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Private Information Recognition Method of Electronic Medical Records
Based on Bert-BiLSTM-CRF Model
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Guangzhou 510006, China 2. College of Medical Information Engineering, Guangdong
Pharmaceutical University, Guangzhou 510006, China)

Abstract: With the increasing demand for open sharing of electronic medical record data, the privacy of electronic medical
record needs to be solved urgently. Using natural language processing technology, a privacy information recognition method of
electronic medical record based on Bert-BiLSTM-CRF model is proposed. Using the electronic medical record of a three-tier traditional
Chinese medicine hospital as the data source, combined with the current public data set for training, we get the privacy information
recognition model of traditional Chinese medicine electronic medical record with the accuracy rate of 94.02%, the recall rate of 94.25%
and F1 of 93.98%. Compared with other traditional models, the experiment shows that Bert-BiLSTM-CRF model can effectively
identify and protect the private data in EMR, which is conducive to the open sharing of medical data.

Keywords: privacy information; Bert; BILSTM; CRF; electronic medical record
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Sleep Apnea Detection Method Based on Dilated Convolution
and Attention Mechanism

ZHENG Heyu LIN Meina
(Guangdong University of Technology, Guangzhou 510006, China)

Abstract: In order to improve the accuracy of sleep apnea detection based on ECG signal, aiming at the problem that the
existing detection methods generally need more complex feature engineering and manual correction steps, can not adaptively
preprocess ECG signal and will lose more information, a sleep apnea detection method based on dilated convolution and attention
mechanism is proposed. Firstly, the adaptive preprocessing network is used to filter the redundant information in ECG signal (including
baseline drift, EMG interference, etc.); Then, the detection network based on dilated convolution and time attention mechanism is used
to extract timing features from ECG signal and detect them. The experimental results on Apnea-ECG data set show that compared with
the existing detection methods, this method can achieve more effective sleep apnea detection.

Keywords: ECG signal; sleep apnea syndrome; adaptive signal preprocessing; dilated convolution; attention mechanism
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