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Abstract

Bio-computing plays a key role in macromolecular research
and has created a chief impact in evaluating the sequencing and structure
of the protein. Protein-ligand interaction at atomic resolution enables
the design of small-molecule drugs for disease treatment. Here we present
the analysis of different SARS Cov proteins that shortly interacted with
NAG (N-Acetylglucosamine). Amino acids interact preferentially with
ligands that are close in space and are represented graphically. In the
above study, most of the data from the PDB indicate that the amino acid
Arginine easily binds with the ligand NAG at a distance of around 3 AU.
The structure of various protein IDs were visualized and their bond
lengths are calculated using Python programming. Using the
visualization tool, we clearly get to know that the protein IDs of Sars
CoV favors 90% of Beta turn structure. The above analysis is beneficial
for computation in addition to experimental biologists in field of drug

designing.
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The function ofa protein is dependent

on its interaction with other molecules®’. One
of the most important modes of protein
function is the protein-ligand interaction. A wide
range of applications for structure-based drug
design has been made possible by the binding
of proteins to small molecules (known as
ligands)®. Interactions between proteins and
ligands play a major role in many biological
processes *. Protein function can be regulated
by ligand binding. The most effective way to
study interactions is to solve complex structures

using X-ray or nuclear magnetic resonance
techniques'>?. It is extremely difficult or
impossible to determine the structure of some
large proteins and membrane proteins using
traditional techniques*®!>. Experiments are
often time-consuming and expensive, and
many computational attempts have been made
to facilitate the study of protein-ligand
interactions”!®1%2628 ' A cheaper alternative to
solving the structure is to locate the binding
sites based on theory®!!"'423! The number
of protein sequences available today is
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increasing, but the data is not being analysed®.
Recently, computational methods have been
used to investigate the atomic-level functions
of proteins'. However, a structured approach
has certain drawbacks. Sequence-based
methods have been developed to overcome
this problem, which has led to many novel
predictions of protein-ligand interactions. Nag
is a prominent member of the carbohydrate
group, especially a monosaccharide and it plays
a vital role in structural processes and it
maintains human health?. In bacteria it forms
the peptidoglycan that lines the cell wall and
in plants it forms the chitin that lines the cell
wall?%. Cells of animals also contain glycosa-
minoglycans in their extracellular matrix'”?!,
Additionally, it regulates the expression of
genes and cell signalling in bacteria and fungi.
Nag is also used for cell signaling in plants
and animals?. As a result of the attachment
of OGIcNAc to the protein Nag acts as a
sensor for nutrition. NAG has been proven to
be efficacious in the treatment of autoimmune
diseases. In humans, NAG signaling allows
bacteria, fungi, and human cells to coexist
successfully'®. This paper presents a simple
approach for predicting the NAG binding
residues in viral proteins.

Data collection :

In the current study, we used crysta-
llographic data from the Protein Data Bank of
Brookhaven National Laboratory to analyse
viral proteins®”!°. Proteins selected for this
study were nonhomologous, and their structures,
as well as their interactions with NAG, were
determined at a high level of resolution. In this
work, viral proteins were used with similarities
between 30% (1508) and 90% (1050), their

differences (458) being taken into account. All
data sets with repeat protein sequences were
removed, and the remaining IDs with ligand-
interacting proteins were retained. Once the
protein has been selected, a Python program
is built with a range less than 13 A° to determine
the bond length>'3. It will show the outcomes
of amino acids that shortly interacted with the
ligand NAG. After the amino acids have been
separated from the results , the data is subjected
to statistical analysis®. The frequency of
occurrence of amino acid singlets and triplets
is calculated using the formula for every 458
proteins.

No of counts in particular AA

P(X)_Total No of aminoacid in proteins

In this approach, we used the values
for the frequency of occurrence of singlet and
triplet as expected count and observed count.
The chi-square value for AA singlet and triplet
in a given structural element is calculated using
the formula®?,

o _ {Observed —Expected ¥
- Expected

X

Ifthe chi-square is positive, it indicates
the preferred choice, and if it is negative, it
indicates a non-preferred choice. Using this
formula, we may be able to find the residue
that preferentially binds to the NAG. Also, we
may be able to find the AA that is in the non-
preferential zone. Here, 15 proteins were
chosen at random and the work was done
similarly for all influenza proteins. With
visualisation tool, the shortest distances
between amino acids that interact with NAG
are visualized. In addition, RasMol is used to
analyze the structures of amino acids that
interact with each other’.
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Flow Chart :
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The results were retrieved using the program
and are represented graphically (Fig. 1).

Graphical representation of the Chi-square
test of various protein IDs with NAG as a
ligand:

The above graphical analysis categorises
Chi-square values into four categories: -1,
which indicates that amino acids are not in
range, and above 0.5, which indicates that
amino acids are interacting with NAG. Finally,
-0.5 denotes the non-preferred region, while
1.5 and higher denote the highly preferred
region of amino acids. From graphical
representation we might able to conclude
Arginine is the most common residue found to
bind with NAG, followed by Phenylalanine,
Glutamic acid, Aspartic acid and Asparagine
whereas residues like Alanine, Cysteine,
Histidine, Methionine and Valine are not
preferred.
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Fig. 1. Interactions of amino acids with the ligand NAG in the preferential and non-preferential regions.



(1240)

Interactions and structure of aminoacid with ligand using Ras Mol :
(Figs 2 & 3)

Figure 2 & 3 Depicts the interactions and structure of 7TOU

The above figure represents the binding portion of amino acid residue with NAG and

the structure of protein.

To understand the process of NAG,
we need to know which amino acid residues
interact with Nag. We have developed a Python
program to find the binding residue. Python
was chosen due to its widespread use and wide
range of applications in biosciences and this
method is simple and time consuming, it only
requires a protein sequence. We can perform
and analyse many sequences simultaneously
without prior knowledge of structural information.
The main conclusion is that the residues of
the NAG binding site are highly conserved and
NAG is bound to the beta turn structure.

I would like to thank my professor
Arul Mugilan for his guidance.
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