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Abstract: In the financial sector, recognizing causal relationships between events at the discourse level is a challenging task. Event
causality is linked to central events and their corresponding sentences. On the one hand, central events among multiple events influ-
ence the causal relationships among them; on the other hand, the sentences in which events occur can also reinforce these causal
links. To address this issue, this paper proposes a central event and sentence-aware model for event causality recognition. The model
uses the Centrality-aware High-order Event Reasoning Network (CHEER) to establish the representation of the central event, and
constructs the event relationship graph based on the graph attention network. This graph captures the representations of events and
event pairs, adaptively modeling causal transmission among events, thereby identifying central events and their causally related

counterparts. By introducing sentiment-centered and cue word-centered embeddings, the model enhances the representation of sen-
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tences' sentiment and structure, which improves the accuracy of causal relationship recognition in financial texts. Experiments con-

ducted on the publicly available EventStoryLine dataset, annotated with central events, and a self-constructed dataset showed that

the proposed model improved inter-sentence accuracy by 1.1% in the EventStoryLine dataset and achieved an overall improvement

of 1.8% in the self-constructed dataset. These results confirm that central events significantly enhance the accuracy of event causali-

ty recognition.
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Fig.1 Diagram of the event causality recognition model
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