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Named Entity Recognition of Enterprise Annual Report
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Abstract: Automatically extracting key data from annual reports is an important means of business
assessments. Aimed at the characteristics of complex entities, strong contextual semantics, and small scale
of key entities in the field of corporate annual reports, a BERT-BiGRU-Attention-CRF model was
proposed to automatically identify and extract entities in the annual reports of enterprises. Based on the
BiGRU-CRF model, the BERT pre-trained language model was used to enhance the generalization ability
of the word vector model to capture long-range contextual information. Furthermore, the attention
mechanism was used to fully mine the global and local features of the text. The experiment was performed
on a self-constructed corporate annual report corpus, and the model was compared with multiple sets of
models. The results show that the value of F, Charmonic mean of precision and recall) of the BERT-
BiGRU-Attention-CRF model is 93.69%. The model has a better performance than other traditional
models in annual reports, and is expected to provide an automatic means for enterprise assessments.
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Tab.1 Entities of enterprise annual report
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Fig. 1 Structure of BERT-BiGRU-Attention-CRF model
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Fig. 2 Structure of Transformer encoder
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Tab.3 Dataset structure of enterprise annual report
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Tab.4 Number distribution of entity categories
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Tab.5 Recognition effect of different entities %
R P R F,
YEAR 98. 66 98. 66 98. 66
COM 96. 59 93.41 94. 97
FIN 95.93 93.07 94. 48
PNUM 92.97 89. 81 91.37
SNUM 95. 83 92.00 93. 88
PTREND 91. 46 79. 44 85.03
STREND 93.05 86.73 89.73
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Tab. 6 Experimental result of different models %

R P R F
CRF 74.52 71,20 72.82
BiGRU-CRF 86.69  83.61 85.12
BiGRU-Attention-CRF 88.75  86.28 87.50
BERT-BiGRU-CRF 94.19  90.07 92.08
BERT-BiGRU-Attention-CRF ~ 95.45  91.99 93. 69
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