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Abstract In recent years, the number of electronic medical record text has grown substantially,
which provides a rich source of knowledge for medical research. According to the medical domain
demand, effective text mining technology can obtain medical related information from the massive
electronic medical records efficiently and accurately, which will greatly promote the research in
the medical health field. Chinese Clinical Named Entity Recognition (CNER) is a fundamental
task for Chinese medical information extraction, which has received much attention. However,
most of the existing Chinese CNER works are based on traditional text representation embeddings
(i. e. , context-independent representation for each word) and depend on effective feature
engineering to improve the performance of models in the medical field. There is less related work

in Chinese biomedical pretrained text embeddings. In addition, the existing Chinese CNER
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dataset size is small, and medical entity annotation requires medical background knowledge,
which is time-consuming and labor-intensive. To address the problems, this paper proposes a
Chinese CNER method based on stroke ELLMo and multi-task learning. Firstly, a stroke ELMo
(Embeddings from Language Models) model is proposed to obtain Chinese pretrained text
representation. The ELMo method is improved by taking the stroke sequence as input. It is a
context-dependent representation method and can learn rich structure information of the Chinese
characters from the large Chinese biomedical text corpus. To learn high quality Chinese biomedical
text representations, the massive Chinese medical abstracts were downloaded from the CNKI
website. Then these abstracts and the Chinese electronic medical record texts provided by the
China Conference on Knowledge Graph and Semantic Computing (CCKS) challenge were used to
train the stroke ELMo embeddings. The experimental results show that stroke ELLMo embeddings
achieve the better performance than the traditional word2vec embeddings. When the concatenation of
the word2vec and stroke ELLMo embeddings as input is fed into the model, the model obtains the best
performance, Secondly, we explored the effect of multi-task learning on the Chinese CNER task.
The single task model, fully-shared multi-task learning model and shared-private multi-task learning
model are compared on the CCKS17 and CCKS18 data sets. The experimental results show that the
shared-private multi-task learning model achieves the best F-score. It can utilize the correlation of the
tasks to improve the model performance and make full use of the existing datasets. We also tested
the performance of the multi-task learning model on the different sizes training data sets. The shared-
private multi-task learning model trained on only 60% of the training data can achieve better
performances than the single task model trained on the complete training data on the CCKS17 and
CCKS18 CNER datasets. Moreover, the effects of common NER features (i. e. , word embedding,
dictionary and radical features) and neural network models (i. e. , CNN, BiLSTM, CNN-CRF and
BILSTM-CRF models) were investigated for the Chinese CNER task. The experimental results show
that the BILSTM-CRF model outperforms the other models. Among other features, the dictionary
feature is most effective. Finally, compared with other existing methods, our neural network model
based on stroke ELLMo and multi-task learning achieves better performances on the CCKS17 and
CCKS18 CNER datasets (the F-scores of 91. 75% and 90. 05% , respectively).
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Background

The task we have studied in this paper is Chinese clinical
named entity recognition (CNER) which is in the area of
biomedical text mining. The Chinese CNER task aims to
identify and extract the related medical clinical entities (e. g. »
anatomy, symptom, independent symptom, drug and operation)
from Chinese clinical text. Most of these existing Chinese
NER works often follow the English processing methods. In
addition, the existing Chinese CNER dataset size is small,
and medical entity annotation requires medical background
knowledge, which is time-consuming and labor-intensive. In
this paper, we propose a Chinese CNER method based on
stroke ELMo and multi-task learning. Moreover, the effects
of common NER features and neural network models were
investigated for the Chinese clinical entity recognition task.
The experimental results show that the BILSTM-CRF model
outperforms the CNN-CRF model. When our stroke ELLMo
is added, the BILSTM-CRF model can achieve an average
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improvement of 1.01% in F-score on both datasets.
Moreover, the additional NER features can further improve
the performance. Our neural network model based on stroke
ELMo and multi-task learning achieves the state-of-the-art
results on the CCKS17 and CCKS18 CNER datasets (the
F-scores of 91. 75% and 90. 05% , respectively).
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