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ABSTRACT

The vertices, which are also known as nodes or points, and the edges, which are responsible for connect-
ing the vertices to one another, are the two primary components that make up a graph. Graph theory is
the mathematical study of graphs, which are structures that are used to depict relations between items by
making use of a pairwise relationship between them. Graphs can be thought of as a visual representation
of a mathematical equation. The principles of graph theory will be covered in this chapter.

INTRODUCTION

A graph is a useful tool for visually representing any type of physical scenario with distinct objects and
some sort of connection between those objects. Many problems are easy to state and have natural visual
representations. Nowadays, there are a wide range of applications of graph theory in real life. such as
designing a family tree, a computer network, the flow of computation, data organization, finding the
shortest path on aroad, designing circuit connections, parsing a language tree, constructing the molecular
structure, social networking, representing molecular structures, and many more. The publication written
by Euler in 1736, in which he solved the Konigsberg bridge problem, is considered to be the birth year
of graph theory (Deo, 2017). The importance of graphs in graph neural networks (GNNs) cannot be
overstated. Graphs are the fundamental data structure that GNNs operate on and enable the representa-
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tion of complex relationships and dependencies between entities. In many real-world applications such
as social networks, recommender systems, drug discovery, and traffic flow prediction, the data can be
naturally represented as graphs. Graphs provide a flexible and powerful framework for modeling such
data and capturing the dependencies between entities (Ray, 2013). GNNs leverage the graph structure
to learn meaningful representations of nodes and edges by propagating information across the graph.
They use techniques such as message passing and graph convolutions to iteratively aggregate information
from neighboring nodes and update node representations. Moreover, graphs provide a natural way to
model inductive transfer learning, where the learned representations from one graph can be transferred
to another graph with a similar structure. This is particularly useful in domains such as drug discovery
and recommender systems, where the graph structure is similar across different datasets. The importance
of graphs in GNNss lies in their ability to model complex relationships and dependencies between enti-
ties, their flexibility in representing different types of data, and their usefulness for inductive transfer
learning (Zhou et al., 2020).

A graph may be used to represent a variety of different objects, including social media networks
and molecules. Consider the nodes to be the users, and the edges to be the connections. Figure 1 is an
example of what a graph for social media may look like:

Figure 1. A sample graph for social media
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