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Classification of Screening Criteria for Chinese Clinical
Trials based on Deep Learning

LIU Ziqi, HU Jiancheng, MOU Gufang
(College Applied Mathematics, Chengdu University of Information Technology , Chengdu 610225, China)

Abstract ; Classification research for most clinical trial screening criteria focuses on English eligibility criteria. This pa-
per compares the characteristic of classification models suitable for Chinese eligibility criteria, using the Chinese clinical
trial short text dataset developed by the Sth China Health Information Processing Conference, combined with neural net-
works and pre-trained language models to construct classification tasks and fine-tuning, analyzed the differences in the
effects of the Word2vec-BiLSTM model, CNN model, RNN model, and pre-trained language model in this application,
and obtained through experiments that the classification effect of the pre-trained model ERNIE performsbetter. In view of
the characteristic of data imbalance, the performance and effect of the model can be effectively improved after data en-
hancement of a small number of category corpora. The results show that the macro-average F, value and micro-average
F, value of the ERNIE model can reach 0. 8281 and 0. 8537, respectively.

Keywords : clinical trials ;medical short text classification ;deep learning; pre-training model



