (Improper Torsion) 0 0.01 0.01
AVDW Ven der waals Interactions -27.88 0.83 0.41
AEEL Electrostatic Interaction -9.53 1.67 0.84
A1-4 VDW (non Bonded) 0 0.38 0.19
A1-4 EEL (Non Bonded) 0 1.94 0.97
AEPOLAR Solvation Energy 21.85 1.97 0.99
AENPOLAR Solvation Energy -3.06 0.01 0
AENPOLAR Dispersion Energy 0 0 0
AGGAS -37.41 1.87 0.93
AGSOLV 18.78 1.97 0.99
ATOTAL -18.63 2.71 1.36
SEM=Standard Error of The Mean

Table 4: Differential Energies of Various Intermolecular Interactions of SI00A11 and Ligand Obtained from MMPBSA Results

Ther Res: Open Access, 2026

Volume 3 | Issue 1 | 11



(1

LL
]

Ag

W o

Interactions

[:] yan der Waals

Conventonal Hydrogen Bond

1)
11

w
(4]

(U
LU

M
]
ur

w
(11}

L

)
D Pilky

Figure 7: Inter Molecular Interactions of SI00A11 Protein and Ligand Obtained by Using Discovery Studio Software

4. Conclusion

In this study several computational tools are used to investigate
the drug potentiality of Parecoxib with respect to the nature of
interaction with proteins in the category of S100. Here we avoid
more complex protein structures due to high computational cost.
Simulation is a high computational task. Final validation of the
result can be carried out preparing the stable complex followed
by crystallographic studies, which is beyond the scope of this
work. After establishing the drug potentiality of the ligand clinical
studies and clinical trials are required to certify a compound
as a save drug for treatment of disease. This process is a valid
process in identifying drug probability. If molecular as well as
thermodynamic properties are failed in computational method, that
may be called as primary study, then we can avoid further study of
that molecule as drug candidate. As a preliminary study it can be
conclude that Parecoxib has the highest chances of being affective

drug against SI00A11 protein related cancer or other disease by
acting as an inhibitor for the protein’s foul action.
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