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Abstract Machine learning algorithms include traditional machine learning algorithms and deep learning algorithms.
There exist more reports for traditional machine learning algorithms in the field of traditional Chinese medicine(TCM)
diagnosis and treatment, which provides reference used for exploring the dialectical laws of TCM and provides the basis
for the objectification of TCM diagnosis and treatment. At the same time.the latest advances in deep learning technolo-
gies provide new effective paradigms in obtaining end-to-end learning models from complex data. Deep learning algo-
rithms have gained great success and become increasingly popular in more and more areas. The value of deep learning al-
gorithms in TCM diagnosis and treatment has been paid more and more attention to by the industry. In this paper,the
review of traditional machine learning algorithms and deep learning algorithms used in the advance of the TCM domain
overe given. Firstly, the research and application status of the two algorithms in the TCM domain was summarized.
Then in view of the analyzed work, different characteristics and limitations were found between traditional machine
learning algorithms and deep learning algorithms. Finally, these characteristics and limitations were discussed and the
existing problems and recommendations were put forward,so as to provide a reference for the further study of machine
learning algorithm in the field of TCM.
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