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Multi-granularity Medical Entity Recognition for Chinese Electronic Medical Records
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Abstract In the existing named entity recognition task for Chinese clinical electronic medical records, the granularity of annota-
tion is usually too fine or too coarse,and it is difficult to find actual application scenarios for the too thin annotation results while
the too thick annotation results usually need complex post-processing steps to clarify the standard form and the semantic type of
entities,so as to facilitate subsequent data mining applications. In order to simplify post-processing steps,9 kinds of fine-grained
analytical entities are defined to explain coarse-grained entities according to characteristics of 7 common coarse-grained clinical en-
tities. Besides.according to characteristics of multi-granularity entities,a multi granularity clinical entity recognition model based
on multi-task learning and self-attention mechanism is proposed,and 5000 texts containing multi-granular entities are annotated
on real hospital electronic medical records to verify the model. Experiment results show that this model outperforms the main-
stream sequence labeling model. In the task of coarse and fine granularity entity recognition, their F1 scores reach 92. 88 and
85. 48, respectively.
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Fig. 1 Example of annotation
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Table 1  Definition of fine-grained entity
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Fig. 2 Model architecture diagram
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Table 2 Distribution of statistics of coarse-grained entity
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Table 3 Distribution of statistics of fine-grained entity
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Table 4 Setting up hyperparameters
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Table 5 Experimental comparison results with current models
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Table 6 Experimental comparison results under different &
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4k SR
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1 92.16 91.51  91.83 85.48 83.23  84.34
2 92.43 91.88  92.15 85.66 83.54  84.58
4 92. 86 91.23  92.03 85.62 85.34  85.48
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16 93.22 92.56  92.88 84.71 85.88  85.29
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Table 7 Results of ablation experiments
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#a

-Self-Attention 92.55 91.03  91.78 84.70 85.23  85.02
- Skip Connect 92.82 90.43  91.61 84.72 83.40  84.05
All 93.22 92.56  92.88 85.62 85.34 85.48
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