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Abstract: In recent years, the research on social networks has attracted much attention. In this paper we consider
the parameter and structure identification of social networks based on the French-DeGroot model. We assume that there
are two types of agents in the network, i.e., stubborn agents and non-stubborn agents. Based on the assumption that
the opinions of the stubborn agents are a sequence of independent and identically distributed random variables with zero
expectation, the parameter matrix of the French-DeGroot model is recursively estimated by the least-square algorithm, and
strong consistency of estimates as well as convergence rate are established. Then structure identification algorithm for the
network is proposed and it is proved that with the estimates we can infer the structure of the network, i.e., whether mutual
influence existing between agents can be exactly identified with finite number of observations. Finally, numerical examples
are given to testify performance of the algorithms.
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