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Abstract:  Variable filtering and model estimation have been the hotspot of high dimensional data, and the dimensionality prob-
lem of high dimensional data is becoming more and more prominent. The traditional statistical analysis method is no longer applica-
ble due to the instability of the model. In this paper, we review the principle of variable selection method based on regularized re-

gression in high dimensional data, the data type and the advantages and disadvantages, and the selection of adjustment parameters.
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