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Social Network Structure Feature Analysis and Its Modelling
XulJin' Yang Yang' Jiang Fei' Jin Shuyuan’
(1 School of Electronics Engineering and Computer Science, Peking University, Beijing 100871, China;

2 Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190, China)
Abstract With the rapid growth of social network services, social network has been an important scientific re-
search area. Researches on network structure, information diffusion and retrieval, user behavior analysis, com-
munity detection on social network have made great progress. In this article, domestic and international re-
searches progress on social network structure is reviewed. We focus on two main issues of this research direc-
tion, namely, feature analysis and structural modelling of social networks. In the end, we summarize the exist-
ing problems and give some possible solutions for enlightening the researchers on this area and for providing
guidance for government’s decision making.

The study of networks in form of graph theory is one of the fundamental ontologies to understand the na-
ture behind networks. The term structure is named by using the same term in the domain of graph theory, which
implies vertices, edges, and the connection between them. In order to comprehend the mechanism of social net-
work formation and the laws behind the social behavior, we should always study the structure of social network
in prior. By studying network structure, we can also gain deeper insights on other specific researching fields on
social network, such as information retrieval, influence maximization, user behavior analysis, recommendation,
etc.

The topic of research on social network structure consists of two main parts: structural feature analysis and
network structure modelling. Analyzing the features of social network is a necessary preparation for modelling
social network structure. In this article, we give a comprehensive review of structural features and properties of
social network first. Then, two types of models about social network structure are introduced. In the part of fea-
ture analysis of social network, we enumerate major features of social network, such as “small world” phenom-
enon, scale free property, centrality, network resilience, assortative mixing, and community structure. Then, we
introduce one excellent work about the evolution of social network structure. In this work, it is confirmed that
due to the universal cooperation, the structural characteristics in modern social network and online social net-
work have long been existed in the ancient times. In the part of modelling social network structure, we firstly in-
troduce the type of basic generative model. These models originated from the ER random networks model and
developed into a large family of network models featured by “small-world” phenomenon and scale free proper-

ties. By simulating human behavior in online social networks, several models are proposed and they are capa-
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ble of recovering structural features of the observed network data in different aspects. Secondly, the type of stochastic genera-
tive models are introduced, these kinds of models can be used to postulate complex latent structures responsible for a set of net-
work observations, and this makes it possible to recover this structure by statistical inference. It is also emphasized that in or-
der to fit the data well, one need to guard against that the proposed model is realistic enough.

Future research directions are discussed in the last section. One important direction is to prove the coritivity conjecture.
The coritivity conjecture says that community structures are formed by minimizing the coritivity of its subgraph and the fea-
ture graph of social network, in which by replacing all communities with equal number of nodes, the derived network also fol-
lows the principle of coritivity minimization. The verification and proof of this conjecture will solve some vital problems in the
domain of social network, such as understanding mechanisms of structural formation. Other important future directions include
introducing genus from algebraic structure, defining community structures, quantification of individual rationality. We hope
this paper will provide inspirations for researchers and an insight for the government’s network security strategy in the view of
network science.

Keywords social network, network structure, feature of network structure, modeling on network
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