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Abstract

Online Social Networks (OSNs) are information networks in which users participate by providing links
to other users, publishing content, and joining the network itself. OSNs have emerged as a
prominent medium for the dissemination of information and the promotion of both new and viral
applications in the present day. The examination of these information networks through social
network analysis reveals interaction patterns among the entities. There are numerous methods for
identifying influential users in OSNs, ranging from straightforward neighbour count computations to
more intricate methods involving machine learning and message-passing. The detection of
influential nodes in complex social networks is of the utmost importance owing to the vast
quantities of data involved and the dynamic nature of existing topologies. Methods that rely on
machine learning and centrality primarily consider node topologies or feature values when assessing
the significance of individual nodes. Although network topologies and node attributes should be
considered in the process of determining the influential value of nodes, this should happen
simultaneously. Because of the massive volume of data and the dynamic nature of current
topologies, identifying influential nodes in complex social networks is essential. When assessing the
significance of nodes, centrality-based and machine-learning techniques primarily use node
topologies or feature values. However, while calculating the influential value of nodes, consideration
should be given to both network topologies and node properties. Graph Convolutional Networks
(GCN) are a deep learning model that this study has suggested to find the significant nodes in graph-
based huge datasets. This article provides a comprehensive review of recent studies that have
investigated the identification of influential users in OSNs.
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1. Introduction

Ever since its inception, the Internet has emerged as a primary conduit for news. The most widely
recognised information-sharing network that has emerged as a result of the Internet is the World

Wide Web as shown in Figure 1.

@o@

Figure 1:Different Social Networks Used

In recent times, "Online Social Networks
(OSNs)" have emerged as a distinct category
of information networks, surpassing the
conventional Web in terms of usage. Online
Social Networks (OSN) have emerged as a
highly captivating phenomenon over the last
decade, in part, as a result of the proliferation
and decreasing cost of Internet-capable
devices (e.g., tablets, smartphones, and
personal computers).The recognition of
influential nodes in networks has become a
subject of considerable interest in recent
times, owing to its far-reaching implications
across numerous fields, including
epidemiology, recommendation systems, and
social network analysis.  Conventional
methodologies frequently depend exclusively
on machine learning techniques or the
structural properties of the network, both of
which have inherent shortcomings when it
comes to comprehending the complex
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dynamics of network structures.[1] This paper
presents "Synergistic Fusion," an innovative
method that combines machine learning and
structural techniques in Graph Convolution
Networks (GCNs) to improve the identification
of influential nodes. Our approach seeks to
capture the intricate relationship between
network topology and node attributes by
capitalizing on the inherent benefits of both
processes. In contrast to conventional
techniques, GCN methods demonstrate
substantial enhancements in the accuracy of
identifying influential nodes. This
demonstrates the effectiveness of integrating
structural and machine learning
methodologies in GCNs in a synergistic
fashion.Networks are present in a broad
spectrum of domains, encompassing social
networks, transportation networks, and
biological systems. It is imperative to
comprehend the intricacies of these

www.neuroquantology.com

&

356



NeuroQuantology| February 2021 | Volume 19 | Issue 2 | Page 355-372|doi:10.48047/nq.2021.19.2.NQ21060
Yasir Rashid et al/ Synergistic Fusion: Graph Convolution Networks Integrating Structural and Machine Learning Approaches for Influential

Node Identification Using Graph Convolution Networks

networks dynamics and discern influential
nodes within them due to their significance in
various applications such as targeted
marketing, epidemic control, and
recommendation systems.[2] Critical to the
dissemination of information, influence, and
behaviour across the network are influential
nodes. As a result, it is critical to precisely
identify these locations in order to maximize
the effectiveness of interventions and
optimizethe allocation ofresources.
Conventional methodologies for identifying
influential nodes predominantly concentrate
on either machine learning techniques or the
structural characteristics of the network.
Structural methods frequently depend on
centrality measures, including eigenvector
centrality, degree centrality, and betweenness
centrality, which evaluate the significance of
nodes in the network exclusively on the basis
of their connectivity. Although these
approaches are intuitive and computationally
efficient, they might fail to consider critical
elements like node attributes and the
dynamic nature of network interactions.

Conversely, machine learning-based
methodologies exploit relational information
and node attributes to discover intricate
patterns and interconnections within the
network.[3] These methodologies provide the
adaptability to integrate a wide range of
characteristics  and capture  complex
interconnections among nodes. However,
they may encounter difficulties when applied
to large-scale networks and training on which
substantial quantities of labelled data are
necessary, which can be difficult to obtain.
Graph convolution networks (GCNs) have
gained prominence in recent times as a robust
framework for acquiring representations of
data that are structured in the form of graphs.
In order to accomplish graph-related duties
such as node classification and link prediction,
GCNs utilize both network topology and node
attributes. Through the iterative aggregation
of information from adjacent nodes, GCNs are
capable of efficiently capturing both local and
global patterns present in the network.
This paper presents a novel approach called
"Synergistic Fusion" which integrates machine
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learning and structural methods within GCNs
to identify influential nodes, thereby
overcoming the limitations of existing
methods.[4] By integrating node attributes to
improve  predictive  performance and
capitalizing on the rich structural information
encoded in the network topology, our method
seeks to capitalize on the complementary
strengths of these approaches. We aim to
enhance the reliability and precision of the
process of identifying influential nodes in
intricate networks through the synergistic
integration of machine learning and structural
techniques.

A graph is an easy to understandand
comprehensible method for abstracting data
into fundamental structures. It preserves the
information flow and interaction patterns of
real-world data. By employing graphs in this
manner, one can uncover facets of data and
extract valuable insights from them.
Determining the significance of nodes in
graphs with respect to data distribution and
connectivity is a critical concern. There are
numerous  applications  for identifying
influential nodes in network research,
including detecting significant viral
distribution in online communities, predicting
crucial protein functions, quantifying scientific
impacts, identifying economic risks , and
forecasting career or professional
advancements or movements . Numerous
prior investigations have utilized machine
learning techniques and centrality
methodologies to quantify the importance of
nodes with respect to their attributes and
physical structure. Structures are overvalued
in centrality-based techniques, whereas
functions are undervalued.[5] The functional
significance of a node in an influence situation
is not entirely captured by current algorithms
that evaluate node importance using a single
framework piece of information. The use of
feature engineering in machine learning
approaches is excessive. Particularly impacted
by feature selection is the efficacy of machine
learning algorithms. The connectivity between
neighboring nodes and the nodes themselves
also impacts the influence of the nodes. Node
influence  metrics, including centrality
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measures, offer a statistical viewpoint on the
manner in which nodes mould the
architecture of a graph and the way in which
their presence or absence affects the
structure of the graph. A strategic advantage
is gained by a node that is easily accessible
from neighbouring nodes in comparison to
those that have a larger number of immediate
neighbours. A node is considered
fundamentally central in a network if it can
promptly transmit any message to other
nodes; that is, it is connected to a significant
number of nodes via the geodesic (shortest)
path feasible. By employing the concept of k-
shell decomposition, structural centrality can
be quantified. The k-core is a subgraph where
the degree of each vertex is equal to or
greater than the k-value. The k-shell
decomposition is employed to ascertain this
centrality metric by recursively partitioning
the network through the elimination of nodes
whose degrees are lower than the k-value. Re-
analysing the network thereafter, any nodes
that still have k links remaining are
determined to have k or fewer. If these nodes
are extant, they are also eliminated. The
network consists of k nodes once the
procedure is complete. [6]The k-core of the
network is the resulting subgraph of this
operation. Recently, Graph Convolutional
Networks (GCN) have become an increasingly
popular form of deep learning model. Both
node characteristics and node relationships
can be evaluated. Graph Convolutional
Networks (GCN) have been successfully
applied across various scientific domains, such

2.Structural or Centrality Based Approaches:
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as natural language processing, online social
media, and biochemistry and clinical research.
Graph  Convolutional Network  (GCN)
frameworks are distinguished by their ability
to process data that is structured in the form
of graphs[7]. This capability enables the
evaluation of a diverse array of systems across
multiple domains. Due to these attributes,
Graph Convolutional Networks (GCN) models
can be utilized to accomplish particular
objectives in complex networks. Graph
Convolutional Networks (GCN) are founded
on the premise that node features are
aggregated via graph edges. In a multi-layer
Graph  Convolutional  Networks  (GCN)
architecture, all paths that begin or terminate
at a node gather attributes from the
neighbouring nodes along those paths. By
iteratively  aggregating  the  structural
information of nodes' immediate environs,
descriptions of nodes are generated.
Numerous authors have proposed a method
for selectively aggregating features that
leverages the shortest paths in the network
and capitalizes on the Graph Convolutional
Network's capacity to discover the graph
topology. As a consequence, prior to usage,
the characteristics of each node are compiled
through multiple iterations along the graph's
potential shortest paths.[8] In the subsequent
phase, which employs a ranking-based loss,
the aggregated information from the node
was used to train a scoring function that
establishes connections between the scores
of the centrality measures.
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Figure 2: Topological methods for influential user detection

Practiced techniques Scientists have been
endeavouring to develop centrality-based
methods that utilize topological structures,
while attempting to do so while sacrificing
flexibility and performance. The presently
available approaches can be classified into the
following four groups: (1) distance-based
methodologies, including Betweenness
centrality and closeness centrality, which
consider the geodesic (shortest) distance
between nodes; (2) neighbour-relationship-
based methodologies, which determine the
number of neighbours; (3) iteration-based
methodologies, which utilize neighbour-
relationship-based methodologies to evaluate
nodes themselves; (4) neighbour-relationship-
based methodologies, which utilize
neighbour-length measures to determine the
significance of neighbours as shown in figure
in2.
L. Degree Centrality:
Degree  centrality of any
user/node in a graph like web
may be in simple words referred
to the count of edges that are
incident with it, or in other terms
as the final count of those nodes
that are head-to-head to it.[9]
Degree centrality is one of the
modest measures of node
connectivity.Hence, it is
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sometimes supportive to consider
an in-degree (sum total of
inbound links) and out-degree
(sum total of outbound links) as
discrete measures.

Closeness Centrality:

Closeness centrality helps us
locate the nodes that are
positioned to quickly have an
influence on the network as a
whole. It examines the node's
proximity to other nodes in the
network. Therefore, closeness
centrality defines scores for each
and every node on the basis of
their ‘closeness’ prior to rest of
nodes in that network. [10]We
can use closeness centrality as an
extent that recognizes how
rapidly can information be sent
from a single node to all other
nodes, means this centrality assist
us to locate better ‘broadcasters’.
When you are inside of a network
that is tightly linked, you will see
that complete nodes have a
parallel score more often.
Because of this, it is more
beneficial to utilize closeness
centrality to discover influencers
inside a single cluster. This section
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finds the shortest routes
connecting every node and
provides each node a score based
only on the aggregate of all its
shortest routes. It is determined
by averaging the lengths of the
shortest route from each system
node to every other system node.
It classifies nodes as more central
if they are closer to the majority
of the graph's other nodes, which
is one of proximity centrality's key
advantages. When we create a
network, a node with a high
nearness centrality will typically
appear toward the centre of the
graph, which substantially
influences visual centrality. The
ideas of closeness centrality and
farness centrality are meticulously
related.[11] The closeness may be
defined in such a manner that if a
vertex is near to every other
vertex, then consequently the
value is higher than if the vertex is
not near to everything else.

Betweenness Centrality:

In order to identify the nodes that
influence the circulation round a
system, Betweenness centrality is
worthwhile for analysis of the
announcement of dynamics. The
frequency with which a node
serves as a bridge along the
shortest route that is practically
possible between any two nodes
is denoted by the symbol BC. To
calculate BC, first all of the
shortest paths have to be located,
and then the number of times
that each node falls on one of
those pathways has to be
counted. Betweenness is used to
identify significant nodes in social
networks online. [12]BC is used as
a metric that depicts a individual's
role in allowance of information
to regulate.

Kartz Centrality:

Katz centrality considers all the
network paths for determining
influence of a node. Katz
centrality is referred as
measurement of centrality in a
network. Established by Leo Katz
in 1953, and for a node or actor
surrounded by a social network, it
is primarily used to determine
that node's relative degree of
influence. By counting the nodes
that are immediately next to a
given node, Katz centrality may be
used to assess a node's relative
influence and all other nodes in a
social network that are connected
to it through immediate
neighbours.[13] Katz centrality
assesses influence by considering
the entire number of links/walks
between a pair of players, as
opposed to other measures of
centrality that simply examine the
shortest route (the geodesic)
between them
Eigenvector Centrality or Eigen
centrality:
In addition to the amount of links
that exist between nodes, the
effect ratings of connected nodes
are considered while calculating
eigenvector centrality, which is
more frequently known as Eigen
centrality. Eigenvector Centrality
of a node in a network describes
the extent to which that node is
influential in relation to the
number of connections that it
keeps open with various other
nodes within the network. This is
accomplished by giving points or
scores to every other node within
the network, on the basis that
analogous connections to close to
the bottom nodes do not
contribute any more points or
scores, but links to top scoring
nodes do generate additional
points or scores. One way to look
at the relevance of a node is as
having a direct proportional
www.neuroquantology.com
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relationship to the sum of the
impact scores of the other nodes
in the network to which it is most
closely connected. Eigenvector
Centrality is a step ahead of
previous centrality metrics since it
takes into consideration how well
a node is linked, as well as how
many linkages their connections
have, and so on and so forth
across the social network. By
calculating Prolonged connections
of a node not only those
connections which are directly
connected to that node,
Eigenvector centrality locates
nodes as per influence over the
complete network. Eigenvector
centrality calculates a node’s
position by taking into attention
the value of its neighbour’s. [2]Let
us illustrate it with the help of an
example, a node which has 100
very widespread friends like
Amitabh  Bachchan will high
eigenvector centrality as
compared to a node which have
100 relatively unpopular friends
on social platform like Facebook.
It is sometimes used to quantify
the effect of a node in a network.
Using the adjacency matrix, it is
guantified by completing a matrix
computation to obtain the
primary eigenvector. The most
important notion is  that
connections from crucial/vital
nodes (as defined by degree
centrality) are more important
than linkages from less significant
nodes. Nodes with high no of
edges start gaining importance as
the computation progresses but
all the nodes start off equal. Their
significance  spreads to the
connecting nodes. After
computing again and again, the
resulting values stabilize and
hence concluding at providing
values for eigenvector centrality
PageRank algorithm:

Famous algorithm ‘PageRank’ first
time invented by Sergey Brin and
Larry Page is broadly used for
Ranking of web pages. It is named
after Larry Page, one of Google's
renowned founders. Irrespective
of the content, PageRank set of
rules is used for international
ranking of internet pages
constructed completely at the
related edges on a web Graph.
PageRank algorithm is used to
measures the transitive or
directional have an effect on of
nodes. Rest of the centrality
algorithms mentioned thus far
measure the direct have an effect
on of a node, while PageRank set
of rules in particular offers with
the the impact of your
neighbour’s and their
neighbour’s.[14] If we have a rare
influential friend, it'll raise your
PageRank more than just having a
variety of low-have an impact on
networks.  PageRank's  Rules,
which are dependent on a node's
main measurements and related
link counts, and PageRank scores
of all linked hyperlinks, are used
in an iterative process to create a
node's value. This value is
determined by the node's
PageRank score. Either by
randomly traversing the network
and keeping track of the number
of times each node is struck
throughout the course of walks,
or by repeatedly spreading a
node's rank among its neighbors,
RageRank may be calculated in
one of two ways. PageRank
algorithm can be employed in
diverse systems like it is used to
understand vital influential nodes
in plentiful practical packages. In
order to get a rough assessment
of the relevance of a node, The
PageRank method employs a
computation that takes both the
quantity and quality of a node's
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connections into consideration.
There is much greater probability
that the important nodes will get
more links from other nodes is
the underlying assumption here.
As a result of the PageRank
algorithm, a person who
arbitrarily hits on links will appear
at any specific node. PageRank

3. Machine Learning Based Methods:

Graphical Representation
media = Feature Extraction

* Input from social

¢ Data Collection Profiling Influencers

may be measured for collections
of social networks of any length.
The PageRank computations
entail several passes, termed
“iterations”, through the
gathering to adjust approximately
PageRank values so that it will
similarly carefully mirror the
theoretical actual fee

Learning and

—> Prediction —
Machine Learning
Algorithms

Classification
Analyze and Detection

Figure 3:Machine Learning flow for influential user identification

Extensive research has been conducted on
these techniques, with the majority of it
devoted to feature selection and feature
extraction in an effort to enhance
performance .The general machine learning
approach for influential user identification is
shown in figure 3. Support Vector Machine
(SVM) and Logistic Regression (LR) are two of
the most frequently employed machine
learning techniques in this field. These
methods have the capability of identifying
critical locations across various domains,
thereby establishing the groundwork for
subsequent investigations in the field. Rather
than placing emphasis on the connections
among the items, machine learning
methodologies exclusively consider the
characteristics of the objects under
investigation.

Additionally, the distinction in influence
distribution and the community structure are
utilized in conjunction with a suggested
algorithm that maximizes influence to
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ascertain the most influential nodes within
the graph networks. Developing a method for
identifying communities within a social
network through the use of network
embedding is the initial step. The candidate
and eager phases constitute the second
element of the influence maximization
solution. Influence propagation further
classifies communities according to their
shared interests. There are three
contributions to this work. Prioritize the
indirect user effect according to shared
interests initially. Subsequently, assess the
dispersion of content. [8]Lastly, introduce an
ultimate ranking model (UltRank) that
considers  both  direct and indirect
contributions by employing a novel parameter
metric, reachable interest groups, and
reachable nodes. Furthermore, an innovative
approach has been devised to detect
anomalies in ascribed social networks. Diverse
demand forecasting endeavours have been
implemented to discern market trends and
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patterns in social networks by leveraging
consumer data, interests, recommendations,
and feedback.
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Supervised vs Unsupervised:
Supervised  machine learning
algorithms require labelled data
to train the model, whereas
unsupervised machine learning
algorithms do not require labelled
data. In the context of influential
user detection, supervised
algorithms can be used to train a
model on labelled data, where the
labels indicate the level of
influence of each user, and then
use the trained model to predict
the influence of new users.
Unsupervised algorithms, on the
other hand, can be used to
identify patterns and relationships
in the data without the need for
labelled data.

Graph-based vs  Non-graph
based: Graph-based machine
learning algorithms take into
account the graph structure of the
data, i.e. the relationships
between wusers in a social
network. These algorithms can be
used to identify the most
influential users based on their
connections with other users in
the network. Non-graph based
machine learning algorithms do
not consider the graph structure
of the data and can be used to
identify influential users based on
features such as the number of
followers, the frequency of posts,
and the engagement of followers.
Regression vs Classification:
Regression algorithms are used to
predict a continuous value, such
as the level of influence of a user.
Classification algorithms, on the
other hand, are used to predict a
categorical label, such as whether
a user is influential or not.
Traditional Machine Learning vs
Deep Learning: Traditional

VI.

machine learning algorithms, such
as decision trees, random forests,
and support vector machines,
have been widely used in the task
of influential user detection. Deep
learning algorithms, such as
neural networks and
convolutional neural networks,
have become increasingly popular
in recent years and have shown
promising results in the task of
influential user detection.
Weighted Correlation Influence:
The Weighted Correlated Impact
(WCI) technique was presented in
this work. It considers the relative
contribution based on time and
trend-specific online user
attributes as shown in Figure In
order to give users of online
platforms with an influence score
that is reflective of the combined
effect, the method in question
involves merging the profile
activity and the underlying
network  structure.  Twitter's
#CoronavirusPandemic hashtag is
utilized to measure the
performance of the suggested
strategy. Additionally, the findings
have been confirmed for a second
social media trend. The two
datasets were constructed using
hashtags that are trending
internationally. The experimental
findings  indicate that the
suggested Wl outperforms
existing techniques in terms of
accuracy, recall, and F1-measure
validation.[15] The base for
influential user detection s
formed by taking multiple
parameters into consideration. As
the problem of finding influential
users is hard and is in infancy
stage, more research can be done
for effectively finding prominent
users from Social Networks
Independent and Linear Cascade
Model: Two new effective
algorithms, called "MinCDegKatz
www.neuroquantology.com
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d-hops" and "MaxCDegKatz d-
hops," were created as a direct
outcome of this study. Due to
their proven effectiveness and
performance in terms of influence
distribution and reduced
execution complication, such
algorithms rely on a mix of
centralization  methods.  The
proposed approaches combine
degree centrality as a
neighborhood metric with Katz
centrality as a global metric to
determine the most important
nodes in a network with
predetermined weight edges that
are larger than some threshold.
For this reason, a hop count that
changes with the radius of the
graph is used to ensure that the
different seed sets selected
remain unique from one another.
The Independent Cascade (IC) and
Linear Threshold (LT) models
were then used to examine the
impact spread of the two
proposed techniques. Extensive
tests were conducted on a large-
scale network in this paper to
demonstrate the efficacy of the
suggested algorithms Vs
competing methods .[16]The tests
were conducted to demonstrate
the efficacy of the suggested
algorithms in terms of their ability
for  propagation and their
computational complexity.

k-shell decomposition and N-
gram similarity :Using k-shell
decomposition and N-gram
similarity, the authors of this
study developed a de-duplicated
k-shell influence estimating (DKIE)
model in social networks, which
may be used to identify key
opinion leaders in any given field.
The DKIE approach consists of two
fundamental processes, the
discovery of both domain-specific
and universal important
spreaders. In the first step, we

utilize the k-shell decomposition
method to rank each socially
engaged user by their importance
in terms of the network's
structural connections and hence

their potential for spreading
information.[17] Despite the
presence of duplicate

connections, it  distinguished
between groups resembling the
core and the real core and
identified the most successful
spreaders.In the second step, N-
gram similarity assessment was
utilized to categorize the best
spreaders within each area by
considering the topics they most
often discussed. The results prove

that the DKIE technique is useful
The amount of followers, retweets, and tags
are used to predict influential individuals on
Twitter. Nonetheless, show that, in addition
to direct criteria, additional useful
characteristics, like the number of public lists,
Quantity of the tweets that are done recently,
and the ratio followers vs friends, may be
used to forecast powerful persons. In another
work, many characteristics are retrieved for
SVM training. Features use three distinct
aggregation methods: score-based, list-based,
and SVM-based. Combining user location
inside a network, user viewpoint direction,
and tweet excellence yields the impact score .
Additionally, a logistic regression analysis was
used to identify significant drivers of user
effect. Four machine-learning methods were
trained and evaluated using these
characteristics. In the ACQR framework was
suggested.[18] This method extracts a set of
indicators deemed to be differentiating
characteristics for identifying successful
consumers in Online environments: activity,
centrality, post excellence, and prestige. The
SVM is then trained using the four
characteristics. To identify influential users in
OSNs, examine a large variety of traditional
criteria, such as user behaviour, regional
topography, creative features, tweet
characteristics, and string of words
occurrence weighting. The conclusion of this
investigation is that conventional
www.neuroquantology.com
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characteristics provide negligible effects. The
authors offer a collection of novel
performance-enhancing enhancements.
However, this study cannot be generalized
due to the absence of thorough conventional
characteristics from prior research. In
addition, this research use a particular
dataset, with conclusions applicable only to
that dataset, in order to identify prominent
users in OSNs utilizing the numerous variables
used to train the learning models. Moreover,
following work has also been done towards
the detection of influential users by machine
learning approaches as follows. For
discovering influential nodes, a single
framework, such as Latent Interaction Graph
Extraction (LIGE), Degree Centrality based
Influential Inference (DCll), and Formation
Stability Coefficient mostly dependent Re-
ranking, is suggested (FSCR). Neural
Relationship Inference makes use of LIGE to
reconstruct the latent interaction network
using the encoder and vibrant track data. DCII
measures the relevance of nodes using the
conventional graph model.[19] The use of the
formation balancing coefficient, which is part
of the re-ranking module known as FSCR, is
used to evaluate the stability of the swarm
formation and to re-rank the candidates. Our
method successfully determines which nodes
within a drone swarm are the most influential,
as shown by the results of experiments
performed on datasets including drone
swarms. Because of the very lengthy
timeframes required for LIGE extraction, it
might be challenging to identify the core node
within the allotted time. By adjusting the
encoder shape, it is possible to reduce the
extraction time to at least twice the unique
value. Identifying significant nodes in complex
networks is of critical importance for their
extended packages. Although centrality
measures have traditionally been derived

4. Graph Convolution Networks:
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from the topological systems of networks,
novel centrality approaches keep in mind
other, structural elements that are of practical
importance. However, in many cases, the
relevance of a node and its several
functions—such as local area, global region,
etc.—are intertwined in a complicated and
nonlinear way, which cannot be described by
a single centrality. This research proposes a
machine-learning-based method for
determining which nodes are important in a
given spreading circumstance. This framework
first labels each node with its precise
transmission  capacity  obtained from
simulated transmission experiments based on
the SIR model, and then uses seven device
mastering algorithms to analyze the complex
court, all based on the prevalent centrality
strategies that can reflect nodes' unique
topological structures and the contamination
rate that is an essential part of the
transmission  scenarios. The results of
experiments on real-world networks show
that the model based on system learning has
higher classification accuracy than the
conventional centrality approaches relying on
a single topology. [2]Using Twitter's API, this
study extracts data from the social networking
website Twitter. The retrieved data is
manually categorized into propaganda and
non-propaganda classifications. Three distinct
textual characteristics (TF/IDF, bag of words,
and tweet length) are being combined to
accomplish  hybrid feature engineering.
According to the findings, propagandistic
material was longer than non-propagandistic
content. Using machine learning algorithms,
tweets are classified as either propaganda or
non-propaganda. With an accuracy of 98.5\%,
a precision of 0.99, a recall of 0.99, and an F1-
Score of 0.99, the decision tree classifier
outperformed all other machine-learning
techniques.
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Figure 4: Graph data using GCN

Figure 5: GCN Method for Influential User Detection

Conventional deep learning algorithms
operate within the Euclidean space due to the
transformation and representation of the
dataset in one or two dimensions. This
methodology leads to information loss,
particularly  concerning the correlation
between two entities. The network
architecture of the brain, for instance,
indicates that the data is stored in the
neuronal nexus. [14]Strong inferences
regarding connectedness or relationships can
be made using graph networks in a non-
Euclidean space. Intricate graph networks
have developed with the purpose of
optimizing information transfer efficiency and
effectiveness  while  minimizing energy
consumption in order to complete complex
tasks. While graph networks partially mitigate
spatial challenges, there are still temporal
challenges that need to be resolved. The
current trend is to extend Neural Network
(GCN) theories with graphs as shown in figure
4; for instance, to conduct a Graph
Convolution, an image can be viewed as a
specialized graph in which the pixels are
related to their adjacent ones.

4.1 Hyperparameter’s for influential user
detection using GCNs :

Graph convolutional networks (GCNs) are a
type of neural network architecture designed
for processing data that is structured as a
graph, such as social networks. In the context
of influential user detection, GCNs can be
used to identify the most important or
influential users in a social network based on
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their connections to other users.Here are
some hyperparameters that are commonly
associated with graph convolution networks
for influential user detection as shown in
figure 5:

l. Number of convolutional layers:
This hyperparameter determines
how many layers of convolutions
are applied to the graph. More
layers may lead to better
performance but also increase the
risk of overfitting.

1l Number of units per layer: This
hyperparameter determines the
number of units (or neurons) in
each convolutional layer. A larger
number of units can capture more
complex relationships but also
increase the risk of overfitting.

1. Activation function: The
activation function applies a non-
linear transformation to the
output of each layer. Common
activation functions include RelLU,
sigmoid, and tanh.

V. Dropout rate: Dropout is a
regularization technique that
randomly drops out a percentage
of the units in each layer during
training. This helps to prevent
overfitting by forcing the network
to learn more robust features.

V. Learning rate: This
hyperparameter determines how
quickly the network adjusts its

www.neuroquantology.com

366



NeuroQuantology| February 2021 | Volume 19 | Issue 2 | Page 355-372|doi:10.48047/nq.2021.19.2.NQ21060
Yasir Rashid et al/ Synergistic Fusion: Graph Convolution Networks Integrating Structural and Machine Learning Approaches for Influential

Node Identification Using Graph Convolution Networks

weights during training. A larger
learning rate can lead to faster
convergence, but may also cause
the network to overshoot the
optimal weights.

VL. L2 regularization parameter: L2
regularization is a penalty term
added to the loss function to
discourage the network from
assigning too much importance to
any one feature. The L2
regularization parameter
determines the strength of the
penalty term.
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VII. Initialization method: The
initialization method determines
how the network initializes its

weights. Common initialization
methods include random
initialization and Xavier
initialization.

These are just a few of the hyperparameters
that can be tuned in a graph convolutional
network for influential user detection. The
optimal values for these hyperparameters will
depend on the specific task and dataset being
used.
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Figure 5: GCN method for influential user identification

4.2 Evaluation Techniques:

. Accuracy: in influential user detection
refers to the degree to which the identified
influential users truly have a substantial
impact on the network, and the extent to
which they accurately represent the true
influential users within the network.

1. Precision: in social network analysis,
precision in influential user detection refers to
the proportion of identified influential users
that are actually influential, as opposed to
those that are falsely identified as influential.
In other words, it measures the accuracy of
the positive predictions made by the
influential user detection algorithm. High
precision means that the identified influential
users are more likely to be truly influential,
and thus, the results of the analysis are more
reliable. Low precision, on the other hand,
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means that there are more false positives,
which can lead to inaccurate or misleading
results.

1. Hit count: typically refers to the
number of times a user has been mentioned
or referenced by other users in a given
dataset, such as in a social network or online
community. In other words, the hit count is a
measure of how frequently a user has been
"hit" by others in the form of likes, comments,
shares, or other types of engagement. The
underlying assumption is that users who
receive a high hit count are more likely to be
influential than those who receive a low hit
count, as their actions and content are more
visible and have a greater impact on others.
V. Recall: is a measure of the proportion
of actual influential users that the model
correctly identifies as influential. It s
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calculated as the ratio of true positive (TP)
predictions (i.e., the number of influential
users correctly identified by the model) to the
total number of actual influential users in the
dataset (TP + false negative (FN) predictions).
V. F1 score:is a weighted average of
precision and recall, where precision is the
proportion of predicted influential users that
are actually influential. It is calculated as 2 *
(precision * recall) / (precision + recall). F1
score combines both precision and recall into
a single metric, and provides a way to
compare models based on their ability to
balance  between correctly identifying
influential users (recall) and avoiding falsely
identifying non-influential users (precision).
VL. MAP(mean average precision ):
measures the average precision of the ranked
list of influential users generated by the
algorithm, considering all possible levels of
recall. To calculate MAP, the algorithm first
generates a ranked list of users based on their
predicted influence scores. Then, for each
level of recall, the algorithm calculates the
precision of the top-ranked users up to that
point. Precision is calculated as the ratio of
true positive predictions to the total number
of predicted positive (influential) users at that
level of recall. Once the precision is calculated
for all levels of recall, the algorithm averages
the precision scores to obtain the MAP. MAP
provides a comprehensive evaluation of the
algorithm's ability to correctly rank influential
users, considering both the order and the
number of influential users in the ranking.

vii. Mean Absolute Error: the MAE
measures the average absolute difference
between the predicted influence scores and
the actual influence scores for a set of users.
For example, suppose we have a dataset of
users and their corresponding influence
scores, and we want to develop a model that
predicts the influence scores for new users.
We can use MAE to evaluate the accuracy of
our model by comparing the predicted
influence scores to the actual influence scores
for a set of test users. A low MAE indicates
that the model is accurately predicting the
influence scores, while a high MAE suggests
that the model is not performing well. By
minimizing the MAE, we can improve the
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accuracy of the model and make it more
effective at identifying influential users in a
social network.

VIIL. Root Mean Square Error (RMSE):is
another commonly used metric in machine
learning and data analysis to measure the
difference between predicted and actual
values. In the context of influential user
detection, RMSE can also be used to evaluate
the performance of a model that predicts the
influence of different users on a social
network.

Like MAE, RMSE measures the average
difference between predicted and actual
values, but it considers the squared
differences between the predicted and actual
values, rather than just the absolute
differences

IX. AUC(Area Under Curve ):is a useful
metric for evaluating the performance of
binary classifiers in influential user detection,
and a high AUC score indicates that the
classifier is effective at distinguishing between
influential and non-influential users.

X. Normalized Discounted Cumulative
Gain (NDCG):is a commonly used metric for
evaluating the effectiveness of ranked lists,
such as those generated in influential user
detection. NDCG takes into account both the
relevance of the items in the list and their
position in the list, and provides a normalized
score that ranges from 0 to 1.

Pearson correlation coefficient is a commonly
used method for calculating the correlation
between two variables. It measures the linear
correlation between two variables, with a
value ranging from -1 to +1, where -1
indicates a perfectly negative correlation, +1
indicates a perfectly positive correlation, and
0 indicates no correlation.

A high positive correlation coefficient
indicates that the predicted influence scores
are highly correlated with the actual influence
scores, which suggests that the model is
accurately predicting the influence of users in
the social network. On the other hand, a low
or negative correlation coefficient suggests
that the model is not performing well.

In summary, correlation coefficient is a useful
metric for evaluating the performance of
models in influential user detection, and
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Pearson correlation coefficient is a common
method for measuring the correlation
between predicted and actual influence
scores.

5. Open Challenges for influential user
identification :  As the number and size of
social networks continue to grow, however,
determining a user’s social impact poses a
number of difficulties. We think there are a
number of obstacles in this scenario, and we
outline some of them below .It is difficult to
characterise the causal relationship of social
influence and the uncertainty of social
influence  because, first, we lack a
mathematical definition and measurement of
social influence; second, it is difficult to decide
the major factors for a specific case to social
influence modelling; third, there is no
effective ways to properly integrate various
factors for influence measurement. Different
centrality methods consider various network
structures. For example, some methods
consider global structures represented by
betweenness centrality and closeness
centrality, while others consider local patterns
represented by degree and semi-local
centrality. The significance of a node,
however, is not only tied to its local and global
structures in many practical scenarios, such as
the propagation scenario, but is also related
to other factors, such as the significance of its
neighbours and the infection rates.[20]
Between a node's functional significance and
its various characteristics, there is a
complicated coupling relationship. The
common flaw of traditional centralities is that
it is impossible to consider all relevant aspects
in a single centrality, which results in real-
world performance and flexibility restrictions.
These traditional measures weren’t found too
much useful because of many reasons like
they have high computational complexities,
they also do global ranking in which they are
based on their betweenness centrality select
top-k nodes but there is possibility that these
top- k nodes might belong to single
community due to which the reach or
diffusion then isn’t too much.

Another method for identifying users is
machine learning which is based on node
features and where we use concept of feature
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engineering . In machine learning we have to
select better features for getting better
performance. [19]Machine learning
techniques like Logistic Regression and
Support Vector Machine have been applied to
influential user detection in social networks
but such techniques rely on features that are
manually selected. Machine learning methods
depend too much on feature selection of the
target objects and ignore the relationships
between the targets. Therefore, a poor
selection of these features deteriorates the
performance of the technique often yielding
unacceptable results.

To solve this problem, a deep learning model
is needed that will consider both network
structure and node features.

Identification of multiple types of influence:
Identifying influential users can be challenging
because influence can come in different
forms. For example, some users may have a
broad reach, while others may have a deep
impact on a specific community. Algorithms
need to be able to identify multiple types of
influence accurately.

Privacy concerns: Identifying influential users
can involve collecting and analysing large
amounts of data, which can raise privacy
concerns. It is essential to develop algorithms
that respect the privacy of users while still
providing accurate results.

Dynamic networks: Social networks are
dynamic, and the influence of users can
change over time. Algorithms need to be able
to adapt to changes in the network structure
and identify new influential users as they
emerge.

Cross-platform analysis: Influential users can
have an impact across multiple social media
platforms. Detecting cross-platform influence
is a challenging problem that requires
analysing data from multiple sources and
identifying common patterns of behaviour.

6. Limitations of State-of-the art
approaches
Topological approaches consider only
structure of the network and are not scalable.
However, the real world networks are
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extremely large and dynamic and these
approaches fail to scale up to such levels.
Machine Learning-based approaches require
manual feature selection, and improper
selection of such attributes degrade the
performance of these approaches.

Deep learning-based approaches particularly
the GCN does automatic feature selection and
is scalable. GCN is also suitable for non-
Euclidean data . GCN-based techniques are by
far most effective for influential user
detection, considering both structure as well
as attributes of the network. These models
are able to represent the social networks at
scale. Although, there are no specific
limitations of the GCN with regard to
detection of influential users, however, some
limitations inherent to the GCN model that
may also be the limitations for influential user
detection using GCN are:

Data requirements: Deep learning methods
typically require a large amount of labeled
data to train effectively. In the case of
influential user detection, labeled data may
be hard to come by, especially for newer or
niche communities.

Limited interpretability: Deep learning
models can be difficult to interpret, meaning
that it may be challenging to understand why
a particular user is deemed influential. This
can limit the model's usefulness in scenarios
where transparency and accountability are
essential.

Overfitting: Deep learning models can be
prone to overfitting, where the model
becomes too complex and learns to fit the
noise in the data rather than the underlying
patterns. This can lead to poor generalization
performance on unseen data.
Computationally expensive: Deep learning
models can require a significant amount of
computational resources, making them
impractical for some applications.

Limited graph structures: Deep learning
models, including GCNs, are best suited for
analysing graphs with a homogeneous
structure. However, many real-world graphs
have a heterogeneous structure, which can
make them challenging to analyse using deep
learning methods.

7. Conclusion:
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In conclusion, the identification of influential
users holds significance across various
domains, including social media, online
marketing, and e-commerce. Despite the
existence of numerous methods for detecting
influential users, there remains ample
opportunity for enhancing generalizability and
scalability. Challenges inherent in influential
user detection encompass feature selection,
management of dynamic networks, privacy
considerations, differentiation between
influence and popularity, mitigation of spam
and fake accounts, and the precise definition
of influence. Nevertheless, the continued
relevance of influential user detection is
assured owing to the escalating importance of
social media and online communities. The
proliferation of online social networks has
underscored the necessity of pinpointing
significant users, prompting the employment
of diverse techniques such as structural and
machine learning-based approaches.
However, these methods encounter
constraints such as the computational
intricacies associated with large networks and
the necessity for manual specification of
criteria.  Prospective  research  avenues
encompass the integration of deep learning
models that account for both network
topology and node characteristics, the
identification of influential individuals through
analysis of user-generated content, the
recognition of noteworthy community
members, and the augmentation of
recommender systems through Graph Neural
Networks. The bulk of existing research
predominantly  focuses on identifying
disjointed or isolated populations. However,
an alternative approach could involve
leveraging community identification to
identify overlapping groups and subsequently
extending influential user recognition to these
areas. Graph Convolution Networks present a
viable means of identifying overlapping
communities, with prominent users
subsequently identified based on these
overlapping groups. This could be framed as a
classification problem, paving the way for the
development of a comprehensive model
tailored to discerning important individuals.
To effectively identify influential users, future
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approaches should integrate both structural
and behavioural features inherent in online
social networks.
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