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Negation Focus Identification via Bi-directional LSTM-CRF Model

SHEN Longxiang, ZOU Bowei, YE Jing , ZHOU Guodong and ZHU Qiaoming
(School of Computer Science and Technology, Soochow University, Suzhou, Jiangsu 215006, China)

Abstract: Negative expressions are common phenomena in natural language text and play a critical role in
various applications of natural language processing, such as sentiment analysis, information extraction. Negation
focus identification task is a finer-grained negative semantic analysis, which aims at identifying the text fragment
modified and emphasized by a negative keyword. We regard the negation focus identification as a sequence
labeling task, and propose a bidirectional Long Short-Term Memory network with a Conditional Random Field
layer (BiLSTM -CRF). Such model can not only learn the contextual information bi-directionally and capture the
global features by the BiLSTM network, but also learn the dependency between the output tags by the CRF layer.
Experimental results on the *SEM2012 dataset shows that the performance of our approach achieves the accuracy
of 69.58% with the improvement of 2.44%, compared to the state-of-the-art system for negation focus
identification.

Key words: Negation focus; BiLSTM-CRF model; Sequence labeling
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