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Abstract: The status of the application of common machine learning methods of the data mining technology in the
field of diagnostics of traditional Chinese medicine (TCM) in recent years was reviewed. The common machine
learning methods adopted in the field of the research of diagnostics of TCM in recent years included support vector
machine, decision tree, K- nearest neighbor algorithm, artificial neural network, Bayesian network, and
AdaBoost algorithm, and each of them has its advantages and insufficiency. It is suggested that the future research
of diagnostics of TCM with the common machine learning methods should be based on the characteristics of multi—
dimension, non-linearity and complexity of TCM syndrome, collecting the data of diagnostics of TCM should
follow the unified criteria, the proper machine learning methods should be chosen for unveiling the hidden
knowledge and regularity of TCM diagnostics, so as to promote the objectivity and standardization of TCM

diagnostics.
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YR =L (support vector machine, SVM) F
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