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Abstract

User modeling has attracted great attention in both academia and industry. Most of
the existing approaches focus on incorporating the personal relationships in commu-
nities, while the users’ generated content such as posts is not well studied. In this
paper, through the analysis of the actual public opinion dissemination, we show that
the research on user attributes plays an important role in the process of public opin-
ion dissemination, and propose the screening method of user data. Meanwhile, we
propose an approach to capture more diverse community characteristics via heteroge-
neous multi-centroid graph pooling for user modeling.Specifically, we first construct a
heterogeneous graph where the nodes consist of both users and keywords and adopt
a heterogeneous GCN on it. To facilitate the graph representation for user modeling,
we then propose a multi-centroid graph pooling mechanism,which incorporates the
affiliated group features with multiple centroids into representation learning. Exten-
sive experiments on three benchmark datasets show the effectiveness of our proposed
approach.
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B AE | ITIE | P
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- Gw - % 0.361 | 0.477 | 0.408
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