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A Comprehensive Review on the Influence Maximization Problem in Social
Networks with Focusing on the Community
Detection Methods

Mohsen Taheri Nia” Mehdi Ismaili* Behrouz Minai Bidgoli**
* Faculty of Computer Science, Islamic Azad University, Kashan branch, Kashan, Iran.
™ Faculty of Computer Science, Islamic Azad University, Kashan branch, Kashan, Iran.

Abstract:

With the incredible development of online social networks, many marketers have exploited the opportunity to find
influential people within online social networks to influence other people. The finding of influential users is known
as the Influence Maximization problem, which is a key algorithmic problem in influence analysis. This problem
aims to select a limited set of most influential users to maximize the number of influenced users in an online social
network. This problem has been studied in recent years extensively due to its significant role in various
applications, such as viral marketing, advertising, recommender systems, social media analysis, etc. The non-stop
growth of social networks has intensified the time efficiency (scalability) and effectiveness challenges of this NP-
Hard problem. Researchers have been controlled these challenges by exploiting the communities’ structure as a
useful feature of social networks. Inspired by these points, this paper provides a comprehensive review of the state-
of-the-art algorithms in the influence maximization problem, focusing on the community-based models. At first,
the outstanding greedy and heuristics algorithms are surveyed in addressing these challenges. Then, existing
community-based algorithms especially are reviewed and compared. In the end, several directions are suggested
for future researches in the influence maximization problem.

Keywords: Influence Maximization, Social Networks Analysts, Influencer, Social Networks, Community
Detection, Diffusion Models.
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