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Abstract

The study of complex networks provides an enormous scope of graph mining and
data analytics and renders a wide range of research problems. Influence maximiza-
tion is a widely studied research problem in complex network analysis because of
its business values in promoting and advertising the products. Influence Maximiza-
tion (IM) is the task of identifying a constant number (k) of seed users with a high
spreading capability known as influential nodes such that if a piece of information
originates from them, the information can reach the optimal number of vertices in

the system through a diffusion cascade.

In this thesis, we extensively study the influence maximization problem in com-

plex networks and strengthen its literature.

We propose a novel influence maximization algorithm named NCVoteRank using
the notion of neighborhood coreness and voting approach. NCVoteRank identifies
spreaders with suitable localities, maximum coverage, and a minimum overlap of

the neighborhood.

We propose a novel algorithm named Modified Degree with Exclusion Ratio
(MDER) to identify influential nodes in complex networks through the concept of
modified degree centrality and mutual exclusion. We evaluate the performance of
the proposed MDER algorithm using complex real-life networks of varying applica-

tions, sizes, and complexity. The extensive experimental validation using different
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performance matrices concludes that the proposed MDER algorithm outperforms

many popular methods in the literature.

We propose a method based on Hooke’s Law of Elasticity in complex weighted
networks to find the influential spreaders. The edges present in the network are mod-
eled as springs, which are connected in series and parallel. The proposed HookeRank
model finds relevant influential nodes, on the basis of their Hooke rank distances

from other nodes in the network.

We introduce a novel community detection method using network embedding,
k-means clustering, and gravitational search algorithm (GSA). We devise a generic
framework to apply various network embedding techniques on graph datasets to
uncover community structure in complex networks. Using network embedding tech-
niques, we consider nodes as points in d- dimensional vector space such that two
adjacent nodes are closer in feature space and non-adjacent nodes are away. In the
proposed community detection algorithm, the outcome of the k-means clustering
as one of the inputs enhances the quality of the initial populations of GSA, which

ensures a globally optimal solution.

We propose a Community structure with an Integrated Features Ranking (CIFR)
algorithm to find influential spreaders in the network. CIFR algorithm utilizes the
community detection algorithm to find communities in the system. Then, we rank
the nodes of the network based on three factors- local ranking, gateway ranking, and
community rank. In general, we term these three features of nodes as integrated
features. CIFR algorithm finds seed nodes that give rise to an improved performance
based on various evaluation criteria and outperforms many well-known algorithms,
including recently introduced local information dimensionality (LID) and gateway

local rank (GLR) method.

We propose an Influence Maximization technique named IM-ELPR using Ex-
tended h-index and Label Propagation with Relationship matrix. The proposed
IM-ELPR method uses extended h-index centrality to detect the seed nodes and
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then uses the label propagation technique to detect communities. The proposed
algorithm performs the merging of relatively smaller and related communities into
a larger community for a better perspective and to maximize the modularity. The
experimental results obtained exhibit improved performance of IM-ELPR over many
contemporary influence maximization algorithms.

We propose a novel approach of influence maximization using transfer learning
via graph-based LSTM. The proposed approach considers the influence maximiza-
tion problem as a classical regression task. We implement a graph-based long short-
term memory (GLSTM) model using a quasi-embedding based approach derived
from three classical node centrality methods. We perform intensive experiments on
several real-life networks, which reveal the commendable performance of the GLSTM

based model as compared to other algorithms for influence maximization.
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