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ABSTRACT

[ ]
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The task of determining whether or not a link will exist between two entities, given the current position of the
network, is called link prediction. The study of predicting and analyzing links between entities in a network
is emerging as one of the most interesting research areas to explore. In the field of social network analysis,
finding mutual friends, predicting the friendship status between two network individuals in the near future,
etc., contributes significantly to a better understanding of the underlying network dynamics. The concept
has many applications in biological networks, such as finding possible connections (possible interactions)
between genes and predicting protein-protein interactions. Apart from these, the concept has applications in
many other areas of network science. Exploration based on Graph Neural Networks (GNNs) to accomplish
such tasks is another focus that is attracting a lot of attention these days. These approaches leverage the
strength of the structural information of the network along with the properties of the nodes to make efficient
predictions and classifications. In this work, we propose a network centrality based approach combined with
Graph Convolution Networks (GCNs) to predict the connections between network nodes. We propose an
idea to select training nodes for the model based on high edge betweenness centrality, which improves the
prediction accuracy of the model. The study was conducted using three benchmark networks: CORA, Citeseer,
and PubMed. The prediction accuracies for these networks are: 95.08%, 95.07%, and 95.3%. The performance
of the model is comprehensive and comparable to the other prior art methods and studies. Moreover, the
performance of the model is evaluated with 90.13% for WikiCS and 87.7% for Amazon Product network to show
the generalizability of the model. The paper discusses in detail the reason for the improved predictive ability of
the model both theoretically and experimentally. Our results are generalizable and our model has the potential
to provide good results for link prediction tasks in any domain.
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I. INTRODUCTION

SOCIAL Networks have been the primary source of information
exchange between people for more than a decade now. The flow of
information in this era depends heavily on the interactions of people
with their peers and friends, such as liking a post, following a page,
buying products, etc. Both the social networking websites and the
e-commerce website are influenced by this fact. Miao et al. [1] discusses
the impact of online customer reviews on product returns. The study
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found that the influence is even greater for sellers with good quality
or branded products. Ullal et al. [2] also concluded in their study that
customer reviews can significantly influence the selling and buying
behavior of e-commerce companies. There are many such studies that
prove how important the connections a person has are. A person’s
opinion and thinking are strongly influenced by the views and activities
of their social environment. This ideology, in turn, is used by companies
to identify the potential customers/buyers in the near future. This is
done by analyzing the network of existing customers and identifying
people who have the same preferences, characteristics, etc. This
correlation in the characteristics of the two people forms the basis for
a friendship relationship between them. This concept of link analysis
and prediction is not only useful in product recommendation, but also
in various areas of network science. Link prediction in network science
is an important research area to understand the growth and evolution
of the network. The idea of link prediction [3], [4] and analysis is of
great importance in community detection, influence analysis, anomaly
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detection, recommendation, etc. [5] where the available information
plays an important role in identifying the linking patterns. Further,
link prediction has a substantial role in the study of protein-protein
interaction patterns and prediction of the linkage between the
unconnected protein molecules [6]. Similarly, Marcus et al. [7] have
used the link prediction to study the time-evolving criminal network.
Likewise, there are many applications and related areas where link
prediction has played a significant role. Although researchers have
proposed various link prediction models and methods, still there is a
lot of scope for improvement. With the advancements in deep learning
for graphs, the task of link prediction has gained increased attention.
This is because deep learning techniques for graphs provide highly
accurate predictions over the limited training data.

In this paper, we present the task of link prediction using a Graph
Convolutional Network (GCN). The key to this idea lies in the selection
of the training pool based on network centrality. This idea is explored
in detail in section 4 of the paper. As a result, the link prediction
task has higher accuracy given a limited training dataset, since the
aggregation of the neighborhood improves due to the selection of
edges based on their importance. Therefore, the contributions of the
manuscript can be highlighted as follows:

« We proposed an efficient GCN-based link prediction technique
where the links of the training set are selected based on edge

betweenness centrality.

The utilized justification of edge betweenness centrality is based
on the selection of the training set for GCN.

Detailed comparison of the results obtained with the current state
of the art methods for link prediction.

The flow of the paper is organized as follows: Section I gives a brief
introduction to link prediction, its applicability, and the contribution
of the manuscript. Section II gives an overview of the state of the art in
link prediction methods. Also, Graph Convolutional Networks (GCN)
and their applicability to the task of link prediction are discussed in
this section. Section III discusses the proposed method, its correctness
and modification of the conventional GCN-based link prediction.
The section also addresses the importance of network centrality
to the link prediction task. Section IV highlights the experimental
setup, description of the considered datasets and explanation of the
proposed model. Section V discusses the results obtained with the
proposed model. In addition, the results are compared with other
state-of-the-art implementations over the datasets. Finally, Section
VI summarizes the results of the study and highlights some future
directions to be further explored.

II. LITERATURE SURVEY

This section gives a brief literature review of the state of the art,
highlighting link prediction and Graph Convolutional Networks. It
also discusses the latest graph deep learning based architectures and
frameworks to tackle the task of link prediction. The section focuses
on the need and scope of deep learning techniques for link prediction.

A. Link Prediction

The task of link prediction can be defined as predicting whether or
not two nodes will form a link in the future.

So, given a graph, if two nodes are not connected at time ¢, what is
the probability that they will be connected at time (¢ + 1)? Taking this
idea further, there may be many unconnected nodes in the graph at a
given time. So the task is to correctly predict the possible connections
between nodes at a given time in the network.

To formulate this more formally, consider a graph G(V, E) defined
as follows:

V: Set of vertices or nodes in the graph such that
V={v,v,.v}ivn=1
E: Set of edges or links as E={e , e, ...e }Vm=1

This is the graphical structure at time ¢,. At some time t, > t, the
graphical structure evolves as G(V, E") suchthat E'={e ,e,, ...e,} Vm=1
and k = m. Our goal is to predict the edge set E" for the graph G
with the same number of nodes and an increased number of edges
as a result of linkages between the disconnected nodes of the graph
based on the information at time ¢, of the graph. This edge set should
approximate the actual edge set E'.

Fig. 1 shows a graphical network in which the dashed edges
represent the possible connections between the unconnected nodes at
a given time in the near future. An interesting fact about the creation
of connections is that each group of nodes tries to complete its Triadic
closure [8]. According to Granovetter’s theory of Strength of Weak Ties
[9], if there is a connection between nodes A-B and A-C, then there
is a strong tendency for linkage between B-C. The statement is about
the triadic closure property for graphical networks. As an extension
to this, there are many node groups in the network in which a pair
of nodes attempts to close triads. The links between such pairs of
nodes have a high probability of appearing in the future. This is one
of the main ideas behind link prediction. Another idea for predicting
a link between pairs of nodes is based on the different degree of
expansion of the network inside and outside the group. According
to Bi et al. [10], the network expansion inside the community is
high. The nodes outside the community have fewer linkages, or
very few nodes are connected. Apart from these, there are several
other concepts for building networks such as stochastic block model
[11], stochastic block model with Bayesian context, and stochastic
block model with spectral clustering [12], which is the basis for link
establishment between nodes. Another class of concepts are measures
of proximity of nodes such as common neighbors, Jaccard coefficient
[13], Adamic/Adar [14], Preferential Attachment Model [15] etc.,
based on which link establishment between nodes can be expected.
These are the conventional approaches to link prediction that have
evolved over time. Various improvements to these general ideas have
been developed to achieve better and more efficient results. However,
the increasing size of networks, aggregation of features in the form of
node attributes and information, dynamic evolution of the network,
and many other factors pose challenges to the computational ease
and predictive ability of the methods. Machine learning/deep
learning based approaches to the problem of link prediction are
therefore attracting increasing attention. Combining these general
ideas with artificial intelligence (AI) and machine learning (ML)
based approaches has proven to be successful. The results obtained
are very accurate. The remainder of the discussion in this section
therefore focuses on the current state of the art in deep learning-
based approaches to link prediction over the graph.

Fig. 1. Network as Graph with possible edges or links between the nodes.
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B. Graph Convolutional Networks (GCN)

Graph Convolutional Networks (GCNs) have emerged in recent
years as powerful machine learning methods for graph processing
[16]. The basic idea behind the operation of convolutional networks is
neighborhood aggregation, where the features of each node play a crucial
role in decision making. Unlike an image, the structure of the graph is
irregular and cannot be mapped to a fixed grid (see Fig. 2). Therefore,
the structure of the graph also plays an important role. For this reason,
the conventional Convolutional Neural Network (CNN) based approach
cannot be used for graph structures. A GCN uses both the network
structure and the features of the neighboring node to evaluate the folded
value over the considered node. This additional information about
the context of the node in the form of the network structure plays an
important role in the prediction and classification tasks.

|/ XX
T /|><|

XKL
X
X

Fig. 2. Image structure v.s. graph structure [17].

The task of modeling a Graph Convolutional Network (GCN) for
a graph is solved by two mathematical approaches: Spectral Graph
Theory and Spatial Graph Theory. Spectral Graph Theory requires a
Fourier transform based computation of translation in the frequency
domain to create a graph Laplacian [17]. Since this requires a detailed
mathematical explanation, we will only explain the main steps here.
At a high level, the spectral graph convolution in the Fourier domain
is defined by applying the filter g6 to the input signal x:

g0 * x

(1)
g0: A diagonal matrix diag(6) parameterized by 6 € R"

Since the operator based on spectral graph convolution is a position
invariant of the nodes of the graph, the graph Laplacian matrix L for a
graph G of dimensions N X N is given as:

L=1Iy—DY2,A.D72 =yAUT

@)

Here A stands for Adjacency Matrix, I for Identity Matrix, and D
for Diagonal Matrix. Their product gives the aggregate sum and D~/2
normalizes this product to suppress the effect of high degree nodes.
Moreover, L can be factorized using U, which contains eigenvectors of
L and A with the corresponding eigenvalues. Since L is a positive semi-
definite matrix and U is the Fourier basis, the Fourier transform over x
can be defined as follows:

F(x)=UTx (3)
Hence the inverse is presented as:
Fi'®)=UT% (@)

If F is the Fourier domain space, the graph convolution operator can

be defined as an elementwise product:
xxGg=F(F(x)OF(g)=UUxOU"g) (5)

Comparing equation (5) with equation (1), the final convolution
equation of the graph can be given as follows:

x*Ggy =UggUTx

(6)

such that:
go = diag(UTx),g €R

)

With g, filled with the learning parameters 6F;, the output on layer
k can be defined as follows:
>U=L1mm

fr-1
H! _a<221wkuﬁﬁl
8)

Here, f,, , and f, are the number of input and output channels in
layer k, respectively, HY; is the output channel in layer k.

However, this spectral convolution has certain limitations. First,
computing the eigenvalues of the graph matrix is a computationally
intensive task. Second, for very large graphs, the aggregation of
neighborhoods for large values of k becomes computationally
intensive and degrades the aggregation results. To solve these
problems, only a neighborhood of a few hops should be considered
in the localization of the filtering process. Therefore, spatial graph
convolution methods have gained increasing attention. Thus, by
adding formal parameters to the equation (2) and approximating the
depth of the network to two, an embedding based on a 2-layer GCN
model can be defined as follows:

Z = f(A,X) = softmax(K.ReLU(K.X.W©®). w®)

©)

Here K is defined as D-2AD~/%. The ultimate task is to learn the
weights for the model, where C x H are the trainable weights for W®.
Similarly, HXF are trainable weights for W®. Here, C refers to the
dimensions of the feature vectors, 'F' refers to the dimensions of the
resulting vectors, and 'H' is the number of hidden layers. The expression
in equation (9) can be further extended depending on the hidden layers
in the network. The depth of the network is based on the intuition of
the contribution of the k path length of the neighborhood. However,
in general, graph networks do not have much impact on neighborhood
interactions beyond 2 - 3 path lengths [18]. Therefore, the results of
GCN networks at 2 - 3 level are remarkable and impressive; otherwise,
the model suffers from the overfitting condition. The final layer of this
spatial GCN model is guided by a softmax function to make predictions.
The cross-entropy loss function is considered for training the model:

F
=- z ZYM InZ;

YEY| f=1

(10)

Here Y, is the set of values with their respective labels. The
hyperparameters of the model are set to optimize this loss metric,
including the learning rate, epochs, layer sizes, etc. A detailed
discussion of these parameters can be found in section V of the paper.
Further improvements to the model, such as changing the aggregation
function, using weighting preferences to cluster the neighborhood,
etc., provide a path to advanced versions of GCN such as Graph
Attention Model, GraphSage, etc. In the following subsection, we
discuss the state of the art regarding the role of GCN/GNN in efficient
link prediction execution.

C. Graph Neural Network Based Approaches to Link Prediction

Since the last decade, the world has been experiencing a boom in
the research area of graphical neural networks. GNN is a special kind
of neural networks characterized by the structures of graphs. Semi-
supervised link prediction using label propagation was first introduced
by Kashima et al. [19]. This model of link prediction is applicable to
multirelational domains and uses auxiliary information such as node
similarity. A new fast and scalable algorithm for semi-supervised link
prediction was proposed by Raymond et al. [20] for both static and
dynamic graphs.
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Menon et al. [21] proposed a model that predicts links through
Matrix factorization. This model gains knowledge of latent features
from the topological structure of the graph. Moreover, the author
considered the problem of class imbalance during optimization with
stochastic gradient descent and scales. Gao et al. [22] addressed the
problem of predicting temporal link prediction. This model integrates
the information of graph proximity, global network structure, and
node content. The prediction approach called SLiPT (self-training
based link prediction using a temporal network) shows better
prediction accuracy and was proposed by Zeng et al. [23]. Berton
et al. [24] dealt with graph construction in supervised and semi-
supervised classification.

To improve performance, Kipf et al. [25] proposed VGAE
(Variational Graph Auto-Encoder). This approach uses latent variables
and gives better results in predicting links in citation networks.
Another approach by Yang et al. [26] defines a new proximity matrix
and formulates BANE (Binarized Attributed Network Embedding). In
contrast to these methods, Tran et al. [27] focused on a simple but
effective architecture. This architecture, named MTGAE (Multi-Task
Graph Auto-Encoder), works for unsupervised link prediction and
semi-supervised node classification. In the same year, Hisano et al.
[28] worked on performance improvement using a simple discrete-
time graph embedding approach for link prediction for both temporal
cross-sectional network structures. Pan et al. [29] defines (ARGE and
ARVGE) adversarial graph embedding framework and demonstrates
the efficiency of the algorithm through experiments.

To reduce the information loss, Di et al. [30] recently presented
an approach to expand the normal neighborhood when aggregating
GNNs. This approach is suitable for graph link prediction,
supervised and semi-supervised graph classification, and graph edge
classification. Recently, Zhang et al. [31] have advanced research
in link prediction using the SegNMF method. This method claims
to provide better accuracy in temporal link prediction than the
previously developed method.

All the state of art methods discussed above take into account the
spatial embeddings of the node into account where the nodes are
selected randomly for training the model. Further, the test data taken
for predicting the accuracy of the model for link prediction task is very
small (5 - 10%). Further few recent state of art models proposed for link
prediction task in [27], [32], [33] are designed for solving problems of
specific domain only. The complexity of these models tend to increase
with the increase in the size of the network. So, the models do not
guarantee to generalize well for networks of different nature, size
and domain. Thus, the applicability of GNNs for this task on various
problems in different domains can still be improved and extended. In
summary, following gaps are identified and these gaps motivate us to
propose the solution:

+ There are no/limited approaches for predicting links between
nodes in a graph with limited information available for training

the network [34], [35].

There is no centrality-based approach that can improve the
prediction capability of GCN model to identify connections
between nodes.

There is a need for a generalized model which is dependent upon
the structural aspects of the underlying network and independent
of the application [27], [32],[33].

III. BET-GCN APPROACH TO LINK PREDICTION

This section discusses how edge betweenness centrality measure in
combination with Graph Convolutional Network (GCN) enhances the
task of predicting links between unconnected nodes of the network.

The content of this section has been divided into the following
subsections:

Basics of edge betweenness centrality.

Link prediction as a binary classification problem.

« Justification of edge betweenness based training set selection.

A. Basics of Edge Betweenness Centrality

The concept of network was proposed by Roethlisberger et al.
[36]. This concept defines the importance of a node based on various
attributes such as the degree of a node, closeness with the nodes in its
neighborhood, the number of nodes for which it is central, etc., i.e.,
it identifies the potential of the underlying node in terms of guiding
and channeling the flow of information in the network. Based on
this, there can be several centrality measures, e.g., degree centrality,
closeness centrality, PageRank and hits centrality and betweenness
centrality, etc. In the paper by Saxena and Jadeja [37], all these
centrality measures are discussed in detail. Moreover, we investigate
the suitability of the centrality measures to find out important nodes
depending on the problem or task. In this section, we restrict ourselves
to the betweenness centrality measure. The interconnectedness
centrality measure is a centrality measure based on the shortest path.
Thus, the importance of a node is recognized based on the maximum
number of shortest paths in which it participates. This path-based
measure, proposed by Freeman et al. [38] has two conjectures: i) node
betweenness ii) edge betweenness. However, one is the implication of the
other. The notion of edge betweenness centrality suggests that an edge
is involved in the maximum number of shortest paths. Looking at the
Fig. 3, the edge AB has the highest betweenness centrality compared
to other edges in the network. This is because the edge AB is part of
most shortest paths between any pair of vertices of the given graph.
Consider two sets: set X = {A, F, G, H} and set Y = {B, C, E}. All shortest
paths from any vertex of set X to any vertex of set Y use edge AB.

Edge with high
betweenness
centrality

Fig. 3. Graphical network with edge AB as high betweenness centrality edge.

Formally, to identify the betweenness centrality of node x, we have:

_ ayz (%)
Chet(x) = -

a.
zZ
Y2#x0yz0

(11)

Here 0, is the total number of shortest paths leading from y to
z, and 0,(x) refers to the number of these paths that pass through
x. Thus, the more shortest paths emanating from node x, the more
central node x is. Edges that have one of these nodes as an endpoint
have high edge betweenness centrality. Edges with high betweenness
centrality are especially important in a large network. Endpoint nodes
of an edge with high betweenness centrality are more reachable in
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the network with shorter path lengths. Thus, this property allows
us to take advantage to increase node coverage. We use this concept
to improve the performance of the GCN. An in-depth analysis and
execution of this concept is presented in Section IV of the paper. In the
following subsection, we discuss the approach to link prediction in a
given network as a binary classification problem.

B. Link Prediction as a Binary Classification Problem

The task of link prediction is to determine whether or not a pair
of nodes will have a link between them in the future. Consider
a graph G(V, E) at a given time t with V as a set of nodes and E
as a set of edges, as shown in Fig. 4a. The graph shows various
possible links between pairs of nodes that can occur at time t + 6t
(represented by dotted lines). At time t+ 6t, as shown in Fig. 4b,
some expected connections appear (shown by bold edges in the
graph), while some of them do not. Graph Convolution Networks
(GCN) captures the properties of the nodes in addition to the
topological and structural information of the network. This helps in
finding close correlations and probable neighbors of a node based
on their behavioral similarities in the network. However, to do this,
we must first model the problem in a structure of < feature, target >
pairs to apply a graph-based machine learning model.

(b) Graphical network at time t + &t

Fig. 4. Evolution of Graph G from time t to time t + Ot.

Each node has a feature set (vector) associated with it. It consists
of a collection of information about the node, its properties, etc., that
define and identify that node in the network. An edge has two nodes
as its endpoint, so the final feature set in this case is a combination of
the feature vectors of the two nodes that form the edge. If we consider
the edge as (u, v), where u and v are the nodes under consideration,
the final feature vector is as follows:

feature vector = feature vector(u) U feature vector(v)

Further, depending upon whether the two nodes u and v are
connected or not, target (label) can be defined as:

target =1, if (u, v) is connected
=0, otherwise

Thus, by separating the connected and disconnected nodes with the
labels 1 and 0, respectively, we can create a pair (see Table I). It is now
possible to process the data with a machine learning model to make
predictions. For the given graph G, we can select a pool of edges for
training the GCN model. Here, each edge is accompanied by its label.
Also, the GCN model uses the node feature information to train the

model. The edges of the test dataset can be randomly selected to test
the accuracy of the model for the binary classification problem, i.e.,
predict 1 for each connected pair and 0 for each unconnected pair.

TABLE I. GrRarH EDGEs WITH LABELS

Connected Edge Label Unconnected Edge Label
A-B 1 B-C 0
A-C 1 C-E 0
B-D 1 C-D 0
B-F 1 D-F 0
E-F 1 E-D 0

For real networks, the model is created by randomly hiding some
edges from the network. The remaining network is then used to train
the GCN. The hidden edges are then used to test the adequacy of the
model. This simulative technique is as good as analyzing the temporal
transition of the graph because: i) we do not have timestamp snapshots
of the real networks at persistent intervals and ii) the network
changes its structure gradually. Thus, the network is not significantly
perturbed. For these two reasons, we consider only a single real graph
as input. In the following subsection, we discuss and analyze how
edge betweenness centrality based training set selection improves the
efficiency of the GCN model for link prediction.

C. Fustification of Edge Betweenness Centrality Based Training
Set Selection
So far, we have discussed the edge betweenness centrality measure

and the strategy for solving the link prediction. In this subsection, we
will analyze the basis of our proposal:

Training set selection based on edge betweenness centrality
improves GCN training efficiency. For this purpose, let us consider
a graph G(V, E) for which holds:

V: Set of vertices or nodes defined as {v,, v,, ..., VIEV
E: Set of edges or links defined as {e,e,..e}EE such thatn, k> 1
Let X be the feature matrix defined as:

X = {x11, %12, s X1m}y s {Xn1, X2 - Xnm }}

(12)

In general, we have n > m (size of training data (number of nodes)
> length of a feature vector) to avoid the condition of overfitting
during the training process.

Now a set of edges is chosen from the set E to generate a test set
t, containing t,. The t, is a subset of E containing all connected pairs
of nodes. For all these edges (or node pairs), the class label set I, is
defined as 1. Now, a few random unconnected node pairs are selected
from the set Complement(E) or E to generate another test set ¢,. The
corresponding label set for the node pairs of the set ¢, is defined as I,
with label value 0. Combining the test sets ¢, and t,, the final test set t
can be defined as:

t=t, Ut, (13)

Corresponding to it, the label set L for this test set t can be defined as:

L=1uUl (14)

Deleting edges from the graph G creates a graph G', where the
edge set of G'is defined as E' = E — t. From this residual graph, the
training set is constructed in the same way as the test set. Based on
this training set, the predicted set of labels for the edges selected from
the test set t is obtained as L. Thus, the objective of the problem can
be formulated as follows:

(1) To obtain predicted label set L', we use the GCN model for the
edges in test set t, which approximates the label set L i. e., Min.
(L'- L)V edgesin t.
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o = It

Node coverage when selected edge
set for training is {(A, F), (B, C)}

(2) With respect to identification of such a subset, the following
observations are made:

+ The subset of edges (or node pairs) selected based on the
betweenness centrality measure improves the training
efficiency of the model.

The probability of random selection of such an edge set to
produce a predicted label set L' is nearly zero.

(3) Let us try to infer the validity of the first statement.

« E" contains subset of edges chosen randomly. Let this subset
be named as E .

E" contains top d edges based on the betweenness centrality
score. Let this subset be named as E,.

Further, it is assumed that Cardinality(E,) and Cardinality(E,) are
the same. Let us consider the first edge from each subset. Let a be the
edge chosen from E, and b be the edge chosen E,. Let g, represent
the edge betweenness centrality of node b and o, refer to the edge
betweenness centrality of node a. Thus, it is obvious that:

op > 0,

(15)

Further, we also assumed that the edge sets E| and E, are disjoint,
i.e., no edges are common to the two sets. Then, extending the above
expression for 1 <i<[:

1 1
Z I > Z ap)
i=1 i=1 (16)

Equation (16) holds for a fixed path length p, for the paths covered
by the edges in E, and E,. As can be seen from the description of GCN
in Section I, it is well known that the neighborhood contribution
beyond path length 2 or 3 is not beneficial because of the vanishing
gradient problem over the graph Laplacian. So the value of p is € {1, 2}.
As per Section III, edges with high betweenness centrality allow for
greater network coverage with shorter path length. This means that
the node coverage (number of reachable nodes) from the nodes of the
set E, (say ¢) will be larger than the number of reachable nodes from
the nodes of the set E| (say a), i.e..:

d>a

(17)

For a GCN model, training efficiency (1) depends on feature
availability (fa.), i.e., the more features available to the model for
learning, the better the training of the model. Feature availability
increases when the number of nodes reachable from a fixed set of
nodes is high, since each node is associated with a feature vector X.
Thus, feature availability again depends on node coverage or node
reachability (k). Based on all these discussions, a relationship can be
established that looks like the following:

N« f.a.xk

(18)

Considering equations (17) and (18) synchronously, the set E,
will cover more neighborhood nodes, which means greater feature
availability since each node is associated with a feature vector X. This
increases the training efficiency of the model compared to selecting
the training set based on E,. To test this observation empirically,
let us consider a small example according to Fig. 5. Consider
E = {(4, F), (B, )} as the edge set selected for training. For a fixed
path length 2, the node coverage of the set is E|:

a={A,B,C,D,E,F,G H}

(19)

Now consider another edge set E, = {(4, B), (E, D)} where the two
edges with high betweenness centrality value are selected for training.
For the same path length 2, the node coverage is the same for this
training set:

¢ ={A,B,C,D,EF,G,H,1J,KLM) (20)

Node coverage when selected edge
set for training is {(A, B), (E, D)}

Fig. 5. Node coverage of graph G(V,E) based on training edge selection.

Since E, has a larger number of nodes in its neighborhood, the
availability of features will also be larger. And finally, it can be
confirmed that the training efficiency of the model improves. Thus,
it has been successfully analyzed that the selection of the training set
based on the edge betweenness centrality improves the learning of the
GCN-based training model for link prediction. On this basis, we can say
that a mapping L’ can be obtained which is approximately equal to L.

In the proposed method, the training is edge based, not node based.
Hence, the criteria of edge set selection based on the betweenness
centrality of edges makes sense. On the other hand, edge selection
based on nodes having high degrees is not feasible. The reason for this
is a high degree node has many edges associated with it. Each edge
associated with the node will have equal weightage. Hence, all the edges
incident on the high degree vertex will be selected for training. In such
a situation, the model may miss out a significant portion of the network
required for training since only edges which are incident to the high
degree vertices will be selected. Clearly, this selection fails to capture
the crucial structural properties of the of the network. Also, this degree-
based selection will not allow the training set to capture diverse feature
vectors which is essential for efficient training of the model.

On the other hand, consider the betweenness centrality-based
approach for edge selection as discussed in subsection B of section
II. This high betweenness edge centrality based selection will lead
to generation of computation graphs with more number of nodes (in
average) during training. Since, feature set aggregation is directly
proportional to number of nodes in the underlying computational
graph, a better training of the GCN model is guaranteed using
proposed approach. This in turn enhances the prediction capability
of the model.

Next, we need to ensure that the probability of randomly selecting
the edge set E, is close to zero. Let us consider the total number of
edges in the network as k, such that k > 1. The number of ways to
choose a subset of length w (subset of w edges) is given as “C,. Our
goal is to find the probability of choosing the subset E, from these “C
subsets. Thus, let us consider an event @ as: choosing the subset E, of
the set E, where E is the set of all edges of the graph such that |E| =
The probability of this event will be:

P(Q) = 1/%C, (21)

Let us assume that 45% of the edges are used for training. Thus, we
have w = (9/20)k. Putting this value of w into the equation (21), we get,

P(Q) = 1/*Corsz0 (22)

In general, the number of edges for real network graphs is on
the order of more than 10* Plugging the value of k as 10* into the
expression, we get,

P(@ =0 (23)
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Finally, we can also successfully show that the probability of
randomly choosing the edge set E, is close to zero. Thus, the section
successfully verifies the two arguments: i) selecting the training set
based on edge centrality improves the performance of the model. ii) the
probability of randomly selecting an ordered set based on the centrality
score is close to zero. In the next section, we detail the proposed method
and its design along with the description of the dataset.

IV. DATASET AND MODEL DESCRIPTION

In this section we discuss mainly about the datasets, the proposed
model formulation, and aspects related to its implementation.
A. Dataset Description

To assess the performance of the proposed model, three famous
state of the art datasets have been chosen: CORA, Citeseer and PubMed.
The datasets have been summarized in Table II.

TABLE II. DATASET DESCRIPTION

Dataset Nodes Edges Classes Features Type
Citation
25
Cora [25] 2,708 5,429 7 1,433 Network
. Citation
2
Citeseer [25] 3,312 4,732 6 3,703 Network
. Citation
PubMed [25] 19,717 44,338 3 500 Network
Amazon
Amazon [39] 13,752 491,722 10 767 Product
Network
WikiCS [40] 11,701 216,123 10 300 Wikipedia
Network

The first three datasets considered are essentially citation networks
where node stands for papers and edge stands for the citation links.
The CORA citation network consists of 2708 scientific publications
classified into one of the following seven classes: neural networks,
rule learning, reinforcement learning, probabilistic methods, theory,
genetic algorithms, and case-based. For each node, there is a feature
word vector of length 1433. Thus, the size of the feature matrix is
2708 x 1433. The Citeseer dataset consists of 3312 scientific papers
classified into six classes: Agents, Al, DB, IR, ML, and HCI. The feature
matrix has order 3312 x 3703. The PubMed citation network consists
of 19,717 scientific publications with the following classification
classes: 1, 2, 3 ie., diabetes type-1, 2 and 3. The feature vector for
each node consists of a TF/IDF vector with 500 unique words. The
accuracy of the proposed model with GCN-based training was
tested using these three benchmark datasets. The consistency of the
results obtained with these networks highlights the effectiveness
of the proposed solution. To prove the applicability of the proposed
solution to other types of networks, two other graphical networks are
considered. Amazon Computer [39] is a segment of the Amazon co-
purchase graph, which is a network collected by crawling the Amazon
website and contains product metadata and rating information about
various products. The nodes in the graph represent items, while the
edges indicate that two or more goods are usually purchased together.
The goal is to assign items to the appropriate product categories by
using product ratings as node attributes. WikiCS [40] is a novel dataset
derived from Wikipedia to benchmark Graph Neural Networks. The
dataset contains 11701 nodes corresponding to computer science
articles, with edges based on hyperlinks, and 10 classes representing
different branches of the field.

It is common for real-life applications with graphs to have limited
training data because labels will often be sparse, despite having vast
quantities of data. This is true for all the datasets considered in this

manuscript. Hence, they are limited training datasets. In the context
of link prediction, labels are edge labels (0 for not edge and 1 for an
edge). And for training, a very small fraction of labels are known. For
example, for Cora, labels of only 5429 edges are known (label 1) out
of 3665278 possible edges. Labels of the remaining 3659849 edges are
unknown. Hence, the Cora dataset is a limited training dataset. The
same is true for other datasets too as shown in Table IIL

TABLE III. DATASET WITH ACTUAL V/s PosSIBLE EDDGES IN THE GRAPHICAL

NETWORKS
Dataset Nodes Totai gg(;sssible ’I;t::llaeldggrz;iﬁl
Cora 2708 3665278 5429
Citeseer 3312 5483016 4732
PubMed 19717 194370186 44338
Amazon 13752 94551876 491722
WikiCS 11701 68450850 216123

Following this, the next subsection explains the implementation
design and operation of the proposed model.

B. Proposed Framework and Experimental Setup

To construct a Graph Convolution Network based training model
architecture, Stellar Graph library [41] was used. In addition, the graph
library NetworkX [42] is used to capture the structural information of
the network. The input data set for the GCN model consists of an edge
list and a feature matrix along with labels.

The relationship that exists between the data points (nodes) of the
graph is represented by the links between them, defined by the edge
list. To prepare the test dataset, an Edge Splitter () function from the
Stellar Graph library was used. This function randomly takes some
pairs of nodes from the original graph G. For each connected pair, the
associated label is 1. Also, some unrelated pairs are randomly selected
and these pairs are assigned the label 0. Thus, we obtain the final test
set tuple t for which the label set L is defined with labels 0 and 1 for
each unconnected and connected pair of nodes, respectively.

Let us now consider the training dataset. After removing the edges
in the test set t from the graph G, the training dataset is selected
from the residual graph G'. The training dataset contains the top k
edges with high values of betweenness centrality computed using
the NetworkX graph library (nx.edge_betweenness_centrality()). This
part of the training dataset is denoted as tr1 with the corresponding
label set as tril with all label values as 1. Furthermore, few edges are
sampled using the edgesplitter() function to include some unconnected
pairs. Let this part of the training dataset as 72 with the label set tri2.
Thus we have the final training dataset defined as:

tr =trlutr2 (24)
with training label set defined as:
trl = trl1 U tri2 (25)

Fig. 6 explains the steps to generate a training dataset (55%) and a
test dataset (upto 45%). The input graph dataset consists of edge list
information along with node feature vectors. Note that each node
has a feature vector associated with it. To create the test dataset, edge
splitter function randomly pools the edges, marked as label ‘1’, and
an equal number of node pairs amongst which no direct edge exists,
marked as label ‘0’. A similar procedure is adopted by the function to
create the train dataset. However, in addition to the edges selected, top
‘k’ betweenness centrality metric-based edges are also appended in
the training dataset. Finally, the train and test datasets are supplied to
the GCN model. Since the connectivity of the graph must be ensured,
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it is not possible to extract a very high percentage of edges from the
graph for the creation of the test dataset. Therefore, the test dataset

here is a combination of validation test dataset.

Edge List
of the network

Node 1 Feature1 Feature2 ... Featurem Label

Node2 Feature1 Feature2 ... Featurem Label

Noden Feature Feature2 ... Featurem Label l
Edge betweenness
Feature Matrix (n x m) centrality()
i Train Data Set with ed
Edge Splitter() [————> rain lala)eals (% ::”1) edge Centrality Dataset
ranked based on
l l betweenness score
Test Data Set with edge @
labels (0 or 1) {

Graph
Convolutional
Neural Network
(GCN)

L.

Fig. 6. Proposed Framework: Feeding train and test set to GCN.

Using the node feature matrix defined for each node for the nodes
involved according to the training set selection, the model is fed with
the input. The function FullBatchnode Generator() defines the neural
network (NN) for the graphical network. The defined neural network
has three layers: the input layer, the hidden layer, and the output layer.
The number of hidden layers is best determined from the experimental
simulations. However, in the case of GCNs, the number of hidden
layers corresponds to the diameter of the graph. This refers to the
number of neighbors that are a path length k away from the node
under consideration. The value of k is generally kept very low because
the vanishing gradient problem affects the performance of the model.
Other hyperparameters of the model such as kernelsize, learningrate,
epochs, activationfunction, etc. are chosen to minimize the error. The
hidden layers have a Rectified Linear Unit (ReLU) activation function
with a hidden layer size on the order of 4, 096 x 4, 096. However, the
size of the kernel varies depending on the size of the network. Other
parameters of the network such as learning rate is set to 0.0001 with
Adam Optimizer and Cross Entropy as loss functions. The output layer
of the model uses a Softmax function to predict the presence of an edge
between a pair of edges over the test dataset. Fig. 7 explains the GCN-
based training and classification process.

Input Layer Hidden Layer Output Layer ReLu Activation
Training Set /" /" N——/ Function
'O OO
— N 6= 0.00001

Softmax \ Predicted
Labels
v

—

»_ Function /
- — )\\; o /
=

Binary
Training Parameters: Test Set Egtﬁ;y
Learning rate () ] Loi's

unction

Activation Function
(ReLu)
Dropout rate (8)

Classification

Accuracy

ReLu Activation ReLu Activation
Function

o= 0.0001
6=0.00001

Function
o= 0.0001
6 =10.00001

Fig. 7. GCN Based Training of the model.

Fig. 8 sums up the entire process in a block diagram. The algorithmic
steps in training of Bet-GCN model are as shown in algorithm Bet-
GCN. The input to the model is an input graph dataset G(V, E) where
Vrepresents set of vertices and E represent set of edges. Each node in
the graph has feature vector associated with it. Let A be the adjacency
matrix for the graph and X be the feature matrix (as mentioned in

equation 12). The algorithm will yield a trained model m which
can predict whether an edge exists (edge label 0) or not (edge label
1) between two given pair of nodes (binary classification problem).
In step 1, edge splitter function randomly pools a set of edges from
graph G to prepare training dataset (say Tr). The training set consist
of edges which exist in the graph labelled as 1 and edges which do not
exist in the graph labelled as 0. In step 2, from the remaining graph
(say G"), edge splitter function constructs the test dataset (say Te) in a
similar manner. Step 3 and Step 4 identifies the top k edges in order
of edge betweenness centrality. The top k edges identified in step 4 are
added in step 5 to Tr to generate the final training dataset. In step
6, the GCN model is fed with Tr, G and the model hyperparameters
like learning rate, layer size, ReLu activation function. The input layer
is fed with an aggregation function defined as A.X. The hidden layer
further performs feature aggregation using a layer size 4,096 X 4,096
at a learning rate 0.0001. The ReLu activation function is applied to
obtain the convoluted vector (neighborhood aggregation) matrix at
each layer. At each layer gradients are determined and based upon the
error function gradients, using backpropagation algorithm weights are
adjusted. This whole process iterates till the error gradient functions
at each layer evaluates out to be zero. In this condition, we obtained a
finalized weight vector matrix at output layer and the trained model m.
Finally, in step 7, the trained model is tested over Te using SoftMax()
classification function to generate the classification report.

Edge
betweenness
centrality based
edge selection

Edge list
of graph —>
G

J

GCN training model

‘ Input layer (training vectors) ‘

‘ Hidden layers ‘

E(?ge i (Feature aggregation) Edges Edges

splitter  —» dgeset | + — with edge with edge

function Output layer label ‘0° label ‘1°
{ (Finalized trained weight vectors) ,\ /
Test Input feature . SoftMax

edge set vectors per node Trained Model function

Fig. 8. Pictorial block diagram for Bet-GCN model.

V. RESULTS AND ANALYSIS

This section mainly focuses on the experimental results and
performance of the proposed Bet-GCN model. It highlights the
significant results of the model in three benchmark datasets, namely
Cora, Citeseer and PubMed, and the comparative analysis with the
respective state-of-the-art methods. The results of our proposed model
Bet-GCN (Edge betweenness centrality with Graph convolutional
networks) are summarized in Table IV. The performance of the model
improves considering that the model performs well on a large test data
set. All of the state-of-the-art methods discussed work over 5 10% test
data. The Bet-GCN based results are analyzed over upto 45% test data
with at least 30% unseen node pairs in the test dataset.

TABLE IV. CrtATION NETWORKS ACCURACY

Method Cora Citeseer PubMed Test
Dataset
VGAE [25] 0.920 0.914 0.965 -
MTGAE [27] 0.946 0.949 0.944 5-10%
GLP [32] 0.9455 0.8612 - 5-55%
GCN [33] 0.9050 0.8701 0.9694 -
GAT [33] 0.8979 0.8731 0.9436 -
Edgeconv [33] 0.8528 0.8294 0.8665 -
EdgeConvNorm [33] 0.9178 0.8754 0.8991 -
Bet-GCN(proposed) 0.9508 0.9507 0.953 upto 45%
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Algorithm 1. Bet-GCN

Require: An input graph dataset G(V, E) where V represents set of
vertices and E represent set of edges

Output: The trained model, m

Step 1. Tr « edgesplitter(G)

> Generating training set Tr by random selection of edges from
graph G

Step 2. Te « edgesplitter(G)

> Generating test set Te by random selection of edges from graph G
Step 3. e < edge_betweenness_centrality(G)

> Evaluating edge betweenness centrality of edges of graph G

Step 4. e’ < sorted(e[1:k])

> Selecting top k edges based on edge betweenness centrality of
edges of graph G

Step5.Tr<True'

> Adding edges form step 4 to Tr

Step 6. m < GCN(G, Tr, learningrate, layersize, ReLu)
> Obtaining the trained GCN model m

Step 6. classication_report < SoftMax(m, Te)

> Testing the model over test set and generating classification report

As summarized in Table IV, most models consider methods
such as random walks (where only local node similarity is used)
or maximum likelihood estimation methods for link prediction. It
can be observed that none of these methods materialise the node
features, the structure of the underlying network, or the importance
of the edges completely. In comparison, GCN, which considers
the structure of the dataset as a graph, significantly improves link
prediction performance. Traditional Graph Convolutional Networks
(GCN) directly convolve the structure of the connected graph as a
filter to perform neighbourhood mixing. Graph Attention Networks
(GAT), on the other hand, apply a shared linear transformation to
each node, followed by a computation of attention coefficients using
a joint attention mechanism. The performance of link prediction with
these two models is impressive and promising. A more recent state
of the art, the Variational Graph Auto-Encoder (VGAE), uses a graph
convolutional network as an encoder that maps the node features
into a latent representation, followed by a decoder that generates
conditional probabilities of the adjacency matrix [25]. While Multi-
Task Graph Autoencoders (MTGAE [27]) learns a joint representation
of latent embeddings from a local graph and explicit node features.
These two methods are significantly better than the traditional GCN
model due to the inclusion of autoencoders. In addition, GLP [32], a
gravitational link based unsupervised approach is used. Here, the main
idea is to decompose the graph into a local structure (by extracting
subgroups) and a global structure (by detecting communities). The
method showed promising results on large complex networks, but
is highly dependent on the network structure. Two recent link
prediction methods based on Graph Convolution Learning were
also proposed: EdgeConv and EdgeConvNorm [33]. The methods
performed well on the three networks, as the over-smoothing of Edge
Convnorm helps to better learn link prediction based on the node and
its neighborhood representation.

Our proposed model (Bet-GCN) is a modification of the traditional
GCN model, as it uses edges based on their betweenness centrality
in the graph along with node features. Our proposed prediction
model achieves an accuracy of 95.08% in Cora, 95.07% in Citeseer,
and 95.32%in PubMed. These results are competitive with the current
state-of-the-art models, which can be observed in Table IV.
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Fig. 9. CORA: Training and Loss curve.

The model extrapolates the structure of the underlying graph
for sampling positive edges when training the model for prediction.
BET-GCN architectural hyperparameters were fine-tuned for the
Cora, Citeseer, and PubMed networks. A 0.70 and 0.35 fraction of
the original network is randomly sampled for positive and negative
edges as training and test edges, respectively. The positively sampled
training edges are replaced with the edges sorted based on the edge
betweenness centrality score. A two-layer GCN model is used, where
4, 096 is the dimension of the node features in each hidden layer.
The Rectified Linear Unit (ReLU) activation function is used. For the
final link classification, a pair of node embeddings from the GCN
model is used and the binary operator inner product (ip) is applied.
This produces the corresponding link embedding, which is passed
through a dense layer. A learning rate of 0.0001 for Adam Optimizer
is used to train the model. Our model is trained with 500 epochs.
These hyperparameter settings are the same for Cora and Citeseer
citation networks. The PubMed dataset consists of 10x more edges and
therefore has different hyperparameter values. The training accuracy
and loss curves of the model for the three datasets are shown in Fig. 9,
Fig. 10, and Fig. 11, respectively. Based on the obtained results, it can
be confirmed that the proposed method performs best for the three
collaboration networks.

Area Under the Curve (AUC) curves of the model obtained for the
three datasets are shown in Fig. 12, Fig. 13 and Fig. 16. The AUC curves
show the ability of the classifier to distinguish correctly between
positive and negative classes. The high AUC value for all three datasets
CORA (94.02%), Citeseer (94.24%), and PubMed (97.96%) indicates the
consistency of the model in terms of performance.

The hyperparameters’ settings depend upon the size and structure
of the network for training GCN models. The basic parameter settings’
have been considered based upon Thomas N Kipf and Max Welling
[1] paper. The parameters that are varied are layer size, learning rate
and iterations due to varied network structures and sizes. In general,
ReLu activation function has been used for 4, 096 X 4, 096 layer size
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Fig. 12. AUC Curve for CORA network with accuracy (94.02%).
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of hidden layer which yield the best results. The number of iterations
is identified based upon the training accuracy curve trajectory and,
hence, the number of iterations is different for each network. The
iterations’ convergence happens when the training accuracy starts to
dip for several continuous iterations. So, further increasing the number
of iterations will not yield good results and may tend the model to
overfit. Similarly, the best results are obtained for a learning rate of
0.0001 for the three benchmark datasets into consideration (CORA,
Citeseer and PubMed). Fig. 14 shows that further reducing the learning
rate causes a drop in the performance efficiency of the model for CORA
dataset. Fig. 15 presents the trend analysis of the performance of the
model with number of epochs. At 500 epochs, keeping the learning rate
fixed at 0.0001 and hidden layer size of 4096 4096, the performance
attained by the model is optimum. Further increasing the number of
epochs for model training is not helping the cause and the performance
tends to deteriorate as the model starts overfiting. A similar analogy can
be drawn for the size of hidden layer. Further, a similar kind of analysis
can also be obtained for the two other kind of networks (Citeseer and
PubMed). Thus, it can be inferred that learning rate of 0.0001 and
hidden layer size of 4, 096 X 4, 096 is suitable for networks of different
variety and structural formation in order to have an efficient training
through Bet-GCN model. Number of epochs to attain the optimum
accuracy may differ depending on the size of the network. However,
all of these parameter settings are network dependent and vary slightly
depending on the nature of the task.

Learning Rate v/s Bet-GCN model’s Accuracy
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Fig. 14. CORA: Learning Rate v/s Bet-GCN accuracy curve.
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Fig. 15. CORA: Epochs v/s Bet-GCN accuracy curve.

VGAE and GAE [25] uses a Gaussian prior distribution over the
input features to learn embeddings. However, this has not proven to
be a very good choice. MTGAE [27] gives impressive results for link
prediction, but the accuracy of the method decreases when a larger
number of edges are removed from the graph. This is because only the
contribution of the available edges is considered. GLP [32] involves a
lot of preprocessing, such as community identification, followed by
extraction of optimized subgraphs. The link prediction task is then
performed over these distributed subgraphs. The method is not suitable
for networks with large diameters. The other link prediction strategies
mentioned in the work of Gu et al. [33] are GCN-based methods where
the selection of the training set is random. Our proposed method Bet-
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Fig. 16. AUC Curve for PubMed network with accuracy (97.96%).

GCN is also a variation of GCN technique where the training set is
selected based upon the betweenness centrality score. This helps in
capturing more neighborhood contribution for the model’s training. As
a result, there is more neighborhood aggregation in the computational
graphs. This will help the model to leverage the feature-based learning
and generate more accurate embeddings. Traditional GCN approaches
use random selection and, hence, they are not able to capture features
which are betweenness centrality based. It is due to this reason that the
method performs well in comparison to the other state of art methods.

In addition, the Bet-GCN model was also tested on two different
types of networks (since all three networks mentioned above were
citation networks): Amazon Product [39] and WikiCS [40]. The
Amazon Product network was collected by crawling the Amazon
website and contains product metadata and review information for
548552 different products (Books, music CDs, DVDs, and VHS video
tapes). WikiCS [40] is a web graph of Wikipedia hyperlinks collected
in September 2011. Bet-GCN link prediction model for both datasets
perform equally well as for the citation networks. Table V lists the
accuracy and respective F1-score values for the network.

TABLE V. AccurAcY AND F1-SCORE VALUES FOR AMAZON PRODUCT AND
WIKkICS NETWORKS

Network Accuracy F1-Score Test Dataset
Amazon Product 0.879 0.8801 upto 45%
WikiCS 0.9113 0.90 upto 45%

Fig. 17 and Fig. 18 show the training accuracy curves for both
networks using the Bet-GCN model. The results for the network
indicate that the approach is scalable with network size and applicable
to graphical networks of different domains. The results for these two
networks were evaluated with the same parameter settings used for
CORA, Citeseer, and PubMed, except for the layer size. Fig. 19 refers to
the confusion matrix for all the five graphical networks, which shows
the prediction capability of the proposed model Bet-GCN. Given the

-48 -



Special Issue on Al-driven Algorithms and Applications in the Dynamic and Evolving Environments

0.9

0.8

0.7

acc

0.6

0.5 train

validation

100 200 300 400 500

loss

100 200

epoch

300 400 500

Fig. 17. Training and Loss Accuracy Curves for Amazon Product Network.

0.900
0.875
0.850
0.825
3
$0.800
0.775

0.750

0.725 train

validation
0.700

500 1000 1500 2000 2500 3000

loss

0.8
0.6
0.4

0.2

500 1000 1500

epoch

2000 2500 3000

Fig. 18. Training and Loss Accuracy Curves for WikiCS Weblink Network.

CORA Citeseer PubMed
True True True True True True
Positive Negative Positive Negative Positive Negative
Predicted 2609 105 Predicted 2233 124 Predicted 20356 1813
Positive Positive Positive
Predited 163 2551 Predited 109 2248 Predited 344 23625
Negative Negative Negative
Amazon WikiCS
True True True True
Positive Negative Positive Negative
Predicted | /754 17684 Predicted | 5062 6773
Positive Positive
Predited 47810 247223 Predited 39511 219524
Negative Negative

Fig. 19. Confusion Matrix for the graphical networks.

large number of edges in the networks, the convolutional layer size
used for the hidden layer is 512 X 512. As one increase the number
of layers, the number of parameters that can be trained also increases,
and so does the execution time. This may improve the performance of
the model by a small percentage, but the tradeoff is very high.

The Betweenness centrality range for the networks in consideration
is shown in Table VL. The betweenness centrality measure denotes that
how often a particular edge (say ‘x’) gets visited among the total paths
in the network across any two nodes. This value, thus, will be in the
range 0 to 1. Also, availability of such paths passing through edge ‘x’
in comparison to the total number of paths between any two nodes in
the network will be very low. Hence, the betweenness centrality value
evaluated for each edge as per explanation in subsection B of section
3, this value will be a very small number. However, the values can be
normalized to any range/interval, but it will not affect the result as the

magnitude of the betweenness centrality value increases for each edge
by same factor.

TABLE VI. CITATION NETWORKS ACCURACY

Network Minimum Maximum
CORA 0 0.0359
Citeseer 0 0.0462
PubMed 0 0.0134
Amazon 0 0.0055
WikiCS 0 0.0165

Bet-GCN performance over Facebook-Pages-Food Dataset:
To further demonstrate the generalizability of Bet-GCN model in
the perspective of social links of a social media platform, the model
has been tested over Facebook-Pages-Food [43] network dataset.
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Fig. 20. Training and Loss Accuracy Curves for Facebook FoodWeb Pages.

Most social media platforms, including Facebook, can be structured
as graphs. The registered users are interconnected in a universe of
networks. The objective of link prediction is to identify pairs of nodes
that will either form a link or not in the future. Here, we worked on a
graph dataset in which the nodes are Facebook pages of popular food
joints and well-renowned chefs from across the globe and if any two
pages (nodes) like each other, then there is an edge (link) between
them. For calculating node embeddings we have applied node2vec [44]
on the graph. Then, Bet-GCN model is trained on 2259 edges and tested
for 2522 edges. On training for 1500 epochs we get f1-score of 0.9442,
which is a major improvement when compared to f1-score of 0.7817
for logistic regression in [43]. The model hyperparameter settings
have been kept same as for the above models. The training and loss
accuracy curves have been shown in Fig. 20 represents the training
and loss accuracy curve for the same. This further demonstrates the
prediction capability of Bet-GCN model with high accuracy on a
different variety of real world graphical networks.

Reason of selection of GCN based methods over classical
Machine learning and neural network techniques: The problem
with social media data is the availability of the feature for every
node in the graphical network. So, using correlational analysis and
belief propagation techniques are not suitable as these techniques
require features to be compared to calculate the similarity between
the nodes and their behavior. In the absence of feature-based
information, graphical structure information needs to be employed.
The proposed high betweenness edge centrality based selection will
lead to generation of computation graphs with more number of nodes
(in average) during training. Since, feature set aggregation is directly
proportional to number of nodes in the underlying computational
graph, a better training of the GCN model is guaranteed using
proposed approach. This in turn enhances the prediction capability of
the model. In the state of the art literature there are many evidences
where GCN based methods are outperforming traditional machine
learning methods. Jiang et al. [45] have shown that the performance

of GCN model to predict synergistic drug combinations in particular
cancer cell lines in comparison to classical machine learning
algorithms like Support Vector Machine, Radial Basis Function, Deep
Neural Networks etc. is much better. Tayal et al. [46] have shown that
the performance of GCN based techniques for text classification task
is superior in comparison to other ML and DL techniques like TF-
IDF with Logistic regression, CNN, Char CNN etc. The performance
improvement is of approximately 2% with reduced dataset for training.
Cao et al. [47] have shown in their comprehensive review article that
how GCNs surpassed the performance of various CNN models. From
these discussions, we can conclude that GCNs have high prediction
capability due to added power of network structural information.
Moreover, they can work well with limited feature availability and
information about many data points in the network.

Lastly, lets have a look on the computational complexity of the
model. The time complexity for calculating betweenness centrality of
edges in the network is given as O(|V|.|E|) [48], where, |E| are the
number of edges and |V| are the number of nodes or vertices in the
network. Further, the time complexity of GCN based training is given
as O(L.|V|.|F?]) [49]. Here, ‘L’ represents the number of layers of the
neural network, ‘V’ represents number of vertices and ‘F’ represent
feature vector corresponding to each node of the graphical network.
Then, overall complexity for the algorithm can be given as:

T =0(|VI.IE)) + O(L.IVI.IF?|) (26)
For real world networks, |E| > > |V|, but |E| < |V|. Therefore,
ovI®) << o(VI=IED < O(IVI®) (27)

Also, L<<|V| and is a constant value, so it can be omitted. Since,
F<|V|, this means that F2<<V?2 Therefore, from equations (26) and
(27), we have,

O(IVI.L.IF?)) = O0(IV| = [F?]) < O(IVI?) (28)

Hence, the overall time complexity of Bet-GCN model evaluates
out to be of cubic order as a function of number of vertices. This
means that solution is attainable in polynomial time. Moreover, the
training process takes into consideration only 50 - 55% nodes into
consideration. Given the advancements in computational power
of modern day computers having GPU processors, the task can be
accelerated significantly despite of cubic order time complexity of the
process. Also, it is to be noted that even in case of traditional GCN the
time complexity will be upper bounded by O(L.|V|.F*) = O (|V]?). So,
betweenness centrality based calculation do not hurt the overall time
complexity of the task.

VI. CONCLUSIONS

The paper presents a variation of the traditional Graph
Convolutional Network approach for the task of link prediction.
An approach based on betweenness centrality was chosen for the
selection of the edges to be trained. Thus, the top-k edges are selected
to create the training set of edges that have a high value for edge
centrality. This idea contributes to a significant improvement in model
accuracy. The proposed model outperforms other state of the art based
deep learning methods as the results are promising even with a high
percentage of test dataset. The accuracy of the model was tested for up
to 45% test dataset, while most state of the art models have reported
accuracy over 5 - 10% test dataset. The reason for this improvement is
the increased neighborhood span, which helps in generating rich node
embeddings in GCN-based training for the model. The effectiveness
of the results in the three datasets: CORA Citeseer and PubMed, was
confirmed by the AUC curves. Moreover, the model has achieved
impressive results on Amazon Product, WikiCS and Facebook Food
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Web Page networks, which are very large and belong to a different
category than the previous three, showing that the method is generic
and can be applied to graphical networks of different domains. In
summary, the key contributions of the manuscript are:

Proposing an efficient GCN-based link prediction technique where
the training set is selected based on edge betweenness centrality.

Mathematical and experimental justifications of the improvement
in GCN based training for link prediction.

Detailed comparison of the results with the current state of the
art methods for link prediction by performing experimental
simulations over 6 different networks.

In future, the model can be tested with a larger number of complex
network datasets to further verify the robustness of the proposed
model. Moreover, the same model can be tested to determine the
performance improvement on other tasks such as node classification,
graph classification etc.
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