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A Study of Mathematical Structures in the Modeling of Social Systems:

Social Networks Analysis

Mahdi Khajeh Salehani

Abstract: To analyze and investigate the structure of a social network and to consider the existing interactions within the network — just
based on the interacting information among individuals and elements of the network — besides a suitable method for data visualization
(which is the hyper-graph representation in the present paper) we require a precise and reliable model as well. In order to design and
construct such a desirable model, we employ a deep learning technique on graphs and make use of a convolutional neural network
for the associated hyper-graphs based on the same concepts on multi-graphs. The given framework and model of this paper can be
used to represent the scale-free characteristics of a social network, and be extended for analyzing any social network and studying its
mathematical structure.
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