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Abstract Manually ICD coding for the main diagnosis of the medical record home page is a time-consuming and error-
prone task. In response to this situation, the author proposes a neural model based on word embedding with entry
embedding and attention mechanism, which can make full use of the unstructured text in the electronic medical record
to achieve automated ICD coding for the main diagnosis of the medical record home page. This method first embeds the
words which contain the medical record entries into word embeddings, and enriches word-level representation based on
keyword attention. Then, using the word attention to highlight the role of key words and enhance the text representation.
Finally, outputs ICD codes by a fully connected neural network classifier. Ablation study on a Chinese electronic medical
record data set shows that word embedding with entry embedding, keyword attention and word attention are effective.
And the proposed model gets the best results for 81 diseases classification compared with baselines, which shows that
the proposed model can effectively improve the quality of automated ICD coding.
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Table 1 A brief description of a medical record and corresponding main diagnosis with ICD code
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Macro-averages
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SVM 0.6235 0.4399 0.4479 0.4385
Random Forest 0.6939 0.4158 0.3384 0.3372

B A
Text-CNN 0.7152 0.5023 0.3339 0.3575
HA-GRU 0.8095 0.5806 0.5247 0.5223
BIiLSTM 0.6910 0.5009 0.4156 0.4542
No-EE 0.8077 0.6916 0.6002 0.6134
T Rl S No-KA 0.7998 0.6885 0.5665 0.5923
No-WA 0.7386 0.5264 0.4017 0.4556
Our Full Model 0.8204 0.7243 0.6429 0.6484
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