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Abstract

This paper studies the research status of Bayesian classification and its application in practice. In
the first half of this paper, the research status of Bayesian classification is introduced. In the last
part of the paper, the principal component analysis method is introduced and realized, and the
results of principal component analysis are visualized by using the rubble diagram. Then, an im-
proved weighted Bayesian classification method based on principal component analysis is pro-
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posed by combining the processed data with weighted attributes and Bayesian classifier. Secondly,
the probability of feature and category of feature is calculated by mutual information, which is
used as the prior probability of Bayesian classifier for classification, and a Bayesian classification
algorithm for feature selection of mutual information is presented. Finally, numerical experiments
show that the proposed two improved methods have good classification performance.
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Figure 1. Principal component lithotripsy diagram
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Figure 2. Scores of each variable
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Figure 3. Correlation coefficient
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Table 1. Comparison table of weighted naive bayes classifier results
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Table 2. Statistical table of characteristic words
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