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Abstract

Machine learning is widely applied in the field of medical diagnosis currently. Based on the im-
proved random forest algorithm, a prediction method for liver cirrhosis diagnosis is proposed, in
which the patients’ data with liver cirrhosis indicators is analyzed and processed by means of the
large amount of data obtained by patients for each examination and liver cirrhosis indicators. The
method of the paper has improved the traditional diagnosis technology, adopted the random for-
est algorithm, used its random factor to control the characteristics of data diversity, and intro-
duced the depth limit index. And it has improved the judgment and recognition ability of the data,
and enhanced the prediction accuracy. In this paper, the data set composed of anthropometrics is
used for experiments. The results show that the prediction accuracy of this method is over 90%.
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Figure 1. Random forest algorithm block diagram
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