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Abstract

Social networks have enabled user-specific advertisements
and recommendations on their platforms, which puts a sig-
nificant focus on Influence Maximisation (IM) for target ad-
vertising and related tasks. The aim is to identify nodes in
the network which can maximize the spread of informa-
tion through a diffusion cascade. We propose a community
structures-based approach that employs K-Shell algorithm
with community structures to generate a score for the con-
nections between seed nodes and communities. Further, our
approach employs entropy within communities to ensure the
proper spread of information within the communities. We val-
idate our approach on four publicly available networks and
show its superiority to four state-of-the-art approaches while
still being relatively efficient.

Introduction

Online Social Networks are platforms for people to pub-
licize their ideas and products. This approach, called Vi-
ral Marketing, raises the problem of Influence Maximisa-
tion (IM), which requires selecting k£ seed nodes to max-
imize the information spread in the network. Several ap-
proaches have been proposed for IM in recent years, based
on local, semi-local, and global structures. Global structure-
based approaches are efficient due to their consideration of
whole network. They find out core nodes with maximum
connectivity to the remaining network. However, in real-
world situations, where number of seed nodes is very small,
influence gets restricted to only a few sub-groups (or com-
munities) in the network containing the selected core seed
nodes. To overcome this, we instead consider community
bridge nodes as influential seed nodes due to their connec-
tions to a larger number of communities, leading to simul-
taneous information propagation to these communities. We
propose CKS centrality measure, which incorporates com-
munity structures and K-shell Decomposition to identify in-
fluential spreaders in a network. We define three novel mea-
sures: Community K-Shells, Community K-Shell Entropy,
and CKS-Score, which qualitatively and quantitatively eval-
uate connections of a node to various communities.
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Proposed Methodology

Obtaining Community K-Shell (CKS): Community K-
Shell concept incorporates knowledge of information flow in
a network. Obtaining CKSs comprises the following steps:
identifying community structures using Louvain’s algorithm
(Blondel et al. 2008); isolating communities by remov-
ing connections between different communities; and pass-
ing isolated communities through K-Shell algorithm (Kitsak
et al. 2010) to obtain K-Shell scores particular to the com-
munity of each node (i.e., Community K-shell score). The
higher the Community K-shell score of a node, the closer it
is to the core of the given community.

Computing K-Shell Entropy (KSE): KSE evaluates
connectivity of a node to different regions of a community.
We formulate KSE for a node v corresponding to each com-
munity c as follows:
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where, 1),  is number of connections of node v with shell s
for a given community, shells. represents the unique CKS
in community ¢, and K represents K_value of given shell.
Influence of an activated node lasts only till 2-3 hops.
Thus, for maximum influence over a given community,
connectivity of a node to the community should be well-
distributed across all its regions, which also reduces the
chances of overlapping influence in a community. This
requires a higher KSE score. Equation 1 represents the
entropy submission over shells of the respective community
weighted by the K-Value of the respective shell.

v,s

CKS-Score: CKS-Score evaluates the overall connectiv-
ity of a node to all adjacent communities to which it is con-
nected. It is defined as:

CKS—Score(v) Zc:l 3)
where, 1, is number of connections of node v with the re-
spective community as shown in Equation 2, KSFE,, . rep-
resents K-Shell Entropy for node v and community ¢, and
N N, represents number of nodes in community c. We com-
pute CKS-Score for each node by considering its KSE val-
ues corresponding to each community weighted by the com-
munity’s size. This ensures a higher score for community
bridge nodes connected to the most significant communities.
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Figure 1: Results of our experiments on datasets (a) Twitch, (b) soc-Hamsterster (c¢) p2p-Gnutella04 (d) email-univ. (1) FIS
after IC model simulation with activation probability 0.5. (2) FIS-v-p after IC model simulation with initial spreaders fraction
0.2. (3) ASPL among initial selected seed nodes vs spreaders fraction.

Dataset CKS ENC GLR BC CC
Twitch 28.97 0.176 37.72 533.63 159.07
soc-Hamsterster | 49.21 0.04 3.44 40.12 11.84
p2p-Gnutella04 | 83.21 0.19 5441 1205.83 352.65
email-univ 083 0.01 0.71 10.09  1593.18

Table 1: Execution time for CKS and other approaches.

Experimental Results and Discussion

We evaluated CKS on four metrics: Final Infected Scale
(FIS), Average Shortest Path Length (ASPL), Final infected
scale vs Activation Probability (FIS-v-p), and Execution
Time. We compared CKS with BC (Freeman 1977), CC
(Okamoto, Chen, and Li 2008), ENC (Bae and Kim 2014),
and GLR (Salavati, Abdollahpouri, and Manbari 2018) on
four real-world datasets!: Twitch, soc-Hamsterster, P2p-
Gnutella04, and email-univ. We simulated each model 100
times using Independent Cascade (Goldenberg, Libai, and
Muller 2001). Infection probability was set to 0.1. Table 1
and Figure 1 show our findings. We observed:

CKS consistently outperformed other core nodes-based
approaches on FIS, ASPL, and FIS-v-p, while being rea-
sonably efficient. This confirms our hypothesis that bridge
nodes are more influential core nodes.

"https:/metworkrepository.com , https://snap.stanford.edu/snap

CKS showed a higher inter-spreader distance than com-
peting approaches, while also having a higher infection rate,
leading to much lesser overlap between the influence of
spreaders (or rich club effect).
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