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Discourse—Level News Element Relation Extraction Incorporating Multi—Features
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Abstract: With the rapid update and iteration of Internet information technology, Internet news text information is also increasing at
an exponential rate. In the face of massive news text information, how to automatically extract the relation between elements of long
news texts has become the focus of research. The extraction of discourse—level news element relation refers to extracting the relation
information between elements across sentences from news texts contained multiple sentences, which helps people to understand the
context of the whole news text. Taking the extraction of element relation in the field of public opinion news as an example, proposes
a method for extracting the relation between discourse—level news elements that incorporates multi—features, the adjacent relations,
affiliation, syntactic dependency relation between sentences, and multi—hop relations between elements into a heterogeneous graph
model, fully mine the potential context information of news. The experimental results on the discourse-level news element relation
dataset show that multi—features can improve the extraction performance obviously, and the F1 value can be improved by 4.09% at most,
which is better than the current mainstream method.
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