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Medical Text Classification Based on Transfer Learning and

Ensemble Learning
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Abstract; Aiming at the problems of sparse semantic and high dimension of medical text, a multi —label medical text classification
algorithm based on transfer learning and ensemble learning named TLCM ( Trans—LSTM-CNN-Multi) is proposed. Firstly,the large—

scale corpus is trained through the multi—layer Transfomer structure inside the ALBERT ( A Lite BERT) model to obtain the dynamic
word vector representation of the text. Then,the target data set in the medical field is used to realize the text semantic enhancement in the
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medical field through transfer learning and model fine—tuning technology based on ALBERT ( A Lite BERT) pre—training language
model. On this basis, the above—mentioned semantic enhancement model obtained through transfer learning is input to the Bi—-LSTM-

CNN ensemble learning module to further extract important information characteristics of medical text content. Finally,a text multi—label

that the text classification algorithm through transfer learning and ensemble learning can effectively improve the overall performance of the
model,and finally the overall F1 value on the Chinese health question data set reaches 91.8% .
=
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classifier based on binary cross entropy loss function is constructed to achieve medical text classification. The experimental results show
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