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Abstract: Aiming at the problem that the existing joint user geolocalization methods based on social media text and so-
cial relationships do not sufficiently mine the location correlation between heterogeneous data in social media, a social
media user geolocalization method based on multiple mention relationships was proposed. First, a heterogeneous network
was constructed by comprehensively considering the mention relationship between users, the user's mention relationship
with location indicative words, and the user's mention relationship with geographic nouns. Then, a network simplification
strategy was proposed to construct a user-location heterogeneous network that connects users live nearby more closely
based on the common mention relationship. After that, a biased random walk algorithm was proposed for the graph node
sampling to fully explore the network structure and alleviate the sparsity problem of known locations. Finally, a neural
network classifier based on a multilayer perceptron was used to infer the user's location. Experimental results on three
representative Twitter data sets of GEOTEXT, TW-US and TW-WORLD show that the proposed method can significant-
ly improve the user geolocalization accuracy.
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Network
GCN-Lp!™! 58% 576 56 53% 563 126 45% 2357 279
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Text+Network GCN!! 60% 546 45 62% 485 71 54% 1130 108
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GELP 64% 489 39 67% 430 44 59% 1015 50
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