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Penalized Quasi-Likelihood SCAD Estimator in High-Dimensional
Generalized Linear Models
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Abstract: This paper considers the problem of variable selection and estimation in high-dimensional generalized linear
models based on the quasidikelihood method with SCAD( smoothly clipped absolute deviation) penalty. This method requires
only the correct specification of the expectation and variance function of the response variable. Under reasonable conditions
the consistency and the Oracle property of the quasi-ikelihood SCAD estimator is proved. Some simulations and a real data a—
nalysis are given to illustrate the and good performance of the proposed method.
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Table 1 The estimate result of non-zero coefficient
(n p.) r B B B B
Lasso 0.987 8 1.983 2 2.984 6 3.97117
0.2 Bridge 0.9955 1.997 1 3.001 7 4.001 1
SCAD 0.995 4 2.001 7 2.999 7 3.999 2
Oracle 1.000 2 1.999 9 3.002 9 3.999 5
(200 17)
Lasso 0.998 7 1.9852 2.988 7 3.9932
0.8 Bridge 0.994 6 2.007 6 2.995 4 4.001 0
SCAD 1.000 1 2.001 6 2.997 7 4.000 3
Oracle 1.004 0 2.000 5 2.994 1 3.999 7
Lasso 0.983 8 1.986 5 2.9825 3.986 0
0.2 Bridge 0.995 0 1.998 4 2.9952 3.999 6
SCAD 1.000 8 1.999 0 2.998 7 4.001 2
Oracle 1.000 4 1.999 1 2.999 8 4.000 6
(400 21)
Lasso 1.001 1 1.997 2 3.000 1 3.990 4
0.8 Bridge 0.994 6 1.998 1 3.000 8 4.002 3
SCAD 1.000 6 1.997 7 2.999 8 4.001 7
Oracle 1.001 0 1.999 0 2.998 4 3.999 2
Lasso 0.981 5 1.990 1 2.988 6 3.9850
0.2 Bridge 0.994 9 1.997 5 2.997 5 3.998 1
SCAD 0.999 5 2.000 1 2.999 9 4.0015
(600 24) Oracle 1.000 5 2.000 9 3.001 8 3.999 3
Lasso 0.997 0 2.001 2 2.998 7 3.994 7
0.8 Bridge 0.997 3 2.002 6 2.998 8 3.999 2
SCAD 0.997 8 2.002 1 3.000 1 3.998 2
Oracle 0.999 9 1.999 8 2.999 6 3.998 9
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Table 2 Simulation results of variable selection and model comparison
r=0. 2 r= 0 8
(np,) .
MRME c 1 MRME C 1
Lasso 0.649 1 10.53 4 0 0.5317 10.382 0
Bridge . 12. 4 .2 12.22
(200 17) ridge 0.3357 6 0 0.299 7 8 0
Oracle 0.221 4 13 0 0.178 9 13 0
SCAD 0.322 8 12.614 0 0.210 6 12.35 0
Lasso 0.533 6 14.388 0 0.673 9 13.638 0
Bridge 0.2452 16.732 0 0.284 6 16.692 0
(400 21) Hiee o
Oracle 0.175 8 17 0 0.186 8 17 0
SCAD 0.208 7 16.896 0 0.212 8 16.776 0
Lasso 0.394 6 17.134 0 0.443 3 17.312 0
Brid 0.170 3 19.944 0 0.1932 19.874 0
(600 24) raee
Oracle 0.1259 20 0 0.165 4 20 0
SCAD 0.152 4 19.976 0 0.176 7 19. 654 0
: MRME ME  MEL ME MEL
3
Table 3 South African heart disease data analysis with different methods
MLE Lasso Bridge SCAD
sbp  0.0045  0.0062 0 0 0 0 0 0 0 0
tob 0.076 4 0.028 4 0.079 0 0.0100 0.076 9 0.010 6 0.079 5 0.001 0 0.089 9 0.028 6
1d1 0.205 4 0.068 3 0.170 5 0.024 3 0.161 1 0.026 9 0.163 5 0.024 7 0.183 4 0.058 7
adi  0.0048 0.0319 0.0167 0.013 1 0 0 0 0 0 0
fam  0.9395 0.2499 0.928 0 0.096 0 0.8733 0.092 0 0.912 6 0.089 6 0.9314 0.246 7
typ 0.0356 0.014 0 0.039 0 0.004 9 0.0351 0.005 1 0.0372 0.004 7 0.048 3 0.013 3
obe -0.0526 0.0485 -0.0580 0.020 0 0 0 0 0 0
ale 0.005 8 0.005 0 0 0 0 0 0 0 0 0
age 0.050 7 0.013 6 0.045 3 0.005 0 0.051 1 0.004 0 0.049 9 0.004 0 0.051 4 0.0110
3 1) SCAD  Bridge
SCAD
SCAD Bridge Lasso SCAD
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