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Table 1 In linear models selection proportions P, for each active predictor and P, for all active predictors
e % o n=200, p=2 000 n=200,p=1 000

Missing rate  Method P, P, P, P, P, P, P, P, P, p,
0.5 0.2 1IDC 0.825 0.905 0.945 0.925 0.775 0.855 0.935 0.925 0.865 0.775
IT™ 0.435 0.480 0.595 0.490 0.320 0.405 0.460 0.580 0.485 0.300
Pw 0.480 0.580 0.680 0.575 0.300 0.460 0.540 0.665 0.535 0.280
0.4 1IDC 0.670 0.720 0.715 0.750 0.465 0.680 0.745 0.800 0.735 0.475
IT™M 0.450  0.495  0.540  0.490  0.280 0.425  0.515  0.635  0.505  0.280
PW 0.430 0.485 0.570 0.445 0.195 0.390 0.510 0.655 0.550 0.240
0 FDC 0.990 0.995 1.000 0.995 0.990 0.990 0.995 1.000 0.985 0.985
0.8 0.2 1IDC 0.975 0.975 0.905 0.970 0.890 0.975 0.980 0.905 0.970 0.880
IT™ 0.540 0.585 0.575 0.585 0.415 0.560 0.580 0.550 0.575 0.445
IPW 0.605  0.695  0.610  0.665  0.425 0.645  0.680  0.645  0.680  0.470
0.4 IDC 0.860  0.885  0.665  0.875  0.595 0.855  0.880  0.695  0.870  0.625
I™ 0.570 0.590 0.575 0.595 0.435 0.585 0.610 0.565 0.615 0.450
PwW 0.575 0.645 0.625 0.615 0.420 0.620 0.640 0.605 0.630 0.415
0 FDC 1.000 1.000 0.995 1.000 0.995 1.000 1.000 0.995 1.000 0.995

MFE 1A 2 0 LU Y PR AR B, LA K P22
LR N AR AR AR E R A R L AR SCIR i Y IDC 5
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DEH o FARSRIULETE BRI AL 5 A e A f) L f91) 5 g

Jvit B e/ MR LR /N B IDC Ty 125 m) DI i %
ARt HEAE AN T SR AT, S8 RS T B ST
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Table 2 In linear models the different quantiles of the minimum model size S

B % Frk n=200,p=2 000 n=200,p=1 000
© Misingrate Method 5% 25%  50%  75% 9% 5% 25  50%  75%  95%
0.5 0.2 1IDC 4.00 4.00 4.50 25.50  564.00 4.00 4.00 5.00 27.75  337.30
IT™ 4.00 16.25 447,50 1 449.25 1 956.15 4.00 16.50 368.00  789.75  982.10
IPW 4.00 20.75  303.00 1 330.50 1 926.55 4.00 23.75 302.50  811.00  992.00
0.4 1IDC 4.00 8.00 56.00  598.25 1 553.95 4.00 8.00 42.50  360.50  783.20
IT™M 4.00 27.25 346.50 1 288.00 1 950.40 4.00 20.75 194.00  689.75  972.05
IPW 5.00 79.75  646.00 1 563.75 1 968.30 4.00 46.00 393.00  794.50  948.40
0 FDC 4.00 4.00 4.00 4.00 5.00 4.00 4.00 4.00 4.00 5.00
0.8 0.2 1IDC 4.00 4.00 5.00 7.00  342.40 4.00 4.00 5.00 9.00  149.90
IT™ 4.00 5.00 107.00 1 135.75 1 916.55 4.00 6.00 84.50  587.25  983.20
Pw 4.00 5.00 79.00  853.25 1 931.00 4.00 6.75 50.50  701.75  996.05
0.4 1IDC 4.00 5.00 13.00  141.75 1 040.10 4.00 5.00 15.00  182.00  682.90
IT™M 4.00 5.00 99.00 912,50 1 956.10 4.00 6.00 77.50  554.00  943.25
PW 4.00 7.00 118.00  889.00 1 901.20 4.00 7.00 108.50  656.00  995.05
0 FDC 4.00 4.00 5.00 5.00 6.00 4.00 4.00 5.00 6.00 7.00
F3 ELMEE | hENEREFRIETRME P, RETEEREFREFOBED,
Table 3 In nonlinear models 1 selection proportions P, for each active predictor and P, for all active predictors
TV S n=100,p=1 000 n=200,p=2 000
? Missing rate Method P, P, P, P, P, P, P, P,
0.5 0.2 1IDC 1.000 0.995 0.920 0.915 1.000 1.000 1.000 1.000
IT™ 1.000 1.000 0.850 0.850 1.000 1.000 0.995 0.995
IPW 1.000 1.000 0.855 0.855 1.000 0.995 0.985 0.985
0.4 1IDC 0.990 0.990 0.665 0.650 1.000 1.000 0.975 0.975
IT™ 1.000 0.950 0.600 0.575 1.000 1.000 0.930 0.930
IPW 1.000 0.945 0.610 0.580 1.000 0.995 0.920 0.915
0 FDC 1.000 1.000 0.940 0.940 1.000 1.000 1.000 1.000
0.8 0.2 1IDC 1.000 0.995 0.905 0.900 1.000 1.000 1.000 1.000
IT™™ 1.000 1.000 0.860 0.860 1.000 1.000 0.990 0.990
Pw 1.000 1.000 0.830 0.830 1.000 0.995 0.985 0.985
0.4 1IDC 0.990 0.995 0.695 0.690 1.000 1.000 0.960 0.960
IT™ 1.000 0.940 0.645 0.595 1.000 1.000 0.925 0.925
PW 1.000 0.925 0.645 0.600 1.000 0.990 0.890 0.880
0 FDC 1.000 1.000 0.935 1.000 1.000 1.000 1.000 1.000
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Table 4 In nonlinear models 1 the different quantiles of the minimum model size S

Bl % ik n=100, p=1 000 n=200, p=1 000
. Missing rate Method 5% 25%  50%  73%  95% 5% 25%  50%  75%  95%
0.5 0.2 IDC 3.00 300  4.00 800 3515 3.00 3.00  3.00 3.00  4.00
ITM 3.00  3.00  4.00 11.25  84.30 3.00 3.00  3.00 3.00  5.00

IPW 3.00  3.00  4.00 11.00  73.80 3.00 3.00  3.00 3.00  4.00

0.4 IDC 3.00  4.00 9.00  32.00 120.05 3.00 3.00  3.00  4.00  23.00

IT™M 3.00 500 15,00 53.25  183.40 3.00 3.00  3.00 7.00  67.00

IPW 3.00 400 14.50  43.25  262.10 3.00 3.00 300 800 100.25

0 FDC 3.00  3.00 3.00  5.00  26.10 3.00 3.00  3.00 3.00  3.00

0.8 0.2 IDC 3.00 300  4.00  9.00  46.25 3.00 3.00  3.00 3.00  4.00
IT™M 3.00  3.00 400 11.00  83.10 3.00 3.00  3.00 3.00  6.05

IPW 3.00  3.00 3.00  10.00  91.00 3.00 3.00  3.00 3.00  5.05

0.4 IDC 3.00  4.00  10.00  32.00 158.00 3.00 3.00  3.00  4.00  24.10

IT™M 3.00  4.00 12.00  60.25  255.00 3.00 3.00  3.00 7.00  56.05

IPW 3.00 400 13.00 7150 391.15 3.00 3.00  3.00 10.00 209.85

0 FDC 3.00  3.00 3.00 400  26.10 3.00 3.00  3.00 3.00  3.00

6 3(JELLMARBL 2) Sy TP IE AR AR A (Bi1 512 s Bis » P21 522 s f23) = (0. 8,1,1.2,1.6,1. 4,
BB b PERE , B AR A AN T L. 2), BV HCAFT =28 f 2 G BRI AR i 8 5 5] 2
R EA R, TESCTEIE T RATIEBUE A 5 n FI PR
A p Ky p)=(100,1 000) F1(200,1 000) ,
cos (B X1+ £ X, + B2 tanh X3) +e, HILEE L 5 F1 6,

1 ‘
YZ?(,811XZI(X1<O)+ﬁ12X2+ﬁ13X3)Z+

RO AFKMER 2 hBENEREFREFHHE P, RAEEREFHREPHHBE D,

Table 5 In nonlinear models 2 selection proportions P, for each active predictor and P, for all active predictors

Bk % Jik n=100,p=1 000 n=200,p=1 000

e Missing rate  Method P, P, P, P, P, P, P, P,
0.5 0.2 1IDC 0.535 0.770 0.630 0.300 0.870 0.985 0.925 0.795
IT™ 0.000 0.810 0.480 0.000 0.005 0.925 0.740 0.000
IPW 0.035 0.810 0.505 0.015 0.165 0.965 0.740 0.140
0.4 1IDC 0.770 0.485 0.130 0.055 0.655 0.695 0.580 0.340
I™ 0.040 0.245 0.175 0.000 0.385 0.240 0.490 0.090
IPW 0.020 0.310 0.135 0.000 0.140 0.310 0.490 0.025
0 FDC 0.835 1.000 0.365 0.305 0.695 1.000 1.000 0.695
0.8 0.2 1IDC 0.875 0.930 0.240 0.210 0.865 0.980 0.925 0.795
IT™ 0.000 0.915 0.285 0.000 0.005 0.925 0.725 0.005
PW 0.320 0.930 0.235 0.080 0.190 0.950 0.745 0.145
0.4 1IDC 0.675 0.440 0.135 0.050 0.640 0.725 0.550 0.325
IT™ 0.045 0.265 0.220 0.005 0.410 0.250 0.520 0.105
Pw 0.010 0.285 0.180 0.000 0.125 0.350 0.510 0.040

0 FDC 0.845 1.000 0.375 0.330 0.700 1.000 1.000 0.700
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Table 6 In nonlinear models 2 the different quantiles of the minimum model size S
TV S n=100,p=1 000 n=200,p=1 000

® Misingrate Method 5% 25%  50%  75%  95% 5%  25%  50%  75%  95%
0.5 0.2 1IDC 4.00 17.75 58.50  175.00 633.60 3.00 3.00 8.00 27.75  168.55
IT™™ 216.05  576.00 764.50  897.25 982.10 204.90 526.00 734.00  892.00  982.10
IPW 45.85  159.00 354.50  618.75 926.10 14.95 73.75 268.00  582.25  858.95
0.4 1IDC 20.00 96.50 294.50  511.50 881.15 4.00 24.00 78.50  210.00  534.55
IT™™ 119.90  389.75 579.50  823.50 982.05 18.85 120.75 373.50  732.75  944.20
IPW 161.00  370.00 517.00  727.50 934.40 67.70  252.00 441.50  720.75  973.25
0 FDC 3.95 15.00 59.50  206.25 637.10 3.00 4.00 11.50 53.25  374.80
0.8 0.2 1IDC 3.95 30.75  124.50  379.50  791.50 3.00 3.00 8.00 27.75  168.55
1™ 537.00  799.75 923.00  976.50 1000.00 204.90 526.00 734.00  892.00  982.10
IPW 18.85  107.50 298.00  580.25 897.20 14.95 73.75 268.00  582.25  858.95
0.4 1IDC 24.80  102.75 286.50  582.50 928.20 4.00 24.00 83.00  230.25  587.30
1™ 122.30  392.75 641.50  805.50 973.00 19.95 122.50 324.00  684.00  964.20
IPW 139.25  343.00 547.00  807.00 976.30 44,90 206.50 437.00  673.25  943.25
0 FDC 3.00 13.75 54.50  205.50 639.55 3.00 4.00 11.00 52.25  375.60
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Table 7 In bivariate response models selection proportions P, for each active predictor and P, for all active predictors

B % Frk n=100,p=1 000 n=200,p=1 000

¢ Missing rate  Method P, P, P, P, P, P, P,
0.5 0.2 IDC 0.915 0.990 0.940 0.845 1.000 1.000 0.985 0.985
1™ 0.395 0.370 0.750 0.235 0.460 0.470 0.835 0.370
IPW 0.975 0.965 0.875 0.820 1.000 1.000 0.975 0.975
0.4 IDC 0.855 0.990 0.915 0.775 0.995 1.000 0.955 0.955
1™ 0.605 0.050 0.645 0.050 0.600 0.165 0.750 0.115
IPW 0.965 0.205 0.860 0.180 0.980 0.575 0.970 0.565
0 FDC 1.000 0.995 0.985 0.980 1.000 1.000 1.000 1.000
0.8 0.2 1IDC 0.905 0.990 0.945 0.840 1.000 1.000 0.985 0.985
IT™M 0.410 0.385 0.740 0.265 0.445 0.425 0.820 0.330
IPW 0.975 0.965 0.880 0.825 1.000 1.000 0.980 0.980
0.4 1IDC 0.845 0.995 0.910 0.755 1.000 1.000 0.955 0.955
IT™M 0.625 0.095 0.660 0.070 0.590 0.140 0.790 0.115
IPW 0.970 0.255 0.830 0.215 0.945 0.525 0.955 0.500
0 FDC 1.000 0.995 0.990 0.985 1.000 1.000 1.000 1.000
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Table 8 In bivariate response models the different quantiles of the minimum model size S
R g n=100,p=1 000 n=200,p=1 000

© Missingrate Method 5% 25%  50%  75%  95% 5% 25X  50%  75%  95%
0.5 0.2 1IDC 3.00 3.00 4.00 12.00 75.15 3.00 3.00 3.00 3.00 8.05
IT™ 3.00 26.00 233.00 570.50 941.30 3.00 8.00 161.50 476.75 862.20

IPW 3.00 3.00 4.00 12.00 103.25 3.00 3.00 3.00 4.00 21.10

0.4 1IDC 3.00 3.00 6.00 17.00 137.75 3.00 3.00 3.00 3.00 16.05

IT™ 21.90  210.25 503.00  761.00 970.10 11.95  139.75 369.50 669.00 944.15

PW 4.00 31.00  123.50  324.25 695.30 3.00 8.00 30.00 107.50  475.55

0 FDC 3.0 3.00 3.00 3.00 8.05 3.00 3.00 3.00 3.00 3.00

0.8 0.2 1IDC 3.00 3.00 4.00 11.25 77.10 3.00 3.00 3.00 3.00 9.05
IT™ 3.00 19.75 243.00  597.25 952.15 3.00 9.00 166.00 494.50 860.50

PW 3.00 3.00 4.00 14.00 71.10 3.00 3.00 3.00 3.00 18.05

0.4 1IDC 3.00 3.00 6.00 19.25  164.20 3.00 3.00 3.00 3.00 25.15

IT™ 12.85 174,50 472.00  775.25 973.25 9.90 118.75 364.00 623.25 950.35

Pw 4.00 32.75 132,50  398.25 780.45 3.00 7.00 37.50 144.25 588.30

0 FDC 3.00 3.00 3.00 3.00 9.10 3.00 3.00 3.00 3.00 3.00
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Table 9 In linear models of small sample selection proportions P, for each active predictor and P, for all active predictors
Bt & ik n=50, p=500 n=50,p=1 000

e Missing rate  Method P, P, P, P, P, P, P, P, P, P,
0.5 0.2 IDC 0.405  0.535  0.595  0.525  0.150 0.330  0.495  0.455  0.415  0.065
IT™ 0.245 0.350 0.450 0.355 0.120 0.200 0.255 0.360 0.235 0.060
Prw 0.255 0.380 0.560 0.380 0.075 0.195 0.295 0.415 0.290 0.035
0 FDC 0.620 0.750 0.805 0.725 0.365 0.455 0.660 0.720 0.610 0.170
0.8 0.2 1IDC 0.685 0.770 0.480 0.740 0.270 0.690 0.795 0.385 0.715 0.230
IT™ 0.415 0.470 0.415 0.460 0.205 0.435 0.500 0.375 0.435 0.160
PW 0.480 0.585 0.515 0.515 0.205 0.485 0.555 0.390 0.480 0.140
0 FDC 0.870 0.935 0.765 0.905 0.630 0.855 0.900 0.660 0.910 0.545
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Table 10 In linear models of small sample the different quantiles of the minimum model size S
Bl % Jrk n=>50,p=>500 n=>50,p=1 000
© Missingrate Method 5% 25%  50%  75%  95% 5% 25X  50%  75%  95%
0.5 0.2 1IDC 5.95 24.25 83.50  216.25 402.70 11.95 56.75  172.00 485.25 777.50
IT™ 6.95 37.00 201.00 410.50 495.10 9.00 133.75 504.50 887.75 992.00
IPW 7.00 50.50  210.50  389.50 479.10 16.90 162,50  486.00 842.50 980.15
0 FDC 4.00 8.75 28.00 75.25  347.40 5.00 19.75 59.50 213.75 615.00
0.8 0.2 1IDC 4.95 11.00 34.50  105.25 386.05 5.95 15.50 45.00 193.25 678.15
I™ 4.95 17.00 87.00  363.00 497.10 5.95 22.75  147.50 777.00  983.10
IPW 5.00 18.75 89.00  285.25 470.00 7.00 30.00  167.50 710.75 972.45
0 FDC 4.00 5.00 8.00 29.25 196.35 4.00 5.00 10.50 43.50  334.15
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Table 11 In linear models selection proportions P, for each active predictor, P, for all active
predictors and the different quantiles of the minimum model size S

o0 Mi%fiate szfod P, P, P, P, P, 5% 25%  50%  75%  95%
0.5 0.2 1IDC 0.620 0.770 0.745 0.745 0.430 4.00 8.00 29.50  171.00  650.90
MI10-DC  0.865 0.835 0.515 0.510 0.320 4.95 15.75 57.00  202.50 610.10
IT™ 0.310 0.370 0.440 0.370 0.180 5.00 69.50  412.50  817.00 986.10
IPW 0.365  0.475  0.545  0.440  0.155 5.00  50.75  429.00  832.50 978.20
0 FDC 0.860 0.940 0.950 0.910 0.805 4.00 4.00 5.00 14.00  295.55
0.8 0.2 1IDC 0.825 0.875 0.720 0.850 0.655 4.00 5.00 9.50 62.75  549.25
MI10-DC  0.950 0.960 0.400 0.890 0.390 4.00 10.00 45.00  127.25 485.55
1™ 0.500  0.510  0.490  0.515  0.345 4.00 7.00  202.50 688.75 968.30
IPW 0.560 0.580 0.530 0.540 0.350 4.00 7.00  166.00  680.25 975.40
0 FDC 0.950 0.965 0.915 0.975 0.895 4.00 4.00 5.00 7.00 142.10
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Fig.1 The Kaplan-Meier estimate of survival curves for two risk groups in the testing data
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Feature Screening for Ultra-High Dimensional Missing Response

Zou Liying, Liu Yi
(School of Mathematical Sciences, Ocean University of China, Qingdao 266100, China)

Abstract: This paper presents a new method to solve the feature screening of ultra-high dimensional
data with responses missing at random. The values of the missing response are completed by imputation
technology, and then the distance correlation between the imputed response and the distribution function
of covariate is used as an index for feature screening. The proposed method has the following advantages.
First, it is a nonparametric model-free method, which can detect the nonlinear relationship between
variables. Second, it is robust to covariates with outliers, Third, it can deal with multi-dimensional
response variables directly. Simulation studies were conducted to examine the performance of the
proposed procedure and to compare with existing methods. Finally, our method was applied to the data
analysis of diffuse large B-cell lymphoma.

Key words: ultra-high dimensional data; missing at random; feature screening; robust distance corre-

lation; model-free
AMS Subject Classifications: 62D10; 62G99
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