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Abstract

Feature selection is fundamental to the analysis of high-dimensional data and is a key process in
many pattern recognition applications. Due to the use of a large number of features, the learning
model will overfit, resulting in the degradation of model performance, etc., so the feature screening
of high-dimensional data becomes particularly important. This paper proposes an unsupervised
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feature selection method based on kernel density mutual information. Mutual information is intro-
duced as the correlation measure between features, which can well measure the linear and nonli-
near relationship between features. Finally, the method is applied to two real high-dimensional data
sets, and the filtered data is applied to three commonly used classification models, and the classi-
fication model is evaluated by classification accuracy and F1 value. Through comparative analysis
with the existing cross-correlation-based method, it is known that on the two data sets, the classi-
fication accuracy performance of the two screening methods in the three classification models is
similar, and the F1 value of the method based on kernel density mutual information is better than
the method based on cross-correlation on the three classification algorithms, indicating that the
proposed method has better screening performance.
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Table 1. Summary table of dataset parameters
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Table 2. Classification accuracy of three classification algorithms on two data sets

T2 MO RBEEERMBEE LN RBE

ALLAML lung
Correlation KMI Correlation KMI
RF 0.720 0.760 0.893 0.893
SVM 0.793 0.780 0.951 0.941
KNN 0.730 0.717 0.900 0.924
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Figure 1. Average classification accuracy of three classification methods on the ALLAML dataset
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Figure 2.Average classification accuracy of three classification methods on the lung dataset
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Table 3. F1 values of the three classification algorithms in the two datasets

"I MO EBERER I RIEEFLE

ALLAML lung
Correlation KMI Correlation KMI
RF 0.802 0.837 0.750 0.805
SVM 0.835 0.837 0.864 0.899
KNN 0.811 0.803 0.789 0.861
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Figure 3. Average F1 value of three classification methods on the ALLAML dataset
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Figure 4. Macro_F1 values of the three classification methods on the lung dataset
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