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Abstract

In this paper we describe several methods for obtaining node features. They can also be grouped based
on structure-based features, which again, do not require degrees, such as the simplest one, and which
count edges, clusters, and triangles, as well as significance features like node degree and various
centrality measures. A generalization that counts additional structures in which a particular node of
interest participates is the Graphlet Degree Vector (GDV).
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1. Introduction

This paper discusses conventional approaches to machine learning in graphs [3]. Specifically, we're
going to look into the various job levels that we can include in the graph. We can focus on the node-
level prediction jobs in particular, and the link-level or edge-level prediction tasks that take into account
pairs of nodes and attempt to forecast whether the pair is connected or not. Additionally, we may con-
sider making predictions at the graph level, or for the complete graph. For instance, for a whole mole-
cule or for a whole piece of code.

The focus of the conventional machine learning process is on creating appropriate features [19]. We'll
focus on two different kinds of characteristics. We will presume that nodes already have a variety of
properties attached to them. As a result, for instance, in a protein interaction network, proteins have di-
verse chemical structures and properties [17]. We can think of these as attributes that are tied to the net-
work’s nodes.

At the same time, we also want to be able to add new features that explain where this specific node is
located in relation to other nodes in the network and the local network structure it is part of. We can
create more precise predictions thanks to these extra attributes that define the topology of the network in
the graph. As a result, we must always consider two different kinds of features: structural features [10]
and features that describe the characteristics and traits of the nodes.

The objective of what we want to do is therefore particularly focused on structural features [10] that will
describe the structure of a link in the network'’s broader context, the neighborhood of a given node of in-
terest in the network, as well as features that will describe the structure of the entire graph, in order to
feed these features into machine learning models that will use them to make predictions.

In traditional machine learning pipelines [20], we have two steps. We will take our data points, nodes,
linkages, and whole graphs in the first stage and represent them with feature vectors. And then, on top of
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that, we'll train a model or classifier [4] using traditional machine learning, like a random forest, support
vector machine, feed-forward neural network, or anything similar. So that we may utilize this model
whenever a new node, link, or graph occurs in the future. We can gather its characteristics, and we can
predict. So this is the overall environment in which we will function.

We're going to concentrate, as | said, on feature design [18], where we'll employ efficient features on
graphs to get strong predictive performance because you want to be able to capture the network'’s rela-
tional structure [21]. And conventional machine learning pipelines make use of manually created fea-
tures. These customized qualities will be the focus of the discussion today. Additionally, the talk will be
divided into three parts. Before moving on to discuss features that can describe a pair of nodes, we will
first discuss features that describe individual nodes and can be used for node-level prediction [7]. You
can think of these as features that can describe a pair of nodes for link-level prediction. In addition, we'll
discuss features and methodologies that characterize the topology structure of complete graphs, allowing
for the comparison and classification of various graphs. For the sake of simplicity, we'll concentrate on
undirected graphs [12].

The objective is to determine how to anticipate a set of items of interest when our feature vector is a d-
dimensional vector due to design considerations. The things that we are interested in are edges, sets of
nodes, and nodes themselves, i.e., full graphs. And the goal function that we'll be considering is, what
labels are we attempting to predict? The best way to think of this is to imagine a network as a collection
of vertices, edges, and nodes.

This paper consists of seven sections. In Section two we introduce node degree which is a feature or
characteristic which tries to capture the structure of the graph. In the next three sections we discuss
centrality measurements. In Section three we discusseigenvector centrality, while betweenness centrality
is given in Section four. Then proximity centrality is illustrated in Section five. Small, induced
subgraphs of a big network known as "graphlets” are said to exist at any frequency. An induced sub-
graph is one in which, after choosing the nodes in the major network, you also choose all the edges
connecting them.Graphlets are discussed in Section six. Finally, we give our conclusion in Section
seven.

2. Node features

We want to learn a function that, for instance, will provide us with a real valued forecast for each node.
This function would be useful, for instance, if we were attempting to predict the edges of each node in
our social network. How can we learn this function f that will make these predictions? Therefore, we
will start by discussing node-level tasks and attributes that identify certain nodes.

The way we're thinking about this is that we're thinking about it in a situation known as a semi-
supervised case, in which we're given a network and a few nodes that have been labelled with various
colors and our objective is to predict the colors of uncolored nodes. And we want to color the grey nodes
given the red and green nodes. Imagine that you have such a graph.

Further, you can create a rule that red nodes must have exactly one edge linked to them, whereas green
nodes must have at least two edges immediately adjacent to them. We will be able to learn the model
that, in this simple scenario, correctly colors the nodes of the graph if we can now represent the node
degree of each node as a structural feature in this graph.

Thus, we require characteristics that will characterize this specific topological pattern. Therefore, the
objective is to describe the structure of the network around a specific node as well as, in a sense, the
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node's position within the larger network context. And we're going to discuss four different strategies
that let us accomplish this. The degree of the node can always be used to characterize the network struc-
ture around the node. Next, we may consider the significance and position of the node using the concept
of node centrality measures [13]. Then, we'll discuss defining the local network structure [23]. What
kind of structure does the node around a specific node have in addition to how many edges it has? The
clustering coefficient will be discussed first, and then this will be applied generally to the idea of graph-
lets.

Let's start by discussing the node degree [22]. It is a very helpful characteristic that is crucial. Basically,
we will state that we capture the network node’s structure by counting the number of edges it has. Addi-
tionally, this has the disadvantage of treating all of the neighbors similarly. However, nodes with the
same degree are indistinguishable even if they are located in different areas of the network.

Figure 1: Predictions for nodes in graph.
kB =2

For instance, the nodes C and E share the same degree, making it impossible for our classifier to tell
them apart. Or perhaps nodes A, H, E, F, and G are all degree one nodes. As a result, they will all have
the same feature value, which means that our basic machine learning model, which just takes into ac-
count the node degree as a feature, will only be able to predict the same value for all of these various
nodes because they all have the same degree.

We can then begin to think about how node degree only counts the node's neighbors, without capturing,
say, their importance or who they truly are. This very basic idea can then be generalized a little. There-
fore, the node centrality metrics aim to, um, represent or characterize this idea of the node’s significance
in the graph. And there are numerous ways in which we might model or express this idea of importance.

3. Eigenvector Centrality

I'll quickly introduce the Eigenvector Centrality [15] concept. I'm going to discuss both closeness cen-
trality, which attempts to measure how near the network's center a given node is, and centrality, which
tells us how significant a conduit a given node is as a connector. There are, of course, several more indi-
cators of centrality or significance. Let's start by explaining what an eigenvector centrality is. When
node v is surrounded by other significant nearby nodes u, we say that node v is equally important.

The concept is that we simply add the importance of a given node's neighbors in the network, norma-
lized divided by 1 over Lambda, for a particular node, v, see Equation (1). The concept is that my per-
sonal importance increases in direct proportion to the importance of my friends. And if you look at this
equation and write it down, you can write it in terms of a straightforward matrix equation where, essen-
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tially, Lambda is this positive constant that functions as a normalizing factor, c is the vector of our cen-
trality measures, A is now the graph adjacency matrix, and c is once more that vector of centrality meas-
ures.

€y =7 Z Cy Ac=Ac
nEN(D) + A: Adjacency matrix
A is some positive A,=1ifu e N®)
constant + ¢: Centrality vector (1)

And if you write this in this kind of forum, you'll find that it's a straightforward equation involving an
eigenvector and an eigenvalue.

Consequently, this means that the supplied eigenvalue and the corresponding eigenvector are what solve
this problem and its associated equation, respectively. And the eigenvector linked to the biggest eigenva-
lue is what is used to measure the centrality of nodes. Due to the Perron-Frobenius theorem [1] and the
fact that we believe the graph to be undirected, the biggest eigenvalue in this instance, if it exists, is
Lambda max and is always positive and unique.

The related leading eigenvector ¢ max is then typically employed as a centrality score for the network's
nodes. Again, it makes sense that a node's importance is equal to the normalized sum of the importance
of the nodes it links to. Therefore, it is not how many connections you have but rather who those
connections point to and how significant those individuals are. Therefore, this is the idea of nodes'
centrality as it is represented by the eigenvector of centrality.

4. Betweenness centrality

Betweenness centrality [6] is a new kind of centrality that captures a different feature of the position of
the nodes in the network and has a totally different intuition. According to betweenness centrality, a
node is significant if it is situated along many of the shortest routes between other pairs of nodes. The
concept is that a node has significant relevance if it acts as an essential link, bridge, or type of transit
hub. In order to calculate betweenness centrality, we must first state that the betweenness centrality of a
given node Vv is the sum across pairs of nodes, s and t. The number of shortest pathways that pass via the
node v between s and t is then counted, and that number is normalized by the overall number of shortest
paths of the same length that connect s and t.

Figure 2: Betweenness centrality.
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In essence, a given node is more significant the more shorter paths it appears on. Therefore, it indicates
that this evaluates how effective a node is as a connecting or transit point. The centrality of these nodes
that are on the on the edge of the network, like A, B, and E, is zero, see Figure 2.

But because the shortest path from A to B passes via C, the shortest path from A to D also passes
through C, and the shortest path between A and E also passes through C, the betweenness centrality of
node C equals three. Given that these are the three shortest routes via node C, it has a centrality of three.
The node D's betweenness centrality will be the same, equaling three, according to a similar logic. Here
are the related shortest routes that actually pass through this node D, between various pairs of nodes.

5. Proximity centrality

The third sort of centrality, known as proximity centrality [14], again captures a different component of
the position of the node after we discussed how significant a transportation hub a given node is captured
by betweenness centrality. According to the idea of centrality relevance, a node is significant if its short-
est path lengths to all other nodes in the network are short. In other words, the closer to the center you
are, the shorter your path to everyone else is, and therefore, the more significant you are.

We operationalize this by saying that the proximity centrality of a particular node v is one over the sum
of the shortest paths between the node of interest three and all other nodes in the network, see Equation

(2).

__ #(edges among neighboring nodes)

€ [0,1]

i (%) (2)

The principle behind this, well, is that the more in the middle you are, the smaller the sum will be.
Therefore, one over a small number will be a large number.

Furthermore, betweenness centrality will be low because the sum of the shortest path lengths will be
high if someone is, example, very far from the center of the network and needs many long paths to reach
other nodes. For instance, you know, the closest centrality of node A (see Figure 2) equals 1/8 because it
has the shortest path of length two to node B, the shortest path of length one to node C, the shortest path
of length two to node D, and the shortest path of length three to node E, so it's 1/8, see Equation (3).

a=1/(2+1+2+3)=1/8

(A-C-B, A-C, A-C-D, A-C-D-E) 3)

As an illustration, the node D, which is a little more in the middle of the network, has shortest pathways
of length 2 to node A and length 1 to every other node, see Equation (4).

p=1/2+1+1+1)=1/5
(D-C-A, D-B, D-C, D-E) )

Therefore, since this is one over five, its betweenness centrality—is higher. And now I'm going to
change the subject slightly. In my previous sentence, | discussed centralities in terms of how significant
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a node's position in a network is. We will now begin to discuss and reflect on the node degree and the
local structure surrounding the node.

And when | say local structure, | really mean that for a particular node, we just consider the pros, cons
and characterize the attributes of the network in and around it. The clustering coefficient is a traditional
metric of this. Additionally, the clustering coefficients gauge the degree of ties between neighbors. How
interconnected node V's friends are. And to describe this, we'll state that the clustering coefficient [8] of a
node, v, is equal to the product of the number of edges between v's neighbors, divided by the degree of
v, in this case, 2, see Equation 2.

In other words, this number- this is k choose 2 — indicates how many pairings you can choose from
among k different things. In other words, how many node pairings are there in your neighborhood? How
many possible edges exist in your neighborhood's network? -"How many edges truly exist," among other
things. Thus, this metric falls naturally between zero and one, where one would indicate that all of your
friends are also friends with one another and zero would indicate that none of your connections or
friends are acquainted with one another.

Figure 3:e, = 1, see Equation 2.

So, let me give you an example. Imagine a basic five-node network where the node labelled v in this
case, is the node of interest, see Figure 3. As an illustration, node v in this instance has a clustering value
of one because all four of its buddies are linked to one another. Thus, clustering is one in this instance.

Figure 4:e, = 0.5, see Equation 2.

For instance, the clustering in this specific instance is 0.5, see Figure 4. The reason for this is that only
three of the six possible connections between the four nodes that make up node Vv's neighbours are really
in place.

Figure 5:e, = 0, see Equation 2.

IJFMR22061301 Volume 4, Issue 6, November-December 2022 6




m International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: WwWw.iffmr.com e Email: editor@ijfmr.com

The clustering in this example is zero (see Figure 5), in contrast to the last one, where all four of node v's
neighbors are not related to one another. The intriguing finding that prompts us to extend this idea from
the clustering coefficient to the concept of graphlets is that the clustering coefficient essentially counts
the number of triangles in a node's ego-network. Let me now elaborate on what |1 mean by that. First off,
the ego-network of a specific node is just a network that is created by that node and its surrounding
nodes. In essence, a degree 1 neighborhood network is present surrounding a particular node.

What do | mean by "counts of triangles"? By this, | mean that I can now count how many triples of
nodes are connected if | have this ego-network of a node. The clustering coefficient of this node is 0.5
(see Figure 4) in this specific use case, which indicates that | can discover three triangles in the network,
neighborhood, and ego-network of my node of interest, see Figures 6, 7 and 8. As a result, the clustering
coefficient is actually counting these triangles, which are crucial in social networks when I am friends
with someone who is a friend of a friend.

Figure 6: 1st triangle out of 6 node triplet from Figure 4.

Figure 7: 2nd triangle out of 6 node triplet from Figure 4.

.

Figure 8: 3rd triangle out of 6 node triplet from Figure 4.

Social networks [2] naturally develop by triangle closing, wherein the intuition is that if two people have
friends in common, then more often than not, these two friends will be introduced by this node v and a
link will form. As a result, social networks frequently exhibit the "many triangles syndrome," and the
clustering coefficient is a crucial indicator. Now that we know this, the question is if we can apply the
idea of triangle accounting to other, more intriguing topologies and count the number of pre-specified
graphs that are located close to a given node. And the idea of a graphlet precisely captures this.
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6. Graphlets

The final method of characterizing the network's structure around a specific node is to use this idea of
graphlets [16], which reduces them to nothing more than a triangle count. Counts are of additional types
of structures that are nearby the node. So, allow me to explain. Thus, a graphlet is a non-isomorphic,
linked, rooted subgraph. What exactly do | mean by that? Here are several examples of all conceivable
graphlets, each of which begins with a graphlet on two nodes and has a variety of node counts. In es-
sence, it consists of nodes connected by edges.

Figure 9: 2, 3, 4 and 5-node graphlets.

2-node 3-node graphlets 4-node graphlets

AL R A

5-node graphlets
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The next query is how many graphs similar to this do you take part in, see Figure 9. Or, you can occupy
this other, second-from-the-left position, which essentially asks how many friend pairs you have. Then,
since there is only one possible position in the case of a triangle because all of these positions are equiv-
alent and isomorphic, you can be in this position. Similarly, if you look at the four node graphlets, you'll
see that there are many more of them. Once more, you have two spots on a chain that has four nodes.

If you travel from the other end, it is simply symmetric; you are either in the edge or one-one away from
the edge. You have a choice of two positions in the second star graphlet: either the top on the star's peri-
phery or the star's center within a square, see Figure 9 — 4-node graphlets, Gg. You can be only a portion
of the square because all places are isomorphic. Another intriguing example, where you try three alterna-
tive positions, is shown here.

You have two options: either you can be in this position, which is isomorphic to the other side in this
type of square, or you can be at position 10, which is v-dot diagonal, see Figure 9 — 4-node graphlets,
Ge.. And in this final four-node completely connected graph, all nodes are equal, see Figure 9 — 4-node
graphlets, Gy.. As a result, there is just one position because they are all equal. This demonstrates that, if
you ask how many graphlets there are on five nodes, there are 73 of them. Due to the many graphs and
placements in these graphs, the labels are numbered from zero to 72.
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Now that we are aware of what a graphlet is, we can define the term "Graphlet Degree Vector," which
refers to a node's attributes that are based on a graphlet [11]. Additionally, graphlet degree counts the
instances in which a particular graphlet is rooted at a particular node. The number of edges that a node
contacts is counted by degree, the number of triangles it touches or participates in is counted by the clus-
tering coefficient, and the number of graphlets a node is a member of is counted by the graphlet degree
vector. A Graphlet Degree Vector, for instance, is just a count vector of graphlets rooted at the specified
node.

Figure 10: Graph with node of interest being V.
G

v

So, as an example, let's have a look at this particular graph where node v is the focus of our attention,
see Figure 10. Next, we have a group of graphlets on two and three nodes, see Figure 11.

Figure 11: List of Graphlets derived from Figure 10.

This is the graphlet universe we live in, up to three nodes and no bigger. The graphlets will only be ex-
amined up to a size of three nodes, where node V is located. After that, you know, what are the instances
of the graphlets, for instance, the graphlets of type a, in which node v is involved in two of them, see
Figure 12 — under letter a.

Figure 12: Graphlet instances.

4
SRR s

So one of these involves the graphlet of type b node V, see Figure 12 — under letter b. Then you ask,
"How many graphlets of type ¢ does node V participate in?" It doesn't take part in any since in Figure 10
the two nodes are connected directly to V and there is an edge existing which connects the two nodes.
Therefore, we receive zero. For d, we see two occurrences, Figure 12 — under letter d. This is shown on
Figure 10 with V and the top two nodes for one occurrence and the bottom two nodes and V for the oth-
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er. Therefore, the graphlet's degree vector for node v would be 2, 1, 0, 2, respectively. This is written as
key: value pairs as follows: Graphlet Degree Vector (GDV) of node v =[a: 2, b: 1, c: 0, d: 2].

Now, based on the frequency of these graphlets in which the supplied node of interest participates, this
describes the neighborhood structure locally around that node. If we take into account graphlets with,
two to five nodes, each node in the network may now be described by a vector with 73 dimensions or 73
coordinates. In essence, this is a node signature that describes the neighborhood's topology of nodes. It
also captures its interactions and connections up to a distance of four hops. Because a chain with four
edges contains five nodes, if you are at the edge of the chain you should count the number of pathways
that branch off of that node that are four edges long. Therefore, it describes the network up to a distance
of four.

GDV provides a more thorough measure of local topological similarity by measuring nodes, local
network topology, and comparing vectors now of two nodes. For instance, only examining the clustering
coefficient or node degree. Thus, this provides a granular method for comparing the neighborhoods, the
structure of neighborhoods of two distinct nodes potentially across two different networks.

7. Conclusion

In conclusion, the importance based features accurately reflect a node’s significance in a graph. We dis-
cussed degree centrality as well as other concepts of proximity, betweenness, and centrality, as well as
the centrality of the eigenvector. And these kinds of characteristics are used to forecast, for instance,
how significant or influential nodes in the graph are. For instance, one such example would be spotting
celebrities on social media.

The other kind of node level features we discussed were structured based features that capture the topo-
logical characteristics of the immediate area surrounding the node. We discussed node degree, clustering
coefficient, graphlet degree vector, and other indicators that are quite helpful for determining a specific
node's role in the network. For instance, if you consider predicting protein function, these types of
graphlet features are particularly helpful since they describe the topology of the network around a par-
ticular node.
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