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Abstract

This research is aimed to propose a method, called bootstrap adaptive lasso + partial ridge
(ALPR), to construct confidence intervals of regression coefficients in high — dimensional data and
compare its performance with bootstrap lasso + partial ridge (LPR). The ALPR is a two-stage estimator.
The adaptive lasso is used to select variables and the partial ridge is used to refit the coefficients.
Here we perform two techniques of bootstrap which are residual bootstrap and paired bootstrap. We
also consider two cases of coefficients which are weak sparsity and hard sparsity where weak sparsity
and hard sparsity refer to the case that majority of coefficients have value closed to zero and equal to
zero respectively. Simulation studies in 8 cases of high — dimensional covariates that are generated
from multivariate normal distribution with different types of covariance matrix. Mean interval lengths
and coverage probabilities are used to measure and compare performance of bootstrap methods. Our
simulation studies show that the residual bootstrap adaptive lasso + partial ridge provides lowest mean
interval lengths for most cases. However, it is not obvious that which bootstrap method is the best in
terms of providing highest coverage probabilities. We also apply each bootstrap method with the real
data, colon cancer microarray data set. The results show that the residual bootstrap adaptive lasso +
partial ridge and the paired bootstrap adaptive lasso + partial ridge are the best method in terms of

mean interval lengths and coverage probabilities, respectively.

Keywords: high — dimensional regression; lasso regression; adaptive lasso regression; ridge

regression; bootstrap; confidence intervals
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Table 1 Mean and standard deviation of confidence interval lengths obtained from each bootstrap

method for 8 cases of simulation studies

rBALPR rBLPR pBALPR pBLPR
Case Standard Standard Standard Standard
Mean Mean Mean Mean

Deviation Deviation Deviation Deviation
Case 1 0.004 0.001 0.020 0.002 0.014 0.001 0.037 0.003
Case 2 0.009 0.001 0.012 0.002 0.017 0.003 0.046 0.005
Case 3 0.006 0.002 0.031 0.003 0.021 0.002 0.053 0.004
Case 4 0.014 0.001 0.018 0.003 0.024 0.003 0.068 0.008
Case 5 0.018 0.003 0.036 0.003 0.024 0.002 0.057 0.006
Case 6 0.091 0.013 0.132 0.020 0.074 0.007 0.098 0.011
Case 7 0.024 0.006 0.053 0.004 0.038 0.005 0.084 0.011
Case 8 0.145 0.014 0.211 0.023 0.117 0.009 0.159 0.017

Table 2 Mean and standard deviation of coverage probabilities obtained from each bootstrap method

for 8 cases of simulation studies.

rBALPR rBLPR pBALPR pBLPR
Case Standard Standard Standard Standard
Mean Mean Mean Mean

Deviation Deviation Deviation Deviation
Case 1 | 0.933 0.03 0.940 0.03 0.942 0.03 0.999 0.01
Case 2 | 0.939 0.04 0.939 0.03 0.954 0.03 0.999 0.01
Case 3 | 0.808 0.22 0.830 0.28 0.940 0.08 0.881 0.21
Case 4 | 0.813 0.31 0.772 0.35 0.912 0.11 0.864 0.26
Case 5 | 0.919 0.07 0.934 0.05 0.789 0.11 0.973 0.05
Case 6 | 0.933 0.06 0.940 0.05 0.647 0.19 0.558 0.21
Case 7 | 0.737 0.35 0.745 0.32 0.591 0.26 0.710 0.25
Case 8 | 0.623 0.37 0.806 0.18 0.398 0.22 0.434 0.21
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Table 3 Mean and standard deviation of confidence interval lengths obtained from each bootstrap

method for colon cancer microarray data set.

rBALPR rBLPR pBALPR pBLPR
Standard Standard Standard Standard
Mean Mean Mean Mean
Deviation Deviation Deviation Deviation
0.022 0.006 0.042 0.006 0.050 0.003 0.067 0.004

Table 4 Mean and standard deviation of coverage probabilities obtained from each bootstrap method

for colon cancer microarray data set.

rBALPR rBLPR pBALPR pBLPR
Standard Standard Standard Standard
Mean Mean Mean Mean
Deviation Deviation Deviation Deviation
0.814 0.20 0.744 0.18 0.942 0.21 0.896 0.27
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