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Introduction

Graph Neural Networks (GNNs) have received widespread attention and lead to state-of-the-art performance in learning node
representations. In this paper, we first review two fundamental sociological theories (i.e., status theory and balance theory) and
conduct empirical studies on real-world datasets to analyze the social mechanism in signed directed networks. Guided by related
sociological theories, we propose a novel Signed Directed Graph Neural Networks model named SDGNN to learn node
embeddings for signed directed networks. The proposed model simultaneously reconstructs link signs, link directions, and
signed directed triangles. Experiments demonstrate the proposed model outperforms existing models, including feature-based
methods, network embed- ding methods, and several GNN methods.
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