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[ Abstract] At present, the data used in the study of Adverse Drug Reaction (ADR) are mainly from English corpus,
fewer Chinese medical social media data sets are selected because of label data scarcity, resulting in limited research on
Chinese medical social media.To deal with the problem of lack of labeled data, this study proposes an ADR detection
method that combines data augmentation and semi-supervised learning. The pre-training ERNIE model is used to obtain
the word vectors. BILSTM and the attention mechanism are used to learn the vector representation of the text. The
classification layer consists of a fully connected layer and a softmax function to obtain the classification label.First, the
unlabeled data are augmented several times.The low-entropy label, which is the weighted average of the predicted values
of the original and augmented samples, is shared by these samples.The pseudo-label data are then mixed with the labeled
data.Based on the classification model, a Mixup layer is added between the encoding and classification layers.In the text
vector space, Mixup is used to interpolate the mixed samples, and the number of samples will be higher.By combining
data augmentation and semi-supervised learning, labeled and unlabeled data are fully utilized to detect adverse drug
reactions. Experimental results show that this method does not require a large amount of labeled data, alleviates the
impact of insufficient labeled data, and effectively improves the performance.

[ Key words] medical social media; Adverse Drug Reaction( ADR) ; data augmentation ; semi-supervised learning ; pre-training
language model
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Fig.1 Framework of method in this paper
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Fig.2 Structure of model in this paper
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Fig.3 Sample of treatment record
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Table 4 Acc results of different unmarked data quantities
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