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Fusion of Trigger Word Features for Event Extraction

WANG Li-Cai, LI Xing-Yu, HUANG Yang-Chen, LUO Qi-Bin
(Big Data R&D Department, North China Institute of Computing Technology, Beijing 100083, China)

Abstract: Event extraction is a key research area in information extraction. To improve the effect of event extraction and
solve the problem that general event extraction methods cannot make full use of text feature information, an event
extraction method fused with trigger word features is proposed. A remote trigger word database is con§tructed to provide
additional feature information for the event classification model and enhance the discovery ability ofe\/ent trigger words.
Then, the event type and the distance features of trigger words are integrated to improve the representation and learning
ability of the event element extraction model. Finally, the event classification model and the event element extraction
model are connected in series to improve the event extraction effecfl,EXperiments on the DuEE dataset demonstrate that
compared with other models, this model improves the accuracy, récall, and F'1 value, which proves the effectiveness of

this model. >4
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