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Abstract

In this paper, we study the model selection in multiple linear regressions. Model selection is a hot
topic in statistical research. With the advent of the era of large data, the dimension of data is get-
ting higher and higher. There is a greater demand for model selection in the fields of economics
and finance, biostatistics and image processing. At the same time, sparse model plays an increa-
singly important role in machine learning, which can avoid over-fitting. This paper mainly studies
the model selection based on multiple linear regression model, and summarizes the ridge re-
gression, LASSO and SCAD methods and Bayesian model selection methods. Later, through data
simulation and case analysis, we focus on the sparse model under the premise of the four model
selection methods that are analyzed and compared. Through research and analysis, it can be
found that the results of ridge regression are better when the model is approximately sparse,
SCAD method can better remove the unimportant variables, and the results are very little dif-
ferent from ridge regression. Therefore, this good property can be fully utilized in practical ap-
plication.
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Figure 1. Variation of different correlation coefficients under sparse models
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Figure 2. Coefficient variations in almost sparse models under different conditions
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Table 1. Correlation coefficient matrix of prediction factors
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A5 X, X, X, X, X, X, X, X,
X, 1 0.293 —0.646 —0.485 -0.093 0.043 -0.047 -0.196
X, 0.293 1 —0.394 -0.090 0.260 0.177 -0.232 0.209
X, —0.646 —0.394 1 0.562 0.026 —0.041 0.142 0.162
X, —0.485 -0.09 0.562 1 0.120 0.091 —0.080 0.184
X, -0.093 0.26 0.026 0.120 1 0.483 0.033 0.207
X, 0.0430 0.177 —0.041 0.091 0.483 1 -0.095 0.292
X, -0.047 -0.232 0.142 -0.080 0.033 -0.095 1 -0.032
X, -0.196 0.209 0.162 0.184 0.207 0.292 -0.032 1
Table 2. Analysis of intima-media thickness data
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