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Abstract Link prediction technology is an effective method to analyze network evolution,it also provides a new idea to detect so-
cial events. Now, most of the event detections using link prediction start from the macroscopic overall network evolution. Al-
though there are a few detection methods that combine node evolution, the stability of them are not good,and the sensitivity to
the event are not high enough to accurately detect the occurrence of the event. Therefore.an event detection method based on node
evolution staged optimization (NESO_ED) was proposed. Firstly, the stability of event detection is enhanced by a staged optimi-
zation method,and an array of node index weights is obtained. Then,according to different rules,the optimal similarity calculation
index of the node is selected, so that the node can better quantify the network evolution and improve the sensitivity of event detec-
tion. In addition, the changes of indicators that selected by nodes in the process of network evolution were also analyzed. It reveals
different effects of events on the evolution of nodes. On real social network VAST, the event detection sensibility of NESO_ED is
increased by 227 % compared with LinkEvent and 63% compared with NodeED. The stability of NESO_ED is also increased by
66 % compared with NodeED, which shows that NESO_ED can detect events more accurately and stably.

Keywords Event detection, Node evolution, Link prediction.Social network,Dynamic network
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