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Abstract

With the booming development of data science and machine learning, data collection technology
has advanced rapidly, leading to a sharp increase in data dimensions. However, the growth of sam-
ple sizes is relatively slow, which poses severe challenges to high-dimensional data processing. In
this high-dimensional data environment, traditional linear regression methods encounter numer-
ous difficulties. For example, the classical least-squares method cannot obtain a unique solution
when the feature matrix is not of full column rank. Moreover, the high correlation or redundant
information among dimensions can lead to overfitting of the model and a decline in generalization
ability, which is the so-called “curse of dimensionality” problem. At the same time, processing high-
dimensional data requires extremely high computational resources and storage space, greatly in-
creasing the training time and cost of the model. Penalized linear regression in high-dimensional
spaces provides an effective way to solve these problems. Among them, the Lasso-penalized regres-
sion can achieve feature selection by introducing an L1-norm penalty term, compressing some un-
important coefficients to 0, thus simplifying the model structure and alleviating the problems
brought by high-dimensional data to a certain extent. However, the Lasso-penalized regression also
has limitations. For example, its penalty strength continues even when the parameters are large,
which may lead to over-compression of important parameters and affect the accuracy of estimation.
The emergence of non-convex penalty functions offers a better solution for high-dimensional data
reduction and data screening. Compared with the traditional Lasso penalty, non-convex penalty
functions such as SCAD (Smoothly Clipped Absolute Deviation) and MCP (Minimax Concave Penalty)
have unique advantages. When the coefficients are small, the penalty strength of these non-convex
penalty functions is similar to that of the Lasso, which can effectively compress unimportant coeffi-
cients. When the coefficients increase to a certain extent, the penalty strength gradually weakens or
even approaches zero, avoiding over-compression of important coefficients and thus achieving more
accurate variable selection. Theoretically, non-convex penalty estimates satisfy the Oracle property.
Thatis, they have variable selection consistency and asymptotic normality. This means that in a high-
dimensional data environment, it can more accurately identify the feature variables that truly affect
the response variable and exclude the interference of redundant and noisy features. Given the sig-
nificant advantages of non-convex penalty functions in high-dimensional data reduction and data
screening, in-depth research on high-dimensional space penalized linear regression based on non-
convex penalties has important theoretical significance and practical value. This paper will conduct
a detailed exploration of its basic principles, algorithm implementation, and optimization strate-
gies. Through numerical simulations and real-case analyses, the effectiveness of this method in
high-dimensional data processing will be verified, providing strong theoretical support and practi-
cal guidance for research and applications in related fields.
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Figure 1. In the above figure, (a) represents the Lasso penalized regression, and (b)
represents the ridge regression, the horizontal and vertical coordinates represent £3,, 3,
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Lasso 0.856 0.862 0.821 0.234 187
B 0.871 0.883 0.845 0.189 202
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