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Application of Machine Learning in Phenotypic Prediction of Gut Microbiota
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Abstract: With the development of second-generation DNA sequencing technology, a large amount of gut microbiota data has
been accumulated. The studies showed that gut microbiota were closely related to the health status of the host. Therefore how to
model and analyze the complex and high-dimensional gut microbiota data has been an important challenge faced by bioinformat-
ics at present. The rise of artificial intelligence had made it possible to process gut microbiota data and revealed the complex rela-
tionship between gut microbiota and host phenotypes. The paper summarized the present stage of gut microbiota and phenotypic
correlation study among five kinds of machine learning algorithm (commonly used linear regression, support vector machine
(SVM), K-nearest neighbor, random forests and artificial neural network ) , introduced five kinds of machine learning algorithms
of theory and application in the related research, and to choose what kind of machine learning algorithms to predict recommenda-
tions to host phenotype. Finally, the future development of this field was prospected to provide a reference for predicting host phe-

notypes using machine learning based on gut microbiota data.
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Fig.1 Support vector machine
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Fig.2 K nearest neighbors
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Fig.3 Linear regression
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Fig. 5 Artificial neutral network
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Table 1 Examples of algorithms and prediction accuracy of different diseases predicted by machine learning
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