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| Datasets mode is far from the other, indicating that most users are either close
Online discussions on political topics often lead to the formation of polar- to an opinion centroid or far from it, which implies that the learned em-
ized communities. We apply our method to two real-world datasets: beddings from the multiplex structure effectively capture the polarized
» Brexit, Twitter debate around the UK referendum on leaving the EU community structure in the OSN.
V| ~ 7.59k users, |E¢| ~ 532k follows, |E,| ~~ 340k reposts. » Neutral centroid — the distribution is skewed towards 0.6, suggesting
» Elysée, Twitter debate around the 2017 French presidential election that neutral users do not form a coherent community in the embedding

» BigClam [3] is a generative model
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» The model can be trained with a Graph Neural Network (GNN)
2] to learn the affiliation matrix F' that best explains the observed
network structure. The loss function is the negative log-likelihood of

communities, and how they differ from neutral or less polarized groups.

» Thelearned embeddings tend to cluster users with similar political
opinions together
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