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Table 1 Variable selection and estimators
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SCAD 0.249 0.502 1. 003 1. 500 0. 002 5.281
Dantzig 10 0.248 0. 501 1. 002 1. 500 0.002 5. 185
Lasso 0.249 0.502 1.003 1. 500 0. 002 5.161
SCAD 0. 244 0. 498 0.999 1. 499 0. 038 43.515
Dantzig 50 0.243 0.494 0.992 1. 496 0. 024 39. 809
Lasso 0.243 0. 494 0.992 1. 496 0. 030 39. 169
SCAD 0.211 0. 477 0.974 1. 465 0.250 77. 348
Dantzig 100 0.214 0. 466 0. 963 1. 467 0. 044 87.788
Lasso 0.209 0.459 0. 958 1. 462 0. 056 88. 454
SCAD 0. 204 0. 466 0.933 1. 406 0. 204 95.531
Dantzig 120 0.211 0. 464 0.963 1. 464 0. 040 101. 414
Lasso 0.201 0. 455 0.955 1.455 0.043 106. 504
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Variable Selection in High-dimensional Partially Linear Models

YANG Yi—ping, XUE Liu-gen, WANG Xue—uan
( College of Applied Sciences, Beijing University of Technology, Beijing 100124, China)

Abstract: This paper considers the problem of variable selection in high-dimensional partially linear models. By
combining spline method and Dantzig selector or Lasso, the authors simultaneously select variables and estimate
parameters. The simulation results show that the proposed methods are better than the existing method when the

dimension of parameters is much larger than the number of observation.
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