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Abstract

During the research, we analyzed the 1GIT protein in different mode with its ligand
GDP followed by binding Inefrhan between them under pyMoL tool. Guanosine-5'-
Diphosphate is commonly used as Escherichia coli metabolite, a mouse metabolite and
as an uncoupling protein inhibitor. There are so many diseases like associated disorders
rachialgia, subarachnoid hemorrhage, epilepsy, stroke and neuroinfection in which GDP
is advised to use. To address the effectiveness of this in clinical way, a computational
practice was conducted on the force field parameter of GDP and it’s binding mechanism.
The energy profiles of bond strecthing, bending angles, dihedral angles, van-der Waals
and electrostatic interactions of GDP under force field parameter signify the vari:mn
of bond energy with respect to interaction length and bonds in different nature. The
van der Waals and electrostatic interaction between GDP and residues of 1GIT protein
are noted to have negative values. The parabolic curve of bond stretching and bending
angle clarify that the energy become minimum at equilibrium and increases quadratically
upon expansion and contraction of bond length and bond angle. The attractive and
repulsive forces of van der Waals curve are seen to entoff around 6A . Furthermore the
electrostatic curve dies off slowly in quadratic nature but are found harder to predict
with cutoff length. The polar bonds are visualized and measured in angstrom range
between atoms of ligand and amino acid residues of protein. All these parameters gives
idea to explain the binding mechanism fo GDP with 1GIT protein. These analysis are

expected to a possble path for computational drug design mechanism.

Key Words:
Guanosine-5-Diphosphate, CHARMM force field, 1GIT protein, pyMoL, swissparam
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Chapter 1
INTRODUCTION




1 Introduction

1.1 General Background

Force field analysis of drug-protein interactions is a fundamental approach in computa-
tional drug discovery and design. Force fields are mathematical models that describe the
potential energy surface of a molecular system, including the interactions between atoms
and molecules. In drug-protein binding studies, force fields are employed to simulate the
conformational changes, binding affinities, and dynamics of drug molecules interacting

with protein targets.

One common approach to studying drug-protein interactions using force fields is molecu-
lar docking, where the drug molecule is computationally positioned within the protein’s
binding site to predict the most favorable binding orientation and affinity. Force fields
are used to calculahe interaction energies between the drug and protein, including
contributions from van der Waals forces, electrostatic interactions, hydrogen bonding,
and solvation effects. By systematically exploring the conformational space of the drug
molecule and evaluating its interactions with the protein, molecular docking provides
insights into the structural determinants of binding and guides the rational design of

new drugs with improved potency and selectivity.

Molecular dynamies (MD) simulations complement molecular docking by providing a
dynam view of drug-protein interactions over time. In MD simulations, force fields are
used to numerically integrate Newton's equations of motion for all atoms in the system,
allowing the drug molecule and protein to move and interact with each other under the
influence of interatomic forces. Force field parameters govern the behavior of bonded
and non-bonded interactions, enabling the simulation of protein conformational changes,
ligand binding events, and solvent effects. By analyzing the trajectories generated from
MD simulations, researchers can gain insights into the kinetics, thermodynamics, and
structural dynamics of drug-protein interactions, which are essential for understanding

drug binding mechanisms and predicting ligand binding affinities.

Force field analysis of drug-protein interactions continues to advance with the devel-
opment of more accurate and sophisticated force fields and computational techniques.
By combining molecular docking, molecular dynamics simulations, and other computa-
tional methods with state-of-the-art force fields, researchers can systematically explore
the binding properties of drug candidates, predict their biological activities, and guide

the rational design of novel therapeutics for various diseases.




1.2 Guanosine-5-diphosphate

Guanosine diphosphate (GDP) is an ester of pyrophosphoric acid linked with the nucle-
oside guanosine, called a nucleoside diphosphate. The G-proteins are involved in signal
transduction and the composition of GDP are Iaeobase guanosine, pentose sugar ri-
bose, and pyrophosphate group. The validated condensation of the hydroxy group at
the 5 position of gnanosine with pyrophosphoric acid results in a purine ribonucleo-
side 5'-diphosphate, which is conjugate acid of a GDP(2-). It plays a magnificent bit
part as a mouse metabolite, an E’sche?‘i(:a coli metabolite, and an uncoupling protein
restraint. The ITUPAC name of GDP is [(2R, 3S, 4R, 5R)-5-(2-amino-6-oxo-1H-purin-9-
y1)-3,4-dihydroxyoxalan-2-yl| methyl phosphono hydrogen phosphate and its molecular
formula is C o H s N;O 1 Ps.

Figure 1: Stick View of Guanosine -5-diphosphate (GDP) with its Atom Name in
PyMol

For carbohydrates, glycosyltransferases are the main enzymes responsible for the as-
sembly. The synthesis of glycosylphospho-inositol (GPI) anchors, eukaryotic N-glycons
and bacterial cell-surface polysccharides requires GDP-activated sugar, GDP-mannose
(GDP-man) [:m,he biosynthesis of mannosyl donor dolicol phosphate $-D mannnose
(Dol-P-man). The kineties and characteristics of GTPase such as those associated with
G-protein coupled receptors (GPCR) are studied by the usage of GDP. It is used as a sub-
strate of Pyruvate kinase to produce GTP in support of RNA biosynthesis. Guanosine-
5’-diphosphate (GDP) is a nucleotide crucial for diverse cellular processes, serving as
a precursor to guanosine-5-triphosphate (GTP) and playing a central role in signal

transduction and energy transfer. Structurally, GDP comprises a guanine base, a ribose




sugar, and two phosphate groups attached to the 5’ carbon of the ribose. It is a key
participant in the regulation of cellular signaling pathways, acting as a molecular switch
LhI’OllgBthE‘- controlled conversion between GDP and GTP. This conversion is orches-
trated by guanine nucleotide exchange factors (GEFs) and GTPase-activating proteins
(GAPs), influencing the activity of GTP-binding proteins (G proteins). Additionally,
GDP is an energy carrier, with its hydrolysis to GTP releasing energy utilized in cellular
processes. Synthesized from guanosine monophosphate (GMP) and metabolically linked
to GTP, GDP is integral to maintaining cellular homeostasis. In the context of RNA
and DNA, while GDP itself is not part of their structures, its guanine component is
one of the four nitrogenous bases. Understanding the balance between GDP and GTP
concentrations is vital, as dysregulation can contribute to diseases. In research and
drug development, GDP and related nucleotides are subjects of interest, particularly
in studying GTPases and their roles in cellular signaling, offering potential targets for

therapeutic interventions in various biomedical applications[1].
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Figure 2: 2D Stucture of GDP with Hydrogen Atoms and Phosphate ligand[2]




1.3 1GIT Protein

The member of the family of multi-functional proteins that are known to balance the
activity of certain members of Arf (for ADP ribosylation factor) is called GIT (for G-
protein coupled receptor kinase interactomeIT is also called Cat (for cool-associated
tyrosine phosphorylated). 1-GIT is the binding partner for members of a family of

threonine/serine protein kinases which is found in a yeast two-hybrid screen [3].

Figure 3: Publication view of 1GIT Protein with it’s Ligand

e. omnipresent multidomain proteins involved in multiple cellular processes are called
G-protein-coupled receptor (GPCR)-kinase-interacting proteins 1 and 2 (1-GIT AND
2-GIT). The dimensional activation of several signaling molecules is controlled by GITs
which act as scaffolds and play pathogenic roles in Huntington’s disease and HIV infec-
tions. There is 65'@(‘111&11(?& identity and 85% similarity in human 1-GIT and 2-GIT.
The localization of focal complexes at the cell periphery, focal adhesion on the cytoplas-
mic structures and ventral surfaces, and formation of homo and heterodimers is done
by GIT proteins [4].

The 1GIT protein, also known as Glucose-6-phosphate isomerase (GPI)gFlays a cru-
cial role in cellular metabolism, particularly in the glycolytic pathway. It catalyzes the
reversible isomerization of glucose-6-phosphate (G6P) to fructose-6-phosphate (F6P),
a pivotal step in glycolysis and gluconeogenesis. This enzymatic activity allows cells
to regulate glucose metabolism according to energy demands and nutrient availabil-
ity. Beyond its metabolic function, 1GIT has been implicated in various non-metabolic
roles, including cell signaling, immune response modulation, and even as a moonlighting

protein with chaperone-like activities.




Structurally, 1GIT exhibits a TIM barrel fold, a common motif found in many enzymes
catalyzing similar reactions. This barrel-shaped structure provides a stable framework
for the active site, where the substrate binds and undergoes the isomerization reaction.
Moreover, 1GIT's active site contains several conserved amino acid residues critical for
substrate binding and catalysis. Understanding the structural intricacies of 1GIT has
paved the way for designing inhibitors targeting this protein, offering potential thera-
peutic avenues for diseases where glucose metabolism dysregulation plays a significant

role, such as cancer and diabetes.

Research on 1GIT continues to unravel its diverse functions and implications in health
and disease. Beyond its cenical role in glucose metabolism, recent studies have high-
lighted its involvement in various cellular processes, including cell proliferation, differ-
entiation, and apoptosis. Furthermore, aberrant expression or activity of 1GIT has
been associated with pathological conditions, making it a potential target for thera-
peutic interventions. Continued exploration of 1GIT’s multifaceted roles promises to
provide deeper insights into cellular physiology and potentially uncover novel strategies

for managing metabolic disorders and other diseases.

1.4 Protein-Drug Binding Mechanism

The )LE‘-iIl—dI’l.lg binding is defined as the complex formation of a drug with protein.
The protein binding may be divided into intracellular and extraglular binding where
proteins are particularly responsible for such interaction. The weak chemical bonds
such as hydrogen bonds, hydrophobic bonds, ionic bonds, and van der Waal’s forces are
involved under reversible protein-drug binding. The protein-drug binding may be defined
through indirect techniques such as equilibrium dialysis, dynamic dialysis, ultrafiltration,
etc., and direct techniques such as UV-spectroscopy, fluorimetry etc. It gy be affected

by two factors such as drug-related factors and protein-related factors [5].
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Figure 4: Schematic illustrations of the three protein-ligand binding models: (a) Lock-
and-key; (b) Induced fit; and (c¢) Conformational selection[6]

The drug-related factor consists of the physiological characteristics of the drug, the
concentration of the drug in the body, and the affinity of a drug for a particular bind-
ing component site. Enilarlv\g the protein-related factors consist of the physiological
characteristics of the protein or binding component and the number of binding sites
on the binding agents. The displacement geraction is the competition between drugs
for the common binding site which may result in an unexpected rise in free concen-
tration of the displaced drug. The significance of protein-drug binding is as follows:
systematic solubility of drugs, absorption, distribution, displacement interaction and
toxicity, diagnosis, therapy, and drug targeting. The protein-drug binding mechanism is
a multifaceted process fundamental to the efficacy and specificity of pharmaceutical in-
terventions. This intricate interaction involves specific molecular recognition, primarily
at well-defined binding sites on proteins. The binding site’s three-dimensional structure,
shaped by amino acid residues, dictates the binding affinity and selectivity for particu-
lar drugs. Two models, the classical "lock-and-key” and the "induced fit,” describe the
fitting process ]EN&E-I] the drug and its protein target. This interaction is character-
ized by various non-covalent forces, including hydrogen bonding, van der Waals forces,

hydrophobic interactions, and electrostatic forces.




Hydrogen bonds contribute significantly to specificity, creating stabilizing links between
the drug and amino acid residues in the binding site. Electrostatic interactions, includ-
ing salt bridges, also play a role, especially for charged drug molecules. Hydrophobic
interactions, prominent in the binding of lipophilic drugs, involve hydrophobic regions

on the drug interacting with complementary regions on the protein.

Van der Waals forces further stabilize the binding by facilitating the close packing of
drug and protein molecules at the binding interface. Allosteric modulation introduces
an additional layer of complexity, involving ligand binding at sites other than the active

site, inducing conformational changes in the protein.

The kinetics and thermodynamics of protein-drug binding describe the rate of associ-
ation and dissociation and the energetics of the interaction. Various factors, such as
temperature, pH, and ionic strength, can influence the binding affinity. This detailed
understanding of the binding mechanism is instrumental in rational drug design, guiding

efforts to optimize drug candidates for enhanced binding and therapeutic efficacy.

In a clinical context, disruptions or enhancements of protein-drug binding can signifi-
cantly impact drug eflicacy, safety, and potential side effects. The knowledge of bind-
ing mechanisms aids in predicting and understanding drug interactions and potential
off-target effects, contributing to informed decision-making in drug development and
therapeutic applications. Incorporating computational methods, structural biology, and
experimental assays, researchers strive to unravel the complexities of protein-drug in-

teractions, advancing the field of pharmaceutical science and precision medicine[7].

Proteins serve as essential targets for drug action due to their diverse functions in biologi-
cal systems. The mechanism by which drugs bind to proteins is crucial for understanding
their efficacy and potential side effects. The process of protein-drug binding involves
several steps, beginning with the recognition and interaction between the drug molecule

and specific binding sites on the protein surface.

The initial step in protein-drug binmg is molecular recognition, where the drug molecule
encounters the protein and forms non-covalent interactions such as hydrogen bonding,
hydrophobic interactions, electrostatic interactions, and van der Waals forces. These
interactions determine the specificity and affinity of the hinding and are influenced by

the chemical properties of both the drug and the protein.

Once the drug molecule binds to the protein, conformational changes may occur in either
or both molecules to optimize the binding interaction. This induced fit model suggests
that the binding event induces structural changes in the protein or drug, leading to

a more favorable binding configuration. These conformational changes can alter the




protein’s activity or stability and are critical for the drug’s pharmacological effects.

The strength of the protein-drug interaction is characterized by the binding affinity,
which refers to the degree of attraction between the drug and the protein. High bind-
ing affinity ensures tight and long-lasting interactions, increasing the drug’s potency.
Conversely, low binding affinity may result in weaker interactions and decreased drug

efficacy, necessitating higher drug concentrations for therapeutic effects.

The binding kinetics describe the rates of associmm and dissociation between the drug
and the protein. The association rate constant represents the speed at which the drug
binds to the protein, while the dissociation rate constant indicates how quickly the drug
dissociates from the complex. The ratio of these constants, known as the dissociation

constant (KD), quantifies the equilibrium between bound and unbound drugs and de-

termines the strength of the interaction.

Various factors influence protein-drug binding kinetics, including temperature, pH, sol-
vent composition, and the presence of other molecules. Changes in these environmental
conditions can alter the binding affinity and kinetics, affecting the drug’s pharmacoki-
netics and pharmacodynamics in vivo. Understanding these factors is crucial for opti-
mizing drug design and dosage regimens to achieve desired therapeutic outcomes while

minimizing adverse effects.

In summary, protein-drug binding involves molecular recognition, conformational changes,
and non-covalent interactions that determine the specificity, affinity, and kinetics of the
interaction. By elucidating the mechanisms underlying protein-drug binding, researchers

can design more effective and safer drugs for treating various diseases.

1.5 PyMol

The development in internet, hardware, and software technology has launched the free
cross-programmed molecular graphics system which provides the majority of the perfor-
mances and potentiality of traditional molecular graphics packages written in Fortran or
C. Without cost or limitation, a researcher can freely acquire PyMol and then dispense
their derivative tasks because it is available under an entirely open-sou@software li-
cense. The most usual representations for macromolecular structures: ball-and-stick,
dot surfaces, solid surfaces, wire mesh surfaces, backbone ribbons, wire bonds, cylinder
spheres and cartoon ribbons are supported in PyMol. It loads molecules from PDB and
another file format where hydrogen bonding interaction and distances are indicated by

labeling of atoms and dashed bonds. PyMOL stands out as a versatile and user-friendly

9




molecular visualization tool extensively employed in structural biology, biochemistry,
and computational chemistry. Its high-quality graphics and intuitive graphical user in-
terface enable users to interactively explore and manipulate three-dimensional molecular
structures, while its support for various file formats, including PDB and CIF, ensures
seamless loading and visualization of diverse molecular data. PyMOL’s scripting ca-
pabilities, powered by the Python programming language, empower users to automate
tasks, create custom workflows, and generate complex visualizations. Beyond traditional
stick and ball representations, PyMOL offers advanced features such as surface rendering
and the addition of annotations, labels, and measurements for detailed analysis. Widely
used in education for teaching molecular and structural biology, PyMOL also serves as
an effective presentation tool in research settings. Supported by an active user com-
munity, tutorials, forums, and documentation, PyMOL is available in both open-source
and commercial versions, offering flexibility to users. Its integration capabilities with
other computational tools further enhance its utility, solidifying PyMOL as an indispens-
able resource for researchers, educators, and professionals in the field[8]. RING-PyMOL
serves a.PyMOL plugin offering a suite of analytical tools tailored for structural en-
sembles and molecular dynamic simulations. The plugin integrates residue interaction
networks, sourced from the RING software, with structural clustering to enhance the
analysis and visualization of conformational complexity. This amalgamation enables
the precise computation of non-covalent interactions, leveraging PyMOL's capabilities
for the manipulation and visualizaL of protein structures. RING-PyMOL efficiently
identifies and emphasizes correlated contacts and interaction patterns, shedding light on
structural allostery, active sites, and the structural diversity associated with molecular
function. Known for its user-friendly interface and remarkable speed, the plugin swiftly
processes and renders extensive models and lengthy trajectories within seconds. Ad-
ditionally, RING-PyMOL generates interactive plots and output files compatible with
external tools. Significant enhancements have been made to the underlying RING soft-
ware, rendering it 10 times faster, capable of handling mmCIF files, and proficient in

identifying typed interactions, even for nucleic acids.
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Figure 5: Pymol view of 1GIT protein in different styles including sticks, cartoon,wire,
mesh, dots, surface and sphere.

1.6 Open Babel

A set of programming libraries and user applications are used to compose Open Babel
which facilitates file format conversion, 2D or 3D structure generation. It is used to
manipulate the information in molecule titles, and property fields G has a lot trade-
marks to handle multi-molecule ﬁlﬁrmats (such as sdf to mol2). It is freely available
under an open-source license and used as a programming library to operate chemical
data in areas such as drug design, computational chemistry, organic chemistry, material
science, etc. Open Babel is an open-source chemical toolbox that serves as a versa-
tile and powerful resource in the field of cheminformatics. It excels in facilitating the
interconversion of chemical file formats and manipulating chemical data, offering a com-
prehensive solution for researchers and developers engaged in molecular informatics. Key
functionalities include format conversion, allowing seamless transformation between a

wide range of representations such as SMILES, InChI, and SDF, and the manipulation

11




of chemical data for tasks like substructure searching, molecular descriptor computa-
tion, and molecular similarity analyses. The toolkit’s programmatic accessibility makes
it adaptable for custom cheminformatics solutions, enabling developers to integrate its
capabilities into their applications and workflows. Open Babel's command-line interface
further enhances its accessibility, catering to users with diverse programming expertise
for quick format conversions and basic cheminformatics tasks. The toolkit’s community-
driven development ensures continuous updates, compatibility with evolving chemical
informatics standards, and active maintenance. It solidifies its role as an essential and
evolving tool for those involved in computational chemistry and molecular informatics

endeavors [9].

1.7 Swissparam

Swissparam is harmonious with the CHARMM force field which is able to generate,
topologies and parameters, for arbitrary small organic molecules based on Merck. molec-
ular force field. In phannaceuti@I'esearcll: computer-aided drug design (CADD) is
indispensable and is partitioned into two categories: structure-based approaches and
ligand-based approaches which use the mastery retained from familiar bioactive com-
pounds to derive new ones. The docking software EADock DSS and EADock2 use
topologies and parameters generated by Swissparam for docking of small molecules.
SwissParam is a valuable web-based tool designed for the generation of parameters and
topologies essential in molecular dynamics simulations, particularly for small molecules.
Initially released in 2011, SwissParam has evolved to offer a range of new features, includ-
ing the incorporation of data from over 120 sources, notably integrating Google Patents
in[ormatiointo PubChem Patent data. It supports the generation of parameters and
topologies based on the Merck molecular force field (MMFF) and is compatible with the
CHARMM?22/27 and CHARMMS36 force fields. The tool allows the setup of covalent
ligands, and users can import molecules from various file [orens or via a molecular
sketcher. Moreover, SwissParam has been updated to provide information on probable
alternative tautomers and protonation states of a query aolecule; enhancing its utility
for designing potent and selective modulators. The latest version of SwissParam is freely
accessible at www.swissparam.ch and also features a newly implemented command-line
interface, offering a comprehensive solution for researchers and practitioners in compu-

tational chemistry and drug design[10].

Many aspects of drug discovery are now routinely facilitated and expedited by computer-
aided drug design tools. Among these tools, structure-based approaches leverage the

three-dimensional structure of the target biomolecule as a primary source of information.
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When calculating the interactions between small molecules and proteins using molecular
mechanics auations: it is essential to have parameters for topologies, atom typing, and
force field. However, generating parameters for small molecules poses challenges due to
the diverse aemical groups. The SwissParam web tool, initially introduced in 2011, aims
to generate parameters and topologies for small molecules based on the Merck molecular
rce field (MMFF) while being compatible with the CHARMMZ22 /27 force field. This
updated version of SwissParam introduces several new features, including the ability
to set up covalent ligands. Molecules can now be imported from various file formats or
through a molecular sketcher. The MMFF-based approach has heen enhanced to provide
parameters and topologies compatible with the CHARMMS36 force field. An option
has been added to generate small molecule parametrizations following the CHARMM
General Force Field using the multipurpose atom-typer for the CHARMM (MATCH)
approach. Additionally, the updated SwissParam now offers information on probable
alternative tautomers and protonation steazs of the query molecule, enabling users to
consider all relevant microspecies for their compound. The latest version of SwissParam
is freely accessible at www.swissparam.ch and can also be utilized through a newly

implemented command-line interface[11].

1.8 PubChem

The information about chemical substances and their biological activities is provided by
a public repository called PubChem, which is maintained by the National Institutes of
Health (NIH) in the USA. It distributes scientific communication in many areas such
as drug discovery, medicinal chemistry, chemical biology, and cheminformatics so it
has swiftly developed as a key chemical information resource. PubChem is a vigorous
programmatic access that provides its data to RDF to ease data analysis, sharing, and
integration with other databases. Using the Chemical Structure Search tool, it permits
users to carry out various nontextual searches (such as molecular formula search, 2D

and 3D similarity searches, superstructure/substructure search, ete [12].

PubChem (https://pubchem.ncbi.nlm.nih.gov) is a widely utilized chemical information
resource catering to diverse needs. Over the past two years, several enhancements have
been implemented in PubChem. Data from over 120 sources have been incorporated,
with notable developments such as the integration of Google Patents data, significantly
expanding the coverage of PubChem Patent information. New additions include the
Cell Line and Taxonomy data collections, offering convenient access to chemical details
associated with specific cell lines and taxa. The bioassay data model has been updated,

and PubChem’s programmatic access protocols, PUG-REST and PUG-View, now boast
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additional features. These include support for target-centric data downloads mted
to proteins, genes, pathways, cell lines, and taxa, along with the introduction of the
‘standardize’ option in PUG-REST, which returns the standardized form of a given
chemical structure. A substantial update has also been made to PubChemRDF. This
paper provides a comprehensive overview of these recent changes[13].

PubChem, maintained by the National Center for Biotechnology Information (NCBI),
is a comprehensive database of chemical compounds, including their biological activities
and associated information. It is a valuable resource for researchers, educators, and the
general public interested in chemical and biological data. One of PubChem’s primary
objectives is to facilitate the discovery of new drugs and understand their mechanisms

of action by providing access to extensive chemical, biological, and structural data.

The database contains information on millions of chemical substances, including organic
and inorganic compounds, natural produets, drugs, and their associated bioactivities.
Each compound entry in PubChem includes detailed chemical descriptions, such as
molecular structure, formula, weight, and physical properties. Additionally, PubChem
integrates biological screening data, allowing users to explore the compounds’ interac-

tions with biological targets and assess their potential pharmacological effects.

PubChem offers various search and analysis tools to retrieve and analyze chemical and
biological data efliciently. Users can search for compounds by name, chemical struc-
ture, or biological activity, enabling them to identify compounds of interest for further
investigation. Moreover, PubChem provides tools for comparing chemical structures,
predicting properties, and visualizing molecular interactions, empowering researchers
to explore the relationships between chemical structure, biological activity, and drug

efficacy.

Beyond its role as a repository of chemical and biological data, PubChem fosters col-
laboration and data sharing among researchers worldwide. By providing free and open
access to its vast collection of chemical and biological information, PubChem accelerates
drug discovery efforts, promotes scientific innovation, and advances our understanding
of chemical biology and drug development. As a result, PubChem plays a pivotal role

in driving progress in biomedical research and improving public health outcomes.

1.9 Topology and Parameter Files

The whole information needed to convert a list of residue names into a complete protein

structure file (PSF) are contained in topology files. The PSF file can be constructed
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by defining the type, mass and charge of every atom in every residue by topology file.
It helps in the automatic generation of angles and dihedrals for every pair or triple of

connected bonds.

All the numerical constants needed to evaluate forces and energy are contained in param-
eter files into a EF structure file. It is mainly used to generate the PSF file. Different
sets of data for bond length, bond angle, dihedral angles and non-bonded interactions
are included in this files. The parameter file is closely linked with the topology file to
generate the PSF file. In molecular dynamics (MD) simulations, topology and parame-
ter files are pivotal components that dictate the behavior of proteins and ligands within
a computational framework. For proteins, the topology file delineates the connectiv-
ity of atoms and residues, encompassing information on the amino acid sequence and
secondary structure, while the parameter file specifies force field characteristics govern-
ing bond lengths, angles, and non-bonded interactions. Ligand topology files elucidate
chemical structure details, including atom types and bond connectivity, while param-
eter files provide force field parameters for accurate representation during simulations.
Choosing compatible force fields, such as AMBER or CHARMM, for proteins and lig-
ands is essential to avoid mismatches and ensure realistic interactions. Water models,
like TIP3P or SPC/E, require separate topology and parameter files, contributing to the
overall simulation setup’s accuracy. Ultimately, the seamless integration of these files
ensures a comprehensive representation of proteins, ligands, and solvent molecules, en-
hancing the reliability and validity of MD simulations in studying the dynamic behavior

of biomolecular systems[14].

1.10 Objective of Study

The main objectives of our research work are noted as follows:
. visualization of 1GIT protein with its ligand in different modes in pyMoL.

. study energy profiles of CHARMM force field parameters including bonded

and non-bonded terms.
. identification of polar bond interacting amino acid residues

. study the graphical study of energy profiles using mathematica.
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2 Literature Review

In 2001, Sigel, et al., determined the stabilities of the (M; PuNTP)~ ml M(PuNTP)™2
complexes through the potentiometric pf titrations by neglecting the self-association
of purine-nucleoside 5'-triphosphates (PuNTPs) ITP and GTP. The binding site for
metal ion was especially favored for N7 of the guanine residue. Tmapp]jcation of
log K3 punrp — log K3 p,nrp Dlayed a vital role in the increment of percentage of the
macro-chelated isomers in the ﬁ’f(l’ﬁ]ﬂfz‘)_2 and M’(G’Sﬁ“P)_2 system so that the highest
and lowest formation degrees were observed as 97 + 1% and 17 + 1% for Mg(ITP)™®
and Cu(GTP)™* respectively [15].
1

In 2004, t.he crystal structure of a sample of 510 pharmaceutically relevant prnn:in—ligand
complexes were extracted from the Protein Data Bank (PDB) to inspect the quality
of Catalyst's conformational model generation algorithm by Kirchmair, et al.,. The
implemented algorithm showed the high-quality conformers in silico drug research. The
ligands are examined in high energy con[ormatiomu‘l the computing time was analyzed
for different conformational model generations. The fitting qualities of experimental
conformations from the Cambridge Structural Database (CSD) and P]@ were compared
and properties of the same ligands in various proteins were explored. The small organic
ligands were extracted from their respective complexes and stmm in the format of
MDL MOL files by the software LigandScout. This software is a novel program for

visualization and analysis of ligand-protein complexes [16].

In 2[)[)91.1anosi11&5’—(‘1iphosphate (GDP)-L-fucose was studied in the manner of an ac-
tivated form of nucleotide sugar which plays a significant role in a spacious range of
biological funcnns. The supplement of mannose aimed to enhance the GDP-L-fucose
production [01 potentially better carbon source to be transformed into GDP-L-fucose
than glucose. A 1.3-fold increase in GDP-L-fucose corfntration (52:54+0-8mgl™")
was done by the supplement of mannose and glucose in a batch-wise fermentation of
recombinalnE. coli. The control strain overexpressing gmd and wcaG genes g3 com-
pared with a maximum GDP-L-fucose concentration of (70 -3 423 mgl™!). The mass

production of GDP-L-fucose was done by optimization of microbial system [17].

In 2015, Sayer, et al., studied the nucleoside l’)iﬂ—phOS[nlte analogs and their metal-
ion complexes under various physiological functions. The solution symmetry of 2'-
deoxyadenosine-and 2'-deoxyguanosine-3',5-biphosphate, 3 and: d(pNp) as well as
Mg*?/Zn™? binding sites and binding-modes were surveyed. Due to the formation
of inner-sphere in the NDP — Zn*? complex versus outer-sphere coordination in the

Zn*% —d(pNp), the unpredicted value of low logK values of Zn*? — NDP as compared
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to Zn*? — d(pNp) was presumed. The stability of corresponding 1‘@“2 /Zn*? com-
plexes and the acid-base equilibria of the nucleotides were determined in the absence or
presence of M g™ /Zn*? ions by p-titration [18].
1

The catalyzation of t.he cleavage of the carbon-sulfur bond from HBPS (2°-2-sulfinate)
in the final st of microbial PS pathway desulfurization reactions was done by HBPS
in 2017. The accurate molecular mechanics force fields were produced to develop and
validate CHARMM-compatible force field parameters for the HBPS substrate and 2-
hydroxybiphenyl product. The (mmization of charge, angle, bond distances, and tor-
sional parameters were done by using the Force Field Toolkit (fTK) in Visual Molec-
ular Dynamics (VMD). The quantum mechanical calculations were used to estimate
ne optimized geometries. The abilities of optimized parameters were assessed through
molecular simulations of the molecules in implicit and explicit water solutions to re-
state optimized geometries. The dihedral angles for HBP (2-hydroxybiphenyl), HBPS
and BCA (2-biphenyl carboxylic acid) were found as 53.5°, 59.2" and 59.4" by applying
quantum mechanical geometry optimization [19].

In 2019, the trial cure of treatment-induced neuroendocrine prostate cancer (t-NEPC),
also called aggressive subtype of Castration-resistant prostate cancer (CRPC) was done
by the implementation of potent androgen receptor pathway inhibition (ARPI) thera-
pies. About 20% of CRPC cases were found as t-NEPC which was predicted with the
wide app@tion of ARPI therapies. The distinctive event in t-NEPC victims was found
which is RNA splicing of the G-protein-coupled receptor kinase-interacting 1-GIT pro-
tein. The researcher revealed that t-NEPC patient tumors contain both up-regulation of
the 1-GIT-A splice variant expressions. The differential transcriptomers were regulated
by 1-GIT-A and 1-GIT-C in prostate cancer. The study revealed that the neural func-
tion, morphogenesis and environmental sensing via cell-adhesion processes are regulated
by 1-GIT-A protein. The distinct molecular changes were regulated by 1-GIT-A and
1-GIT-C which showed that RNA splicing of 1-GIT is linked with the progression of
NEPC [20].

In 2020, Lamichhane, et al., performed a molecular dynamic sinn.llationa)r the inter-
actions between the inhibitor N3 and MP-LBD residues and investigated the structural
features of a ligand binding domain (LBD) in COVID-19 main protease (MP). The
superimposed G-barrels and flexible a-helices generated the folding aates in MP-N3
complexes and their degrees were signified through the calculation of root mean square
fluctuation (RMSD), the radius of gyration (RG), radial distribution functions (RDF),
etc. The flat RDF peak for the MP-N3 atoms pair was seea[m' GLY143 which was
registered as the highest value of residue velocity. Similarly, the sharp RDF peaks for

three H-binding atom pairs nearly at 2 A the radial distance was seen for GLU166 which
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was registered as the lowest residue velocity. The mean+ SD in RMSDs of N3 and MP
were found as 1-8940-36 A and 1-7340-16 A through 10ns long equilibrations. The
compactness of the system was measured by RG which was obtained as 6- 64 +0-23 A
and 22414+ 0-10 A for N3 and MP respectively [21].

In 2013, Mayne, et al., studied the challenge of quickly and accurately generating param-
eters for new chemical compounds hinders the widespread 1.15“)[ molecular dynamics
simulations in various biological applications, particularly in drug discovery. Despite
the availability of generalized versions of common classical force fields like the General
Amber Force Field and CHARMM General Force Field, several technical challenges
persist, limiting their broad application. This study introduces the Force Field Toolkit
(#TK), which addresses Lheseahallenges by employing algorithm and method develop-
ment, automating repetitive and error-prone tasks, and incorporating a user-friendly
graphical interface. Distributed as a VMD plugin, ffTK streamlines the parameteriza-
tion of ligands, enabling a systematic workflow that produces a comprehensive set of

CHARMM-compatible parameters[22]

In the realm of computer-aided drug design, the computational prediction of thermody-
namic components has baome a commonplace practice. While significant strides have
been made in enhancing the calculation of free energy, the prediction of enthalpy (and
entropy) has not received ample attention. Additanally: there is a scarcity of literature
that comparatively evaluates the performance of different force fields and water models
in crajunction with each other. This study addresses these gaps through a comprehen-
sive assessment of force fields and water models using host-guest systems, which mimic
key features of protein-ligand systems. The use of computationally inexpensive host-

guest systems, owing to their smaller size compared to protein-ligand systems, facilitates

In 2021, Biggin, et al., focuses on absclute enthalpy calculations employing the multi-box

this evaluation.

approach for a set of 25 cucurbit uril-guest pairs. Eight water models (TIP3P, TIP4P,
TIP4P-Ew, SPC, SPC/E, OPC, TIP5P, Bind3P) and five commonly used force fields
(GAFFv1, GAFFv2, CGenFFaParsley: and SwissParam) are considered. The findings
reveal a strong sensitivity of host-guest binding enthalpies to the choice of force field
and water model. Among the water models, TIP3P and its derivative Bind3P emerge
as the best-performing models for this specific host-guest system. Importantly, the
performance tends to be superior for aliphatic compounds compared to aromatic ones,
underscoring the ongoing challenge of accurately incorporating aromaticity into these
simple force fields. This study contributes valuable insights to the literature, shedding
light on the intricate interplay between force fields, water models, and the accurate

prediction of thermodynamic properties in the context of host-guest systems|[23].
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In computer-aided drug design, the routine computational prediction of thermodynamic
components has garnered attention, particularly in calculating free energy. However, the
prediction of enthalpy, and to a lesser extent entropy, remains an area that needs further
exploration. Additiomﬂg there is a notable gap in the literature regarding the com-
parative assessment of different force fields and water models in conjunction with each
other. Taa' paper aims to address these gaps by examining a comprehensive study that
assesses force fields and water models using host-guest systems, mimicking important
aspects of protein-ligand interactions. These host-guest systems are computationally

cost-effective due to their smaller size compared to protein-ligand systems.

In 2020, Sonibaret al., focused on absolute enthalpy calculations, employing a multi-
box approach for a set of 25 cucurbit[7] uril-guest pairs. Eight water models (TIP3P,
TIP4P, TIP4P-Ew, SPC, SPC/E, OPC, TIP5P, Bind3P) and five commonly used force
fields (GAFFvl, GAFFv2, CGenFF, Parsle and SwissParam) are considered. The
results highlight a significant sensitivity (ahost—guest binding enthalpies to the cho-
sen force field and water model. Notably, TIP3P and its derivative Bind3P emerge as
the top-performing water models for this specific host-guest system. Furthermore, the
study reveals that the predictive accuracy is generally better for aliphatic compounds
compared to aromatic ones, emphasizing the ongoing challenge of incorporating aro-
maticity accurately into these simplified force fields. This literature review synthesizes
and presents these findings to contribute valuable insights into the complex relation-
ships between force fields, water models, and the accurate prediction of thermodynamic

properties in the realm of host-guest systems|24].

In 2012, Gay studied to investigate the applicability of molecular dynamics using the
United-Atom approach implemented in the DLPOLY2 software package. The focus was
on elucidating polymer behaviors such as melting point temperature, glass transition
temperature, crystallization, and density. Additionally, the study aimed to evaluate
the impact of factors such as side group length, branching, chemical structure, polymer
length, and temperature on these phenomena. The validated model resulting from
this investigation is intended to serve as a reliable tool for predicting the properties of
polymeric systems. The specific context for applying molecular dynamics simulations

was within the domain of polymers relevant to the running shoe industry[25].

In 2011, Gonzalez, et al., aimed to provide a comprehensive introduction to the field of
Molecular Dynamics (MD) for those who are not experts in the subject. MD simulations
involve creating a trajectory in phase space by numerically solving the classical equations
of motion for a system containing N particles. The review covers fundamental concepts
necessary for understanding MD, outlines key elements for conducting simulations, and

discusses the information that can be derived from them. The exploration begins by
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defining a force field, elucidating the components of a classical force field, detailing the
optimization of potential parameters, and examining popular force fields currently in
use, along with ongoing research to enhance them. The subsequent section introduces
the MD technique, offering a general overview of the primary algorithms employed for
integrating equations of motion, calculating long-range forces, working with different
thermodynamic ensembles, and reducing computational time. Finally, the review briefly

touches upon the main properties that can be computed from an MD trajectory|[26].

Photosystem II constitute.ﬁa sophisticated protein-cofactor apparatus responsible for
catalyzing the splitting of water molecules into molecular oxygen, protons, and elec-
trons. Utilizing all-atom molecular dynamies simulations holds the potential to enhance
our comprehensive understanding of the workings of photosystem II. In 2018, Adam,
et al., conducted dependable simulations at the all-atom level, precise [ora field pa-
rameters for the cofactor molecules are essential. In this study, we provide CHARMM
bonded and non-bonded parameters speci[icallvxaesigned for the iron-containing cofac-
tors found in photosystem II. These cofactors include a six-coordinated heme moiety
with coordination by two histidine groups and a non-heme iron complex coordinated
by bicarbonfa and four histidines. The force field parameters presented in this work
demonstrate water interaction energies and geometries that align well with the quantum

mechanical target data, ensuring the reliability of the simulations[27].

The progressive age-related stiffening and reduced proteolytic digestibility of the extra-
cellular matrix (ECM) are attributed to an increased concentration of advanced gly-
cation end plalufrts (AGEs), particularly within collagen molecules. This stiffening
is considered a significant factor in various age-related diseases like osteoporosis and
cardiovascular disease. However, the specific locations of covalently cross-linked AGE
formation within collagen and their impact on collagen’s physical and biochemical prop-
erties are not well understood. Using molecular dynamics simulations, in 2016, Collier,
et al., identified preferential sites for the formation of two lysine—aainine derived AGEs,
glucosepane and DOGDIC. These identified sites, particularly in close proximity to the
Matrix Metalloproteinase-1 (MMP1) binding site, suggest potential disruption of colla-
gen degradation. Dynamic analysis techniques were employed to e}([ml the site speci-
ficity of these AGE cross-links, and steered molecular dynamics were used to investigate
the mechanical properties of collagen in the presence of these cross-links. Furthermore,
the study explored the influence of the collagen sequence on its mechanical properties
due to its heterogeneous response to applied loads. To enhance understanding, a Homo
sapiens homology model was developed from the stable Rattus norvegic crystal strue-
ture, and a novel simulation technique was implemented to determine the orientations

of collagen molecules within a fibril, which is currently beyond the resolution limit of
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experimental techniques(28].
1
MD Analysis is a Python-based, goject—oriented library designed for the structural and
temporal analysis of molecular dynamics (MD) simulation trajectories and individual
protein structures. The library incorporates some performance-critical code in C to op-
timize its functionality. Leveraging the robust NumPy package, MD Analysis efficiently
exposes trajectory data as NumPy arrays, ensuring swift and effective data manipu-
lation. It has undergone Lnting on systems comprising millions of particles and offers
compatibility with various simulation packages, including CHARMM, Gromacs, Amber,
and NAMD, as well as the Protein Data Bank format for both reading and writing. MD-
Analysis supports atom selection using a sntax reminiscent of CHARMM’s powerful
selection commands. This library caters to both novice and experienced programmers,
enabling them to quickly develop their analytical tools and access trajectory data for
Leractive and explorative analysis. MDAnalysis has demonstrated compatibility with
most Unix-based platforms, such as Linux and Mac OS X[29].
1
In 2020, Fan, et al., utilized four distinct grce field parametrizations: standard OPLS-
AA with transferable charges, OPLS-AA with non-transferable CM1A charges, and
CHARMM. To validate ocﬂnol parameters for OPLS-AA, GAFF, and CHARMM, the
researcher compared their density as a function of temperature with experimental val-
ues. The partition coefficients were determined from solvation-free energy calculations
for the compounds in water, pure octanol ("dry”), or octanol with 27 mol water dissolved
("wet”). Solvation-free energies were computed using thermodynamic integration (TT)
and the Multistate Bennett Acceptane Ratio (MBAR) with uncorrelated samples gen-
erated through a protocol involving 5-ns windowed alchemical free energy perturbation
(FEP) calculations using the Gromacs molecular dynamics package.
1
A new measure of g)n\rergence, based on the analysis of forward and time-reversed tra-
jectories, was introduced to nLi[‘y the equilibration of FEP simulation sets by Fan, et
al., in 2020. The accuracy of logPow predictions was assessed using descriptive statistical
easures such as the root mean square error (RMSE) compared to experimental values.
Discarding the initial 1 ns of each 5-ns window as an equilibration phase significantly
improved the RMSE for GAFF data by up to 0.8 log units, while the impact on other
datasets varied. CGenFF demonstrated the best prediction overallchieving an RMSE
of 1.2 log units for eight molecules. However, it is noteworthy that the current CGenFF
workflow for Gromacs does not generate files for certain halogen-containing compounds.
Across all eleven compounds, GAFF yielded an RMSE of 1.5. T]iIl(.‘ll.lSiOIl of a mixed
water /octanol solvent had a nuanced effect, slightly decreasing accuracy for CGenFF
and GAFF, and slightly increasing it for OPLS-AA. Notably, GAFF and OPLS-AA

results exhibited a systematic error with molecules appearing excessively hydrophobic,
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whereas CGenFF displayed a more balanced performance,; at least within this limited

dataset[30)].

TLRT and TLRS, essential components of the Toll-like receptor family, play pivotal roles
in innate immunity signaling pathways, rendering them attractive targets for therapeu-
tic intervention in various diseases, including infections and cancer. Despite the high
sequence homology between TLR7 and TLRS, their distinct responses to small molecule
binding have n'nered significant interest. To unravel the mechanisms behind the selec-
tive behavior of small molecule modulators targeting TLR7 and TLRS, mnecular dy-
namic simulations were conducted on three imidazoquinoline derivatives—Resiquimod
(R), Hybrid-2 (H), and Gardiquimod (G)—each acting as selective agonists for TLRT
and TLR8. Analysis of the MD trajectories revealed that, in the TLR7-R and TLR7-G
complexes, the chains forming the TLRT dimer tended to maintain an "open” confor-
mation, whereas other systems retained a closed [01'111(n Conformational deviations in
the agonists R, H, and G were primarily observed in the aliphatic tail. Furthermore,
the study aimed to quantify the selectivity between TLR7 and TLRS8 through binding
free energies using the MM-GBSA method. The results indicated that the three se-
lected modulatns exhibited greater favorability for TLR7 over TLRE, with the order of
strength being H, R, and G, aligning well with experimental data. In TLR7, the flexible
and hydrophobic aliphatic side chain of H displayed stronger van der Waals interactions
with Vin and F351, in contrast to TLRS8, where it only interacted with Y353. As ex-
pected, the positively charged side chain of G exhibited less favorable interactions with
1585 of TLR7 and V573 of TLIRR8, explaining its weak agonistic e[Iens on both receptors.
All three imidazoquinoline derivatives demonstrated the ability to form stable hydrogen
bonds with D555 of TLR7 and the corresponding D543 of TLRS. In summary, the com-
prehensive 400ns MD studies shed light on potential selectivity mechanisms of agonists
towards TLR7 and TLRS, highlighting van der Waals interactions as the driving force
r agonist binding by Wang, et al., in 2022. This insight provides valuable information
for designing more potent and selective modulators that align with the hydrophobic

nature of the binding pocket[31].

The cyclin-dependent kinases 4/6 (CDK4/6) play a pivotal role in regulating the cell cy-
cle, and their aberrant activity can result in uncontrolled cell proliferation, contributing
to cancer development. While three CDK4/6 inhibitorsgliave received FDA approval,
their use is associated with various side effects. Hence, ﬁ;m is a need to design and
develop new CDK4/6 inhibitors with enhanced potency and safety. In 2023, Singh,
et al., employed an integrated in-silico approach coupled with steered molecular dy-
namics (SMD) simulations to identify promising molecules for the development of novel

CDK4/6 inhibitors. Among thirty-two 3-methyleneisoindolin-1-one molecules, the re-
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searcher identified M18, M24, and M32 as top candidates based on their interaction
energies. Through extensive 250 ns molecular dynamics simulations and thermody-
namic free energy assessments, M24 emerged as the most promising molecule compared
to palbociclib. In SMD, M24 exhibited a higher external pulling force requirement
for dissociation from the CDK4 binding pocket compared to palbociclib. The elevated
pulling force for M24 suggests a stronger binding affinity with CDK4, positioning M24

as a potential lead structure for the development of effective CDK4 inhibitors[32].
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3 Methodology

3.1 CHARMM Force Field

CHARMM (Chemistry at Havard Macro Molecular Mechanics) is a general, flexible,
highly versatile, and widely used molecular simulation program that applies classical
and quantum mechanical energy functions for molecular systems. This field includes
parameters for proteins, lipids, nucleic acids, carbohydrates, virus membrane protein,
and macro-molecular assembles. From the experimental work and high-level quantum
mechanical solution, the sources of force field functions and parameters are derived. The
estimation of energy within the errar is really very correlated with the experimental data.
This is the beauty of the force field concept used in macromolecules and makes life much
easier and computable. However, this field is insignificant in areas like condensed phase
studies such as drug-protein interactions and high dielectric medinum. The main demerit
of this force field is that it is unable to cover large and vast chemical spaces covered by

drug-like molecules to prepare the design of utility.

The functional form and parameter sets are used to describe the potential energy of a
system of atoms. It is the negative gradient of a scalar potential and potential energy
surface function iﬂlemistry.The CHARMM potential energy function is used to evalu-
ate net potential energy U(r), where r denotes the cartesian co-ordinate of the system,

which is expressed as,

me[ = br‘.r"u!,er‘.r;ui + {jeu'te:ruui

where Usnierna includes bonded terl (covalently linked atoms) and is called intramolec-
ular potential energy and U.pserna includes non-bonded terms (long-range electrostatic

and van der Waals forces) which is also ealled intermolecular potential energy.

Uinternat = > kot —a0)*+ Y ka(B—B0)* + > kall +cos(na—3) (1)
bonds bond angles dihedrals

EIE‘-I'E‘-: T is 1d length, z, is equilibrium bond length, 3 is actual bond angle, G, is

equilibrium bongngle: «v is torsional angle, k, is bonding force constant, &, is bending

force constant, ¢ is phase angle in cosine series and n is dihedral multiplicity. The average

interaction of each of the bonded atoms is found from crystallographic data within such

a minimum error and depicted as =, and 5;. The values like k., k., and ks are defined
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Figure 6: Parameters of CHARMM Force Field including bond stretching, angle bend-
ing, bond torsion, Lennard-Jones potential and electrostatic potential [33]

from the knowledge already known from the spectroscopy and other experiments.

Similarly, U.iserna 18 the sum of electrostatic Coulomb potential and Lennard Jones

potential (van der Waals interaction) which is expressed as,

12 6
Tiy Tij i
{-';rf';r ernal — de;; — — + ity 2
o 2 ( o [(ﬂ'j) ('v”fj dmers; ®

nonbonded atom pairs

where ¢; and g; are the partial atomic charge of atom ¢ and j respectively, ¢;; is the well
depth, ;; is the radius in the Lennard-Jones 6-12 terms used to treat the van der Waals
interaction and r;; is the distance between ¢ and j atoms [34].

The CHARMM (Chemistry at Harvard Macromolecular Mechanics) force field is a
wicm used computational method for simulating the structure and dynamics of biologi-
cal macromolecules, such as proteins, nucleic acids, lipids, and carbohydrates. Developed
by Martin Karplus and his colleagues at Harvard University, CHARMM represents one of

the most established and extensively validated force fields in computational biophysics.
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It incorporates empirical parameters derived from experimental data to describe the

interactions between atoms and accurately predict the behavior of biomolecular systems

The CHARMM force field encompasses parameters for bond lengths, bond angles, di-

at the atomic level.

hedral angles, and non-bonded interactions, including van der Waals forces and electro-
static interactions. These parameters are derived from quantum mechanical calculations,
experimental data, and statistical analyses of molecular structures and dynamics. By
accounting for both bonded and non-bonded interactions, CHARMM provides a com-
prehensive description of the forces governing the behavior of biomolecules in various
environments, such as aqueous solutions, lipid membranes, and protein-ligand com-

plexes.

One of the key strengths of the CHARMM force field is its versatility and applicability
to a wide range of biomolecular systems. It has been extensively optimized and val-
idated for simulating diverse biological macromolecules, from small peptides to large
protein complexes and nucleic acid assemblies. Additionally, CHARMM is compatible
with various molecular dynamics simulation software packages, allowing researchers to

perform simulations using different computational platforms and methodologies.

Over the years, the CHARMM force field has undergone several revisions and updates
to improve its accuracy and predictive power. These updates often involve refining
parameter sets, incorporating new experimental data, and addressing limitations iden-
tified through benchmarking studies and empirical observations. As a result, the latest
versions of the CHARMM force field, such as CHARMM36 and CHARMM22*, offer
improved performance and reliability for simulating complex biomolecular systems and

exploring their structure-function relationships.

In conclusion, the CHARMM force field represents a robust and versatile computational
tool for studying the structure, dynamics, and interactions of biological macromolecules.
Its empirical parameters, derived from experimental data and theoretical calculations,
enable accurate simulations of biomolecular systems across different scales and com-
plexities. By providing insights into the atomic-level details of biomolecular behavior,
CHARMM contributes to our understanding of fundamental biological processes and
informs drug discovery, protein engineering, and other biomedical applications.

28




3.2 Protein-Binding Kinetics

Let us consider “A” represents the drug and “B" represents the protein. For reversible

protein-drug binding, the law of mass action is applied as follows:

A+ B=AB
At equilibrium,
- [‘AB]
K, =
[Al[B]
[AB] = K,[A][B

where, [A] = active mass of free protein, [B] = active mass of free drug, [AB]= active

mass of free-drug complex and K,= association rate constant.

If “Ar” represents the net concentration of protein present, unbound and bound, then

Ar = [AB] + (4]

If “2” represents the number of moles of drug bound to total moles of protein, then

_AB
A

o AB

T [AB[+[A)
K.[A)[B]
T KJAB+ [
_ x50

T RB 1

€L

The above equation is applicable when there is only one binding site on the protein [35].

Protein-drug kinetics refers to the study of the rates and mechanisms by which drugs
interact with proteins in biological systems. Understanding these kinetics is crucial for
elucidating drug action, optimizing dosage regimens, and predicting therapeutic out-
comes. The kinetics of protein-drug interactions involve several key processes, including
drug binding, dissociation, and the formation of drug-protein complexes, which are in-
fluenced by factors such as drug concentration, protein structure, and environmental

conditions.

The kinetics of protein-drug binding are typically described by mathematical models,

such as the binding equation derived from the law of mass action. This equation quan-
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tifies the rate of association between the drug and protein, governed by the association
rate constant (kon), which represents the speed at which the drug binds to the protein’s
binding site. Conversely, the dissociation rate constant (koff) characterizes the rate at

which the drug-protein complex dissociates, releasing the drug back into solution.

The equilibrium between drug binding and dissociation is described by the dissociation
constant (KD), which represents the ratio of the dissociation and association rate con-
stants. A lower KD value indicates tighter binding and higher affinity between the drug
and protein, while a higher KD value suggests weaker binding and lower affinity. The
kinetics of protein-drug binding can be influenced by various factors, including temper-
ature, pH, solvent composition, and the presence of other molecules, which may alter

the drug’s binding affinity and kinetics in vivo.

@reover: the kinetics of protein-drug interactions play a critical role in determining
the drug’s pharmacokinetics, including its absorption, distribution, metabolism, and
excretion (ADME). For instance, drugs with rapid association kinetics may exhibit faster
onset of action, while those with slow dissociation kinetics may have prolonged effects.
Additionally, the kinetics of protein-drug binding can impact the drug’s bioavailability,

tissue distribution, and clearance rates, affecting its efficacy and safety profiles in vivo.

In summary, protein-drug kinetics encompass the dynamic processes of drug binding,
dissociation, and complex formation, which are essential for understanding drug ac-
tion and pharmacokinetics. By elucidating the mechanisms underlying these kinetics,
researchers can optimize drug design, dosage regimens, and therapeutic strategies to en-
hance drug efficacy and minimize adverse effects. Moreover, advances in computational
modeling and experimental techniques continue to improve our ability to characterize

and predict protein-drug kinetics, facilitating drug discovery and development efforts.

3.3 Computational Approach

Our computational work is entirely based upon the installation and working of pyMoL-
1.20 and Wolfram Mathematica softwares. The installed pyMoL will provide us all
the essential tools for setting up, running and analyzing 1GIT protein interaction with
ligand GDP. The generation of a complete system using pyMoL, wolfram mathematica
for charmm force field and binding mechanism starting from their protein structure files

to the analysis of the results are shown in flowcharts (1) and (2).
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3.3.1 CHARMM Force Field Parameter of GDP
The systematic analyzing process for bond length, bond angle, dihedral angle, Lennard-
Jones potential and electrostatic interactions of atoms of ligand GDP are studied by

plotting their corresponding energy profile diagrams which is shown in Figure (7).

Download GDP from PDB

]

Prepare GDP molecule
extracting from zip file

J
Y
Generate .mol2 file from .sdf _ | Assign initial parameter using
using obabel = Swissparam
J
1]

Stream file containing
topology, parameters and

penalties .str file
Non-bonded parameters Bonded parameters

¥

a) Bond length optimization
b) Bond angle optimization
c) dihedral optimization

| J
L]

Potential energy versus distance
and angle plot using mathematica

a) Lenndard-Jones Optimization
b) Coulomb Optimization

Figure 7: Flow chart showing the steps followed for force field analysis of GDP

3.3.2 Binding Mechanism of 1GIT Protein with GDP

The stepwise process using pyMoL tool for the perfect visualization of different structure
of 1GIT protein, GDP, their amino acids, polar bonds between atoms of GDP and amino

acids of protein and the bond length measurement in angstrom range are shown in figure

(8).
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Download 1GIT protein from PDB

View structure, sequence in
PyMol I

View ligand

Information on protein ligand
interaction

\

View polar (hydrogen bond)
interaction

y

Measure hydgrogen bond length
in the range of 4 Aand 8 A

Figure 8: Flow chart showing the steps followed for binding mechanism of GDP with
1GIT protein
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Chapter 4

RESULT AND DISCUSSION
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4 Result and Discussion

4.1 Bond Length Energy

In CHARMM force fields, bond length energy represents the energy associated with
stretching or compressing chemical bonds between atoms. These force fields employ
harmonic potentials to model bond stretching, assuming that the bond behaves like
a simple spring with a characteristic equilibrium length. When atoms are separated
beyond or compressed closer than this equilibrium distance, the bond length energy
increases, reflecting the 1'esismce to bond distortion. The parameters defining bond
length energy in CHARMM force fields are derived from experimental data, quantum
mechanical calculations, and empirical fitting to reproduce the observed bond lengths

in various molecular systems accurately.

The accuracy of bond length energy parameters in CHARMM force fields is crucial for
capturing the structural and dynamic properties of biomolecules in molecular simula-
tions. Deviations from the correct bond lengths can lead to distorted molecular geome-
tries and inaccurate representations of molecular interactions and energetics. Therefore,
extensive validation against experimental data and benchmarking studies is essential to
ensure that CHARMDM force fields accurately reproduce bond lengths and capture the
correct balance of forces governing bond stretching in diverse biological macromolecules

and chemical environments.

Table 4.1: Parameters for Bond Length Interactions

S.N. Atom Name K, Equilibrium Bond Length (x)
(keal/mole/A 2) (A)
1 C=0 NC=C 439.714 1.370
2 N=C Ch 478.144 1.351
3 C=0 N=C 725.204 1.290

We used the CHARMM force field to describe the time evolution of bond lengths, bond
angles, torsional angles, van der Waals, and electrostatic interactions. The different
kinds of force field methods consist of various numbers of terms in the expansion using
Taylor series expansion. The higher expansions such as cubic and quartic are neglected
due to the incorrect behavior with complicated results at large bond lengths. Initially
using Hook's law, when the bond is stretched, it becomes a spring. The bond energy

became low (nefByo zero) at the equilibrium distances such as 1.37A, 1.351A and 1.29A
for atom pairs C=0, NC=C and N=C, C5 and C=0, N=C respectively. The C=0,
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Figure 9: Energy Profiles for Bond Energy versus Bond Length

N=C curve was found bending more inside due to the higher value of force constant
in comparison to other atom pairs. The bond energy was seen increased either we
increasing or decreasing the bond lengh (x) because the squared term (z — x()? makes
the energy positive. The bond energy went quadratically when stretched or compressed
the bond. The bond terms were modeled as harmonic oscillators (no bond cleavage).
The Morse potential is guessed to be used for long bond length in terms of energyv as it
has a kind of flattened out. For long bond lengths, the force becomes so small that the
optimization will be slow. The parabolic curve was observed in energy profiles of bond

energy versus bond length as shown in Figure (9).

4.2 Bond Angle Energy

Bond angle energy in CHARMM force fields represents the energy associated with the
bending or stretching of chemical bonds in a molecule. Just like bond length energy, the
bond angle energy is also described using harmonic potentials, assuming that bond an-
gles behave like springs with characteristic equilibrium angles. When the angle between
bonded atoms deviates from this equilibrium value, the bond angle energy increases,
reflecting the resistance to bond angle distortion. The parameters defining bond angle
energy in CHARMNM force fields are derived from experimental data, quantum mechan-
ical calculations, and empirical fitting to accurately reproduce the observed bond angles

in various molecular systems.

The accurate representation of bond angle energy in CHARMM force fields is crucial
for maintaining the structural integrity and stability of biomolecular systems in molec-
ular simulations. Incorrect parameters for bond angle energy can lead to distortions in
molecular geometries and inaccurate descriptions of molecular conformations and inter-
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actions. Therefore, thorough validation against experimental data and benchmarking
studies is essential to ensure that CHARMM force fields properly capture the energetics
of bond angle bending and stretching across a wide range of molecular systems and

environmental conditions.

In addition to accurately representing bond angle energy, CHARMM force fields often
incorporate terms to account for the anharmonicity of bond angle potentials. These an-
harmonic terms allow for deviations from idealized harmonic behavior, particularly at
large bond angles where the assumption of linearity breaks down. By including anhar-
monic contributions, CHARMM force fields can more accurately describe the flexibility
and conformational dynamics of biomolecules, providing a more realistic representation

of their behavior in molecular simulations.

Table 4.2: Parameters for Bond Angles Interactions Used in This Work

Force Constant Equilibrium Bond Angle

S.NN. Atoms
(kg) (Bo)
(kcal /mole/deg?) (deg)
1 ChH CH NbHM 83.408 111.900
2 N=C 5 N&HM 62.106 129.501
3 OR CR CR 71.390 108.133
E(kcal/mol)
1x108
800000 — C5-C5-N5M
600000 <e--e-- N=C-C5-N5M

400000 —— OR-CR-CR

200000 |

50 100 150 200

Bl(degree)

Figure 10: Energy Profiles for Bond Energy versus Bond Angles

The bond angle energy is a three-body problem that was treated very similarly to bond
length energy because in this case energy was also seen to increase quadratically with
the displacement of the bond angle from the equilibrium bond angle. The bond energy
was seen increased either we increasing or decreasing the bond angle () because the
squared term (3— ;)% makes the energy positive. In this case, also, the higher expansion
terms of Taylor series expansion were also neglected due to the incorrect behavior with
complicated results at large bond angles. The parabolic curve was seen in the energy

profiles of bond energy versus bond angles as shown in Figure (10). The variation of
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bond energy with compression or expansion of bond angles was expected to depend
upon the value of the force constant and the identities of three chosen atoms. The
bond energy became low (near to zero) at the equilibrium bond angle 111.900°,129.501°
and 108.133° for C5-C5-N5M, N=C-C5-N5M and OR-CR-CR atom pairs respectively.
The parabolic curve was seen to go up and up at large angles beyond equilibrium bond

angles.

4.3 Dihedrals

In CHARMM force fields, the dihedral angle energy accounts for the torsional rotation
around covalent bonds in a molecule. This energy term describes the resistance to bond
rotation and is modeled using a combination of Fourier series potentials. The dihedral
angle energy depends on the torsional angle between four consecutive atoms, and its
functional form includes terms representing the periodicity of the energy barrier, phase
shifts, and amplitude coefficients. These parameters are optimized to accurately repro-

duce the potential energy surface and capture the energetics of molecular conformations.

An accurate representation of dihedral angle energy is crucial for describing the confor-
mational flexibility and dynamics of biomolecules in molecular simulations. Incorrect
parameters for dihedral angle potentials can lead to inaccuracies in predicting molecular
conformations and transitions between different states. Therefore, extensive valida-
tion against experimental data, quantum mechanical calculations, and conformational
analyses of biomolecular structures is performed to refine and optimize the parameters

defining dihedral angle energy in CHARMM force fields.

In addition to the harmonic terms describing the torsional energy profile, CHARMM
force fields often incorporate additional terms to account for non-bonded interactions
between atoms involved in dihedral angles. These additional terms help to capture the
steric effects and electrostatic interactions that influence the energetics of molecular
conformations. By including these contributions, CHARMM force fields can provide
a more comprehensive description of the energy landscape governing dihedral angle
rotations, improving the accuracy and reliability of molecular simulations for studying

biomolecular structure and dynamics.
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Table 4.3: Parameters for Dihedral Angles Interactions

Multi-

. Bending Force . . Phase
S.N. Atoms (Dihedrals) Constant (ko) pl(l;:ll)ty Angle (8)
(keal /mol) (deg)
1 NM C=0 Ch N5HM 1.250 2 180
2 Cs N=C C=0 NC=C 0.900 2 180
3 N5M G5 N5M CR 1.800 2 180

E(kcal/mol)
3.5
3.0
25 ——— NM-C=0-C5-N5M
b3 1 VA A A VA I (A I (A C5-N=C-C=0-NC=C
15 N5M-C5-N5M-CR

1.0

0.5

i
" PR

s a(degree)

Figure 11: Energy Profiles for Dihedral Energy versus Dihedral Angles

The steric and electrostatic non-bonded interaction between two atoms (NM and N5M)
connected through an intermediate bond say (C=0 and C5) was expected L(E captured
by torsional energy. The torsional angle went far from equilibrium so that the torsional
potential is not expanded as Taylor series. The small perturbation was done around some
preferred angle at 180", The energy was not seen as negative even though we frequently
chopp it off at about three terms n equals 3 as the maximum. The nao showed that
there occur n maxima and minima within certain limits of angle. The Fourier series was
implemented in the formula of torsional energy due to the reason that torsion can freely
rotate in molecules unless there exists a double bond or other molecules. The periodic
function having an oscillatory nature i.e. sinusoidal curve was seen in the energy profile

diagram of dihedral energy versus dihedral angle which is shown in the figure (11).
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4.4 Lennard-Jones Potential

Lennard-Jones potentials are fundamental components of force fields used in molecular
modeling, including CHARMM force fields. These potentials describe the non-bonded
interactions between pairs of atoms and are based on the intermolecular forces arising
from van der Waals interactions. The Lem@l—Jones potential is characterized by two
parameters: the van der Waals radius and the depth of the potential energy well. The

parameter represents the distance at which the potential energy between two atoms is

zero, while represents the energy minimum of the potential energy curve.

In CHARMM force fields, Lennard-Jones potentials are employed to model hoth steric
repulsion and dispersion interactions between atoms. The repulsive term of the Lennard-
Jones potential, which arises from the Pauli exclusion principle, prevents atomic overlap
and accounts for the steric hindrance between atoms. Conversely, the attractive term,
governed by the dispersion forces, describes the van der Waals attraction between atoms
at distances beyond their van der Waals radii. By balancing these repulsive and attrac-
tive interactions, Lennard-Jones potentials accurately capture the intermolecular forces

that influence the spatial arrangement and packing of atoms in molecular systems.

The parameters defining Lennard-Jones potentials in CHARMM force fields are typi-
cally optimized to reproduce experimental data and quantum mechanical calculations of
intermolecular interactions. These parameters are specific to different atom types and
are adjusted to account for variations in atomic size and electronegativity. Additionally,
CHARMM force fields often include modification terms to account for lon@ange elec-
trostatic interactions, such as the use of Coulombic potentials or explicit treatment of
electrostatic forces using particle mesh Ewald (PME) or other methods. By incorporat-
ing Lennard-Jones potentials with optimized parameters, CHARMM force fields provide
an accurate description of non-bonded interactions in molecular simulations, enabling

the study of biomolecular structure, dynamics, and interactions with high fidelity.

Table 4.4: Parameters for Lennard-Jones (van der Waals) Interactions Used in This
Work

Radius in Lennard Jones

S.N. Atom/Group  Well Depth (e;;) (o))
ij

(kcal /mol) (A)
1 NM -0.200 1.850
2 OR -0.152 1.770
3 02CM -0.120 1.700
1 HCMM -0.022 1.320
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Figure 12: Energy Profiles for Lennard-Jones Energy versus Distance

The attractive and repulsive forces aare seen cutoff to each other at lowest energy —0.2
keal/mol, —0.1521 keal /mol, —0.12 keal /mol, and —0.022 keal /mol for NM, OR, O2CM
and HCMM atom pairs respectively. The short, intermediate, and long-range energies
were seen through the interaction between electron clouds around two non-bonded atoms
which are strongly repulsive, attractive, and go to zero respectively. The two close atoms
collided and became repulsive. At short distances, the van der Waals curve was rised
away too fast so it was assumed to going to prevent the molecule from getting as close
as it might be in reality. The intermediate attraction became attractive in the 4A range.
The long-range interaction appeared to be zero because the atoms were too far apart to
interact. The attraction curve was seen to be proportional to rl[ at intermediate to long
ranges. The van der Waals terms were speeded up substantially by a more economic
expression called Lennard-Jones potential. From figure (12), it was observed that the
van der Waals terms die off relatively quickly i.e. inversely proportional to wi‘J and seen

as cutoff around 6A

4.5 Coulombs Potential

In CHARMM force fields, Coulomb potentials play a crucial role in describing electro-
static interactions between charged atoms or groups within a molecular system. These
potentials are based on Coulomb’s law, which describes the force between two charged
particles as inversely proportional to the square of the distance between them. The
Coulomb potential energy between two point charges is calculated as the product of
their charges divided by the distance between them, with an additional term to account

for the dielectric constant of the surrounding medium.

CHARDMM force fields typically use Coulomb potentials to model electrostatic interac-
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tions between charged atoms, such as those in ionic bonds or polar covalent bonds. The
parameters defining Coulomb potentials include the charges on atoms or groups and the
dielectric constant of the solvent environment. These parameters are often derived from
quantum mechanical calculations, experimental data, or empirical fitting to reproduce

the observed behavior of charged species in various molecular systems.

In addition to modeling electrostatic interactions between charged atoms, CHARMM
force fields may incorporate modification terms to account for the long-range nature of
electrostatic forces. One common approach is the use of cutoff distances or switching
functions to approximate the decay of electrostatic interactions with distance. Alterna-
tively, explicit treatment of long-range electrostatic interactions can be achieved using
methods such as particle mesh Ewald (PME), which efficiently computes the electro-
static potential over large spatial scales. By accurately describing Coulomb potentials
and their long-range effects, CHARMM force fields provide a realistic representation of
electrostatic interactions in molecular simulations, contributing to our understanding of

biomolecular structure, dynamics, and function.

Table 4.5: Parameters for Electrostatic Interactions Used in This Work

Con-
Charge Charge Dielectric
S.N. Atom 1 Atom 2 stant
(@) (C)  (q;) (C) Constant (e) (K)
1 C6 Ch 0.423 0.202 ) 332
2 Ch N3 0.202 -0.588 ) 332
3 cr o’ 0.723 0.280 5 332
4 Ch N7 0.202 -1.050 ) 332
E(kcal/mol)
50 -
— C6«C5
C5xN3
: : ; r(A)
0.5 1.0 1.5 2.0 — C1'+C2"
— ——
— C5xN7
-50}
-100+

Figure 13: Energy Profiles for Electrostatic Energy versus Distance

The electrostatic interaction between two atoms (C6 and C5), (C5 and N3) ,(C1’ and
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(‘-2’) and (C5 and N7) were calculated using coulomb law which were seen only falling as
o . The number of non-bonded electrostatic interactions between two atoms in protein
grew quadratically with their molecular size. It was observed that the electrostatic curve
dies off slower i.e. inversely proportional to r;;, although sometimes faster in practice,
and were much harder to treat with cutoff distance. A sharp discontinuity was seen
between atoms inside and outside due to the large cutoff radius. The electrostatic curve
was seen not falling so rapidly in contrast to the van der Waals curve. The slowly falling
quadrative curve was seen in the energy profile of electrostatic energy versus distance

between two non-bonded atoms which is shown in figure (13).

4.6 Protein-Ligand Interactions at 4A
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Figure 14: Amino acids residue of 1git protein forming polar bonds with the ligand at

4A

The pyMol tool was used for 1GIT protein interaction with GDP ligand.

The non-

interacting amino acids and water molecules were removed from 1GIT protein to get
perfect visualization of hydrogen (polar) bonds. We were able to visualize polar interac-

tions under 4A. The amino acids that are not attached with hydrogen bonds were termed
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as non-polar interactions. The ionic and van der Waals interactions were not observed in
pyMol view. The yellow dotted lines were found which are GDP ligand interactions with
1GIT protein residues called polar bonds. The measured lengths such as 2.8A, 3.4A,
3.2A, 4.0A, ete. were polar bonds between the amino acid residue of protein and GDP
ligand. The GDP was designed as a non-standard amino acid and THR-177, ARG-178,
ARG-176, SER-151, THR-327, THR-48, SER-47, ALA-326, CYS-326, GLY-45, LYS-46,

GLU-43 were designed as standard amino acids as shown in figure (14).

4.7 Protein-Ligand Interactions at 8A
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Figure 15: Amino acids residue of 1git protein forming polar bonds with the ligand at

8A

The same process that was implemented for the protein-ligand interaction at 4A was
also applied for 8A visualization. In comparison to 4A, there occurred a large number
of hydrogen bonds in the 8A range. We removed the non-standard amino acids such as
HOH and PO4 and only considered GDP as a protein ligand for the perfect visualization
of polar bonds. The highlighted dotted yellow lines were GDP ligand interactions with
1GIT protein residue. The measured lengths such as 5.2A, 4.2A, 6.4A, 5.9A, etc. were
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polar bonds between the amino acid residue of protein and GDP ligand. The amino
acids such as ALA-203, ASN-76, SER-47, ASN-149, LEU-148, CYS-325, LEU-268, etc.

were designed as standard amino acids as shown in figure (15).
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Chapter 5
CONCLUSION




5 Conclusion

The force field parameters of GDP and its binding mechanism were examined and studied
by using Wolfram Mathematica and the pyMoL tool. The CHARMM force field was used
efficiently and accurately for the calculations to attack problems in molecular structure.
The various data used in drawing the energy profiles of this force field components are
shown in the appendix table. The 1GIT protein containing ligand was downloaded
from the PDB bank and visualized in the pyMoL tool. The different measurements and

analyses of this research work are concluded as follows.

. The 1GIT protein was visualized in the pyMoL tool in stereo mode such as

wires, sticks, spheres, surfaces, mesh, dots, ribbon, and cartoon form.

. The bond energy was found minimum at equilibrium bond length and found

to increase quadratically when we increase or decrease the bond length.

. The bond energy was found minimum at the equilibrium bond angle and

rose quadratically when we increased or decreased the bond angle.

. The bond energy was found to vary sinusoidally with n maxima and minima

depending upon the value of dihedral angles.

. The short, intermediate, and long-range Lennard-Jones interaction energies

were found strongly repulsive, attractive, and go to zero respectively.
. The Lennard-Jones curves were found to be cut off around 6A.

. The electrostatic curves were seen falling slowly in quadratic nature and were

found harder to predict with cutoff distance.

. The polar (hydrogen) bonds were observed hetween atoms of GDP and amino
acid residues of protein and measured in 4Aand 8A range using the pyMoL

tool.

5.1 Future Work

In this research work, the force field analysis of GDP and its polar binding with amino
acid residue has been conducted computationally. In the spirit of this topic, future works

may be like these:

. Researcher may continue the force field analysis of different ligands associated

with respective proteins.

. The binding of macromolecule into the binding site of a ligand and its binding

affinity may be estimated for structure-based drug design.

46




The new compounds may be generated by exploring the knowledge of binding

pocket and electrostatic properties.

The modern computational drug design shall be carried out by using py-
MoL as homology, macromolecular analysis, protein-ligand docking, phar-

macophore modeling, etc.
More research and innovation related to computational modeling, specifi-
cally virtual screening can be performed to discover effective drugs so that

the governmental and non-governmental institutions can support and make

policy for contribution in science and technology.
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Appendix

Table A.1: Parameters for Bond Length Interactions Used in This Work

S.N. Atom Name K, Equilibrium Bond Length (x)
1 PO4 OR 377.319 1.63
2 PO4 02CM 597.032 1.51
3 CR CR 306.432 1.508
4 CR HCMM  342.991 1.093
5 CR OR 363.214 1.418
6 OR HOR 560.905 0.972
7 CR NbHM 302.258 1.5
8 NM Cc=0 544.641 1.322
9 OR HOCO 532.766 0.981
10 C=0 NC=C 439.714 1.37
11 C=0 N=C 725.204 1.29
12 NC=C HNCO 473.25 1.018
13 N=C C5H 478.144 1.351
14 Ch Ch 401.068 1.374
15 Ch C=0 410.567 1.413
16 C=0 0=C 931.963 1.222
17 Ch NBHM 491.098 1.345
18 C5 HCMM  396.246 1.08
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Table A.2: Parameters for Bond Angles Interactions Used in This Work

Force Constant Equilibrium Bond

S.N. Atoms (ks) Angle (5)
1 C=0 NM C=0 94.851 106.821
2 NM C=0 N=C 71.966 120

3 NM C=0 NC=C 71.966 120
4 N=C C=0 NC=C 60.739 128.078
5 C=0 N=C ChH 95.211 106.641
6 N=C Ch ChH 62.106 129.501
7 N=C Ch N5HM 62.106 129.501
8 Ch Ch Nb5HM 83.408 111.9
9 C5 Ch C=0 59.516 125.468
10 C=0 Ch N5HM 59.516 125.468
11 NM C=0 ChH 71.966 120
12 NM C=0 0=C 81.249 129.349
13 C5 C=0 0=C 68.727 132.047
14 Ch N5M ChH 88.878 109.421
15 NHM C5 N5M 89.597 113.179
16 N5HM Ch HCMM 42.028 123.407
17 Ch N5M CR 42.028 123.407
18 OR PO4 02CM 108.02 109.688
19 OR PO4 OR 127.307 09.311
20 02CM PO4 0O2CM 89.813 122.857
21 OR CR CR 71.39 108.133
22 OR CR HCMM 56.205 108.577
23 CR CR HCMM 45.77 110.549
24 HCMM CR HCMM 37.134 108.836
25 PO4 OR CR 78.802 115.581
26 CR CR CR 61.243 109.608
27 CR OR CR 86.143 106.926
28 CR OR HOR 57.069 106.503
29 N5HM CR OR 71.966 109.5
30 NHM CR CR 71.966 109.5
31 NHM CR HCMM 71.966 109.5
32 PO4 OR HOCO 43.683 118.533
33 C=0 NC=C HNCO 50.376 114.808
34 HNCO NC=C HNCO 40.301 109.16
35 PO4 OR PO4 55.917 129.375




Table A.3: Parameters for Dihedral Angles Interactions Used in This Work

. Multi-
S.N.  Atoms (Dihedrals) %‘Z‘:}‘l‘tﬁfz’;cﬁ pl(i;:li)ty AE;T?E)
1 NM C=0 N=C (5 8 2 180
2 NM (=0 NC=C HNCO 1.95 2 180
3 NM C=0 C5 C5 1.25 2 180
4 NM C=0 C5 N5M 1.25 2 180
5 =0 NM (=0 (5 1.8 2 180
6 C=0 NM (=0 O0=C 1.8 2 180
7 C=0 N=C C5 5 0.9 2 180
8 (0=0 N=C C5 N5M 0.9 2 180
9 N=C C=0 NM (=0 1.8 2 180
10 N=C (=0 NC=C HNCO 0.748 1 0
11 N=C (=0 NC=C HNCO 2.184 2 180
12 N=C (=0 NC=C HNCO 0.208 3 0
13 N=C G C5 C=0 0 1 0
14 N=C €5 C5 N5M 0 1 0
15 N=C C5 N5M G5 0 1 0
16 N=C C5 N5M CR 0 1 0
17 5 N=C C=0 NC=C 0.9 2 180
18 O  C=0 0=C 1.25 2 180
19 ¢ G5 N5M G5 1.8 2 180
20 C5 N5M  C5  NB5M 1.8 2 180
21  C5 N5M  C5  HOMM 1.8 2 180
22 5 N5M CR  OR 0 1 0
23 C5 N5M  CR  CR 0 1 0
24  C5 N5M CR  HOMM 0 1 0
25 C5 C5 N5M  CR 1.8 2 180
26 C=0 NM (=0 NC=C 1.8 2 180
27 C=0 C5 C5 N5M 0 1 0
28 C=0 C5 N5M (5 0 1 0
20 NsM  C5  C5  N5M 3.5 2 180
30 NsM G5 C=0 O=C 1.25 2 180
31 NsM C5 N5M  CR 1.8 2 180
32 NsM CR OR CR 0.1 3 0
33 NsM CR CR CR 0.15 3 0
3@ NsM CR CR  OR 0.15 3 0
35 NSM CR CR HOMM 0.15 3 0
3 PO4{ OR CR CR 0.1 3 0
37 PO4 OR CR HCMM 0.03 3 0
33 PO4 OR PO4 OR 0.325 3 0
39 PO4 OR PO4 020M 0.325 3 0
40 CR OR PO4 020M 0.603 1 0
41 CR OR PO4 020M 0.457 2 180
42 CR OR PO4 020M 0.306 3 0
43 CR OR PO4 OR 0.389 3 0




46

76

8
79

CR CR

CR CR
CR CR
CR CR
CR CR
CR CR
CR CR
CR CR
CR CR
CR CR
CR CR
CR CR
OR CR
OR CR
OR CR
OR CR
OR CR
OR CR
CR OR
CR OR
CR OR
CR CR
CR CR
CR  N5M

02CM PO4
02CM PO4
02CM PO4
OR PO4
OR PO4
OR PO4
HCMM CR
HCMM CR
HCMM CR
HCMM CR
HCMM CR
HCMM CR

OR
OR
OR
CR
CR
CR
CR
CR
CR
CR
CR
CR
CR
CR
CR
CR
CR
CR
CR
CR
CR
OR
OR
Ch
OR
OR
OR
OR
OR
OR
CR
CR
CR
OR
OR
OR

CR
CR
CR
OR
OR
OR
CR
CR
CR
HCMM
HCMM
HCMM
OR
OR
OR
HCMM
HCMM
HCMM
HCMM
HCMM
HCMM
HOR
HOR
HCMM
HOCO
HOCO
HOCO
HOCO
HOCO
HOCO
HCMM
HCMM
HCMM
HOR
HOR
HOR

-0.341
0.378
0.378

-0.344
0.879
0.238
0.051
0.341
0.166

0.32

-0.315
0.132
0.204
0.699

0.48
-0.327
0.536
0.14
0.285
0.16
0.285
0.135
0.118
1.8

-2.946

-1.666
0.145

-1.605

-3.811
0.532
0.142

-0.693
0.157
0.298

-0.138
0.173

b =

[ R O N B =~ B e T S B G S B

b = L2

SIS S R

b =

[ N

b = L2

Lo

0
180

0
180

0
180

0
180

0
180

0
180

0
180

180
0
180
0
180

0
180

0
180

0
180




Table A.4: Parameters for Lennard-Jones (van der Waals) Interactions Used in This

Work
‘Well Depth Radius in Lennard
S.N. Atom/Group (e:) Jones (o)
1 NM -0.2 1.85
2 C=0 -0.11 2
3 N=C -0.2 1.85
4 Ch -0.05 2.04
5 N5HM -0.2 1.85
6 PO4 -0.585 2.15
7 OR -0.1521 1.77
8 02CM -0.12 1.7
9 NC=C -0.2 1.85
10 HCMM -0.022 1.32
11 HOR -0.046 0.2245
12 HOCO -0.046 0.2245
13 HNCO -0.046 0.2245
Table A.5: Parameters for Electrostatic Interactions Used in This Work
SN. Atoms Charge Dielectric s(izz;;
(a:s q;) Constant (e,)
(K)
1 N1 NM -0.56 5 332
2 C2 C=0 0.28 5 332
3 N3 N=C -0.588 5 332
4 C4 Ch 0.413 5 332
5 Ch Ch 0.202 5 332
6 C6 C=0 0.423 5 332
7 N7 N5M -1.05 5 332
8 C8 C5 0.4 5 332
9 N9 N5M -1.493 5 332
10 PA PO4 1.4424 5 332
11 PB PO4 1.4424 5 332
12 C5’ CR 0.28 5 332
13 05’ OR -0.5512 5 332
14 Cc4’ CR 0.28 5 332
15 o4 OR -0.56 5 332
16 c3¥ CR 0.28 5 332
17 03’ OR -0.68 5 332
18 c? CR 0.28 5 332
19 02’ OR -0.68 5 332
20 Cr CR 0.723 5 332
21 O1A 02CM -0.95 5 332
22 01B OR -0.7712 5 332
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