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[ Abstract] The study/described in this paper addresses the problem of node classification in Continuous-Time Dynamic
Network ( CTDN )<In‘this work , an information propagation node setfis defined according to the features of the actual network
information propagation, and the node sequence sampling strategy in networkrépresentation learning is improved.Based on
the defined information propagation node set, a node classification  algorithm for CTDN is designed.The algorithm employs
the network representation method to generate the low-dimensional node vector, and uses the LogicRegression classifier to
obtain the node classification results of CTDN.Experimental tesults show that the proposed algorithm outperforms the existing
classic algorithms such as CTDNE and STWalk under the same experimental conditions, providing better 2D visualized
network representation learning results and higher networkmode classification accuracy.
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Fig.1 Procedure of node classification for CTDN
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Fig.2 Information dissemination process among

users 171,180,186 and 188
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Table 2 Experimental dataset
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