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Fig.3 The effect of different parameters on the results
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Named Entity Recognition for Chemical Resource Text

MA Jianhong, WANG Liqgin, YAO Shuang
(School of Computer Science and Engineering , Hebei University of Technology, Tianjin 300401, China)

Abstract: A method was proposed for the recognition of four kinds of named entities, chemical sub-
stances, attributes, parameters, and values in the chemical resource text. The language rules and charac-
teristics of the chemical resource text were used for reference. Firstly, BLSTM-CRF model was estab-
lished to the recognition of named entity. Then the algorithm, which based on the combination of the dic-
tionary and rule, was used to correct and improve the recognition results. The result of experiments
showed that the algorithm was able to complete the named entity recognition task in the chemical resource
text well, and the maximum F1-Measure on the test sets could increase to 94. 26% .

Key words: the chemical resource texts; named entity recognition; BLSTM; CRF; rule
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