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Abstract

With the expansion and increasing application of social networks, the
environment of these networks has been considered due to the possibility of
accessing a large number of users and its impact on their thoughts and beliefs.
By the great number of users on a social network, it is essential to detect the
most influential ones for various purposes such as advertising to further
disseminate information or curb the prevalence of negative public thoughts on
the network. So far, different solutions have been created to recognize
influential users, often through one-dimensional and simple criteria to indicate
influential users. In the current study, we combine various criteria from three
dimensions of content, activity, and network and propose a new measurement
approach to identify influential users in the Twitter social network, with the
aid of validation methods of spread, precision, recall, F1-Measure, and
duplication percentage, we demonstrate that our approach performs more
efficient than the existing methods in this scope.

Keywords: Influential users, Social networks, Identifying influential Users,
Twitter.
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