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Abstract In recent years,community structure analysis has attracted much attention in many fields, which aims to par-
tition nodes in a graph into several clusters,in order to achieve a satisfactory state in which each cluster has a densely
connected intra-cluster structure and homogeneous attribute value. Existing methods mainly assume that nodes in
graphs are cooperative to optimize a given objective function, but ignore their background information in real-life con-
texts. Based on potential theory,this paper proposed a new semi-supervised community detection algorithm, which uses
the electrostatic field generated by the tag node to determine the label of unlabeled nodes(community label). This paper
firstly gave a certain number of nodes to the user-defined label,and then used the sparse linear equations to calculate the
label of the remaining nodes,where each node’s label was set to calculate the maximum potential value. By comparing
with the existing algorithms,it is showed that the proposed algorithm has a strong detection ability in terms of the real

world network and artificial benchmark network. It is also very accurate even through in the case of fuzzy large-scale
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community structure.
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