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Abstract

Aiming at the challenge of low recognition accuracy for complex semantic entities and long- and
short-range dependencies in clinical medical records, this paper proposes a medical text named
entity recognition method that integrates bidirectional semantics with a residual attention network.
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The method leverages the BERT-wwm pre-trained model to capture semantic features and com-
bines it with a Bidirectional Gated Recurrent Unit (BiGRU) to handle complex long-range semantic
associations. An Attention mechanism with residual connections is added to ensure focus on key
information while preserving the overall sequence characteristics captured. A Conditional Random
Field (CRF) is responsible for the final sequence labeling prediction, performing optimal path de-
coding on the feature sequences extracted by the preceding multi-layer neural networks. Experi-
mental results demonstrate that this approach can effectively improve the accuracy of named entity
recognition.
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Figure 1. EMTBA model structure
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Figure 2. BERT network structure
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Figure 3. Schematic diagram of Attention
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Figure 4. Residual network model structure
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Table 1. Entity type number statistics of medical record dataset
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Table 2. Performance comparison of different named entity recognition models
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BiGRU-Attention 0.75 0.80 0.77
FastText-CNN 0.71 0.77 0.74
BERT-BiLSTM-CRF 0.76 0.81 0.78
BBRAC 0.80 0.82 0.81
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Table 3. Ablation study results comparison
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BERT 0.65 0.60 0.62
BERT-BiGRU 0.75 0.69 0.72
BERT-BiGRU-Residual Attention 0.78 0.75 0.76
BBRAC 0.80 0.82 0.81
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