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Abstract

In health services and outcome research, count results are often encountered, and there is usually
a large proportion of zeros. The zero-inflated geometric regression model is a powerful tool for
analyzing excessive zeros in geometrical parts. In actual modeling, there may be variables that are
completely unrelated to the target (redundant variables) among the collected variables, or some
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variables are known to be related to the target, but the actual impact is minimal. Aiming at the
problem of many covariates and correlations, this paper adds SCAD, MCP and LASSO penalties to
the likelihood function to obtain a penalty objective function based on zero-inflated geometric re-
gression, and then uses the EM algorithm to study the parameter estimation and variable selection
of the model problem. Simulation research shows that the model not only has accurate parameter
estimation, but also is superior to the traditional stepwise selection method.
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1. 51§

KB ZAAET &N ik okl R Tl RS EE . ZREUR MR A2
MIME & A 2 1%, 5 RALGIIAAS (5 350 150) [m] YR of B ARl 22488, #U & I 4 At 2 th 3L
Bz, B, ARZ5ETE T KSR P FAE 1960 4F, Cohen Jr AC [1]C&HFEE R R
KL AR . B3 1986 4, Mullahy [2]%]H WL ) TR B HEAT B AN, 52 th FRZIKEAY . B35 Lambert
[3] (1992) AR NM T T 2 WG o N T WHIC AR B IR, Aok 2230 43 A HE 23 43 43 7l i 07 logit JEFEAS
RIS B AR, et 7 R AR S TSR MK AR AR, I N FH T B ] e B AR e
BRI . BEJE, — DRI [ABRAE SRR T2 R T Fd 2 6] . 7140 Lee [4] [5] (2012a,
b)TEVAT R 5 L Z1 AR 7T B PEFL SRR #% Y: Huang [6]55(2017) 48t 1 —FlH T 25 415
SAEI Z1 FEADSR LEAS S Liu A1 Powers [7] (2007)#& H T —ANSEFH FIRAT A E ZI -8 AR &
A, T oC T F K LA A IR A2 TE L (8] (2018) T 4h F MK LA 73 A i B gk A7 S 40 ik
i, 2019 4F, FRHF K LA EAEAL[0], ARG EEE g 2 M EEAM—E. KL, AR EEIK
JUART 23 A I ARG 7= 3o

A B PR G A T B OC B, U TN R R AR LA B T MR . D T B T
WKSEE, /A B NWAE, Gt KV s FEiE ket s/ e fbith, A iHERE AR,
R ETFHRIEFEA SRR b RIS b ik — 8 (HERMETF AR EARRS . — &4
MEAR Z 0, BT FARITFER AT B AR L A 1 S B A2 A Al K (Breiman, 1996) [10].
B EBREE Y A TRIERM B, SR E il 52 & T AR AN W PN 5 i s i A 2 42 7
PR I HEAh, XLk B R g 1 AR B B B B LR 22 BN E 1 o S B AR Al 2 5
HAFE AL (Shen & Ye, 2002) [11]. N T Aef® AW EERREEAL R, R0 800 B ARG URAT, Hoerl
1 Kennard [12] (1970)#2 04[50, Frank #1 Friedman [13] (1993)#4 /s —3fefitiit. Bt T4 FII& [A] ) %
A B AL AHEZE R, 4TI [ #O3E FI . Tibshirani [14] (1996)42 H 5t /N8 b YAc 46 A3k 4% 5 (Lasso)
ERMA | TSRS s B kR E AR, IR 1R 7 SRR A R RAFRFIE . RIS
FHEAGES, AT HEABERN /AR ERE, B ZEY4E. Nicolai Meinshausen [15] (2007)3 B4
T R A AR A e SR e 2, A Lasso ISR & — U . BEE XTI R — PR, Fan A
Li [16] (2001)8F 7€ 1 €45 Lasso 7£ N B — K1 K%, Fi5 tH Lasso W] LA BT 28 e R K |y FE 7R R
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MAEET R, 371 Lasso YRR F AL 1 X K REA mflivh, DIt bk ST &, & BEA2 X
. Fan F1 Li [17] (2006) 45 H— /N IO A 11 R BN 1% HL A oracle PE(RREilE . ELLMEMTOMME), 2
TP BRME LA w22 (SCAD) &4 . 76 2006 4, M RRIEESFREAT T AW MLEd, JHeh 748
0 4 ST ALLARAE B o b AR B e 35 1 A, Zou [18] (2005) 2 H 1 3 [ 7 551, 4540126 B 214 F3 0 $oz A
MHLI, 1ZJ775EE Lasso A 2. 2006 4, $gth 7 H T FERl v FIAS 2k 561 B 1&E N Lasso #& 1, s
H T SOIA 1y 28 506 2 SR ST BB i i, ARG Hb g o T 2 LR MR M. Zhang [19] (2010)& H 1)
MCP #& 11} . Buu [20]%%(2011)#& ! —# SCAD J5 kXt ZI BB T AR B ik %, Wang [21]%5(2014)%F EL T
LASSO. SCAD fl MCP =F & {1 B %, Chen [22]%5(2016)#t" SCAD 7 ij i FH £1) 51 &2 Il & (1) 22 i ik A 7Y
H

2. &S] ZI1Ge EVI1ERY

2.1. &5 ZI1Ge EFER T EEF
M=K =12,--,n, & XM RNAZEY, Z A2 A EANIH . FRIK LA 7540 2 R A & 3 A Al

JURT o3 AR RV 5 oA, TR Y, IR 55 P eR A «

{pi+(1—pi)(l—0i), y, =0

(I-p)-6)8", vy =12--

P(Yi=v)= (1)
Ho 24 p, (0< p<1) WA 2 FHRAMESE, S50, 7o U Ai b 0 R A 2. 2 p=0H,
ZIGe AR AARAER JURI 70 A 24 p> OB, R\FAEFIEMK . pillR, UiAHEEE HZ M LER,
AU o Am R B o5 I et ioR . 7E ZIGe [RIVAREAIH, JR-AMEER p, FAF K A2 6 #R 2 d it
logistic [F] V=R AY i N4 6 R -
IOgit(pi):WiT7/
. 2
logit(6,) = X' B
FEf W = (LW, Wiy, Wi ) AT X = (1, Xy, Xy, Xy ) 592 1025 LA 7=(70,71,72,--',7q)T Gl
B=(Bo. B By By ) BIREATAS AL REL, B, A o RARBI . B {(Y,, X, W), =1,2,---, n} A0S0
MA@ =(B,7) AN p+q A REL WA FIHHALA B AR

E(go;yi,xi,vvi):glog{l(yi_o{ . +(1_0i):|(1_pi)+|(yi>0)[9iyi(1_6i)](1—pi)}

(l_ pi)

= Zn: log (exp (W) + (1+ exp(XiTﬂ)) j— log (1+ exp(WiT;/)) ®)

i=1

+le 10 [iniTﬁ—(yi +1)(1+ exp(xiTﬂ))_l}

o o vy KA €(0) B EM BT EANERZ, SCERFHIET logistic [31 A # 4> Rl LA
AR A 7> B A R AR s 00, (ER s th ) D7 3T BUR A 5y by F 2% TP R 7 B A
Al A 1 DL o

RTARIER, HBAT TR LA

PL(@: Y5 %, W) = £ Y;, %, W) = P(B,7) 4
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Ferp R R Bl g

P(B.7) =2 P, ||~ Py 1] ©)

Hor Pa, () K py, () ZAETTRREL, a), b RS FHRE B,y TUAHARKES. Fan [17]5T2
Hi¥) SCAD #E i € LR

Algl, [¢l<2
(@ -Y2 - (g-a1)
p: (€)= ey Ackl<at (6)
(a+;)/12 el ad

B4 0| B N, S8 ST R BRI R 24 |0 BRI, Sy AR Tfﬁé{|9| TR, FE 51000
a, A BN S, ABHITEBEE N E T, MUn oo, BT 0. WEHNT, &&a=37. SCAD
SRR T ¢ —I S RRECN:

A EES
b (&)= aj%f /1<|§|sa,1=/1{|(fs;b)Jr(("";__j/)l+ |(§>/1)} @

0, &> aa

Zhang [19]4% Hi i) MCP & 5T B BUE Xk -
p., (ac)=2" (p(ja:27)+ p(cli4.7)), 4>0,7>0 (8)

Ael-5 =47
pldirn)=) T a20r>1e=(ag ¥
5/1271 |§|>’7‘7

H—fr 3 H0N:

pll47)=4[1-E ] son () o)

Lasso & i e W F -
p(4ilel) =4l 4=0 (12)

41 JERT a=3.7, A=1H ] LASSO %u SCAD ﬁjiﬁz&ﬁ'—%ﬁ@ TR D, B, AR EE
—Kr 5% 9E™N SCAD &5 AL S SEONER AR R L.

Fan 1 Li [16] (2001)431%@“*&)* %@Eﬁa%ﬂiﬁ A DAHE A MK LA =] )9 4528 ) ORACLE 1«
Pt W Ag,, =0, Agy =0,V = ®,NAg , >0, Ml ZIGe-MCP, ZIGe-SCAD HA itk 7EHE
T 10, TRV RBIMTEEN 0, AN KRBT E RAENL RSN, SERNEFRBNEA
1B, 7522 NAEF REO R 3% A5 R4S BRI T4 R
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Figure 1. LASSO, MCP and SCAD penaltieswhen A=1and a= 3.7
1.A=1,a=3.7 KA LASSO. MCP #l SCAD &3

22.EM Bk

FRAE Lambert (1992)(115C %, ZW MK LRI AITT LU EM B30T A MUOR R HHI 2. 24 Y skl T
FUH, R FIBEN AR B =1. 4V, 5k E T BN, B =0. HAB=(B.B,B,)
RATARI, B B A B A B . EM B0 0 1T DB (b B Sk e 1 . 1S5 M MO (Y, B ) 2
RN, A4 5 R SR AR

MUARAE Zi":l{BiWiTy— log (1+ eWiTV)+(1_ B )[yi X{ B-(y; +1)log (1+ exfﬁ)}} (12)

U85 311 58 2 K RO BOALLAR BR O -

pee ((P; i Zi ) = i{BiWiTy_ log (1+eXp(WiT7/))} - ni Pa, ﬂj|
i1 k= (13)

+ (1_ Bi)|:iniTﬂ_(yi +1) Iog(l—i_exmﬂ_ni Po |yk|

i=1
Filk, T DUAR T (T B FARMRAL pe (y,2,) A1 pr (B:yi.2,) 43I logistic
AT SRR, FIFH EM S0k E 5w MR M S A0 o™ it 54
PEIREE S A PEIIEL . MR £ (g1, 2,) BOCH @ TISESS i + 1 VOBARAOZ S (8
PO = (B ) o M USKET, PRI I, MHIRHE p© = (B©, ) FFfh, EM FUELELLF =A%
JEAREAT, B
1) E b % WIEURIF I ATt o™ RO LSS M, JE1R m K & AP T
e

éi(m)= [(1+exp(WiT7;(m))1)(1+exp(xfﬁ(m)))—1) , ¥, =0 (14)
0, y; >0
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PRI, R AT S e B o R 1 0 22

Q(l¢™)=E(p 21y, ) v, ™) =0 (16" )+ 2 (816" (15)
o,

Q(7¢™) =21, BOW Ty ~log(1+exp(Wy))-n3 2, b, ] (16)
0, (A19™) =X (1-B) v X7 B (% +1)tog 1+ ) |[-n3 2 by |1 (a7)

2) M ff(;’%ﬂ: ]/):
7" = argmax 0 (7™ ) (18)

YM BT B)
A =arigmax (8™ ) (19)

B

Q (7]60") A IMBUE T H R R 2L Q4]0 ) R—AMETHEH M AR, TR E S
M 25 E IS

23 HESWMIEE
BN % (a),b, ) H1 BIC HENIEHL:
BIC =-2/(g;a,b, )+ log(n)df (20)

b ¢ RASTBHL (ap.b) RMESHL () RABMAERL df =357 1(4%0)+ 2751 (1 #0) &1
. ST O I S R — AR, SEEE T AL a® >a® > > a0 f
b >b® > > SRRt FIIHATIA (2, b, )., (M) o SR E Rk (o, b )
FEAFRR T BT R T % 0Pl 1 T i (2, b ) AT\ LASSO 45 1 e
PSS 56T SCAD TR MCP BT, A SCHLIMAR K Fh e -

3. (HE&RH
3.1 RBIMBEER

l0git(6,) = B + BoXia ++++ BroXino
10git (P, ) = 73Wiy + oWy o+ Voo Whgg

ASCRMT Anne Buu BRI IEERARDT S, EOTEBT AR, BRI £ 0 IES S Ny (0,2)
W RS TG R Pl (i, =1+, 20) S AR RZ A M p 435I BEE A 0.4 10.8: £ 4 n = 100, 300.
THEGH 7 AR 4 (b AR R ), R FRX e SRR T PRAF AN R B 1 Bl A 5 AR T A8 1) 22 B ik
B 1. W ESHUERm N R Y FRIEKEN 29%, p=0.4, FAE n 4]0y 100 1300, 5
100 XS5 BRI B SE SRR
£ =(15,0,0,0,-0.22,0,0,0,-0.25,0,0.20,0,0.30,-0.32,0,0,0,0.20,0,0,0)
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7 =(-1.05,0,0.45,0,-0.3,0,0,0,0,0,-0.33,0,-0.39,0,0,0.3,0,0,0,0.36, 0)

Wil 2. WESEEEmMNAL E Y HEBKEN 29%, p=08, FEAE n /%N 100 A1 300, HE
100 RS2 MR B LSS B R BN
$=(15,0,0,0,-0.22,0,0,0,-0.25,0,0.20,0,0.30,-0.32,0,0,0,0.20,0,0,0)

7 =(-1.05,0,0.45,0,-0.3,0,0,0,0,0,-0.33,0,-0.39,0,0,0.3,0,0,0,0.36, 0)

B 3: WESEUEARAS R Y WK RN 55%, p=04, FEARE n 47 100 F1300, EE
100 XS s BRI ELSE S MR RO
$=(1.10,0,0,0,-0.36,0,0,0,0,0,0,0,0,-0.32,0,0,0,0,0,0,0)
»=(0.3,-0.48,0,0,0,0.4,0,0,0,0,0.44,0,0.44,0,0,0,0,0,0,0,0)

il 4. WESBEEHNAZE Y RERKE N 55%, p=08, FEAE n 205 100 #1300, HE
100 REELG; MR ) S SH R N
£ =(1.10,0,0,0,-0.36,0,0,0,0,0,0,0,0,-0.32,0,0,0,0,0,0,0)

7 =(0.3,-0.48,0,0,0,0.4,0,0,0,0,0.44,0,0.44,0,0,0,0,0,0,0,0)

32. HAELGR

P B G v AL 7 15T Z1Ge [B1H, 22 KF4r 5105 0.01, 0.05 F1 0.1573 (1358 f5 1B DA K&
BBAER RO AT ZIGe TR, BE (o) /&M 4x ZIGe R b 26 BN 22 (148 B (U4 Ge FIZ 4y
T T AS R, SRS R4 B T R 7 SR A, ER R, HRTA LR T o KT
S o AT RS I I BT B AR R R 4 Z1Ge AR AL (B (1) S50 U 1R 2 LR T R O T VPG AR R A
PIvERE, BATUHE T RO ER R EE R RECECE 1 Eu ) AR R 1 (GEAR 1R (10 R AR 0 ) .
N ECECTIIRS FE, BRATMAEE MR A AR BT 5 11 20 B0 AR R 550 A O AR, - A I s
T S EOR T EXTBUSAE I AL SRR R . SEUSTE R R B 45 a5 e L 1 Ak 2 DU
(M 1 RIpH R 2) BT .

I 1. £ 2. MR 1 IR 2 BOREIGE BRASF

1) KU, ToiR R T E LT, LASSO 7E¥) 75w Z MRy 7tk E#itL SCAD
A MCP FI I, fEMURIE_EAI, ZIGe-MCP Fll ZIGe-SCAD J7v2: 2 18] A W S (22 5] . BE J79%:1045
B R EEACTT R EREEACTFE/NT (a=0.01), FE/NMISTRZERE T BT, 2k
ERR AR R, SBAKEMNRBE; EREEKPFERN(a=0.1573), BE HikHE THELZHITH
MRS B AR 7 R BUE . S5 S, BE (0.01)5 Z1Ge-MCP H1 ZIGe-SCAD L A 34+ /1. R
MAEFTA FIBAUIE L, BE (0.01)7E R M BURE S/, 1E/MEARTEIL T ILHE &

2) FEBEREARBRRIGIN, FrA A B IR T R E ), OB RBILR 2 m. *&
HI TR ZER E O — NS, AR E . ARG T, FRATER 1 AL 1 8l 3¢ 2 At
%2 WA R IR R B BURYE A B AR

3) Kl 2 A& 3 fEon T Wl IR EAAE . FE ST R IAK T LT b BE J7 V25 A TN SR AN U a5
FERAU 1 H, FEACEN 100 I, LASSO &1 IERIN A AR Rl e 47 1Y), SCAD &A%, BE JiikbEE
REVEKE IR, TR 2 SRR I 300 B, LR S 5 AR AR BT
TERL 4 1, p (HAR N 0.8, TR B JE R 1) 29%45 1y 55%, HEALE A BT i il ¢
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Table 1. Results of simulation 1 (p = 0.4)
F1ERL(=04)MER

n =100 n =300
Method
MSE Sensitivity Specificity MSE Sensitivity Specificity
Geometric component

BE (0.01) 0.666 (0.497) 0.369 (0.303) 0.951 (0.074) 0.538 (0.411) 0.841 (0.172) 0.98 (0.043)
BE (0.05) 0.704 (0.408) 0.558 (0.3) 0.812 (0.14) 0.592 (0.336) 0.916 (0.125) 0.923 (0.092)
BE (0.1573) 0.824 (0.391) 0.707 (0.243) 0.648 (0.174) 0.719 (0.29) 0.956 (0.099) 0.809 (0.121)
ZIGe-LASSO 0.606 (0.277) 0.246 (0.316) 0.952 (0.095) 0.519 (0.405) 0.454 (0.252) 0.948 (0.077)
ZIGe-MCP 0.824 (0.391) 0.707 (0.243) 0.648 (0.174) 0.548 (0.372) 0.859 (0.185) 0.965 (0.06)
ZIGe-SCAD 0.683 (0.405) 0.463 (0.285) 0.886 (0.103) 0.584 (0.37) 0.889 (0.165) 0.935 (0.085)

ZIGe-ORACLE  0.161 (0.111) 1(0) 1(0) 0.232 (0.147) 1(0) 1(0)

Zero component

BE (0.01) 0.041 (0.059) 0.069 (0.101) 0.992 (0.022) 0.655 (0.434) 0.292 (0.192) 0.984 (0.033)
BE (0.05) 0.096 (0.137) 0.274 (0.224) 0.903 (0.107) 0.602 (0.299) 0.533 (0.19) 0.927 (0.08)
BE (0.1573) 0.337 (0.316) 0.485 (0.224) 0.653 (0.182) 0.676 (0.252) 0.719 (0.179) 0.797 (0.123)
ZIGe-LASSO 0.036 (0.051) 0.168 (0.137) 0.962 (0.081) 0.519 (0.405) 0.454 (0.252) 0.948 (0.077)
ZIGe-MCP 0.205 (0.252) 0.506 (0.238) 0.691 (0.238) 0.635 (0.276) 0.733 (0.184) 0.777 (0.176)
ZIGe-SCAD 0.095 (0.124) 0.257 (0.173) 0.92 (0.096) 0.619 (0.349) 0.429 (0.215) 0.962 (0.053)

ZIGe-ORACLE  0.041 (0.055) 1 (0) 1(0) 0.177 (0.125) 1 (0) 1(0)

Table 2. Results of simulation 4 (p = 0.8)
F2AERL4 (p=08)HILER
n =100 n =300
Method
MSE Sensitivity Specificity MSE Sensitivity Specificity
Geometric component

BE (0.01) 0.059 (0.053) 0.295 (0.282) 0.903 (0.127) 0.177 (0.222) 0.611 (0.359) 0.949 (0.059)
BE (0.05) 0.089 (0.107) 0.467 (0.322) 0.731 (0.174) 0.353 (0.297) 0.668 (0.339) 0.868 (0.101)
BE (0.1573) 0.205 (0.279) 0.638 (0.298) 0.565 (0.178) 0.64 (0.289) 0.742 (0.317) 0.722 (0.137)
ZIGe-LASSO 0.033 (0.027) 0.295 (0.334) 0.932 (0.076) 0.118 (0.095 0.837 (0.285) 0.887 (0.076)
ZIGe-MCP 0.047 (0.042) 0.707(0.243) 0.648(0.174) 0.158 (0.203) 0.566 (0.377) 0.957 (0.045)
ZIGe-SCAD 0.06 (0.059) 0.34 (0.347) 0.909 (0.077) 0.191 (0.218) 0.648 (0.368) 0.93 (0.069)

ZIGe-ORACLE 0.007 (0.007) 1(0) 1(0) 0.018 (0.017) 1(0) 1(0)

Zero component

BE (0.01) 8e-05 (0.00012) 0.084 (0.124) 0.98 (0.037) 0.287 (0.202) 0.376 (0.233) 0.962 (0.043)
BE (0.05) 0.00035 (0.0005)  0.247 (0.206) 0.87 (0.145) 0.355 (0.244) 0.526 (0.251) 0.896 (0.086)
BE (0.1573)  0.00479 (0.00708)  0.482 (0.246) 0.609 (0.188) 0.53 (0.284) 0.634 (0.241) 0.756 (0.132)
ZIGe-LASSO 6e—05 (8e—05) 0.14 (0.192) 0.969 (0.04) 0.191 (0.134) 0.365 (0.239) 0.952 (0.056)
ZIGe-MCP 5e-04 (0.00073) 0.358 (0.242) 0.877 (0.11) 0.234 (0.154) 0.487 (0.25) 0.95 (0.044)
ZIGe-SCAD  3.3e-04 (4.8e—04)  0.185 (0.183) 0.957 (0.055) 0.252 (0.188) 0.349 (0.223) 0.973 (0.039)

ZIGe-ORACLE  7e-05 (1.1e-04) 1(0) 1(0) 0.046 (0.037) 1(0) 1(0)
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Figure 2. The log-likelihood value of simulation 1
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Figure 3. The log-likelihood value of simulation 4
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B3R

Table Al. Results of simulation 2 (p = 0.8)
Miz 1. &3 2 (o = 0.8)RILER

n =100 n =300
Method
MSE Sensitivity Specificity MSE Sensitivity Specificity
Geometric component

BE (0.01) 0.297 (0.21) 0.183 (0.215) 0.916 (0.105) 0.719 (0.368) 0.467 (0.225) 0.937 (0.063)
BE (0.05) 0.498 (0.311) 0.354 (0.271) 0.775 (0.137) 0.62 (0.334) 0.607 (0.246) 0.88 (0.107)
BE (0.1573) 0.758 (0.277) 0.537 (0.233) 0.595 (0.138) 0.74 (0.263) 0.726 (0.225) 0.757 (0.133)
ZIGe-LASSO 0.214 (0.09) 0.102 (0.16) 0.95 (0.075) 0.737 (0.338) 0.307 (0.298) 0.917 (0.087)
ZIGe-MCP 0.245 (0.145) 0.12 (0.14) 0.929 (0.071) 0.691 (0.252) 0.398 (0.268) 0.939 (0.057)
Z1Ge-SCAD 0.308 (0.178) 0.181 (0.17) 0.902 (0.095) 0.654 (0.276) 0.488 (0.284) 0.917 (0.071)

ZIGe-ORACLE  0.086 (0.071) 1(0) 1(0) 0.111 (0.063) 1(0) 1(0)

Zero component

BE (0.01) 0.031 (0.039) 0.06 (0.103) 0.965 (0.053) 0.287 (0.202) 0.376 (0.233) 0.962 (0.043)
BE (0.05) 0.106 (0.144) 0.238 (0.159) 0.852 (0.122) 0.355 (0.244) 0.526 (0.251) 0.896 (0.086)
BE (0.1573) 0.354 (0.36) 0.44 (0.215) 0.653 (0.151) 0.53 (0.284) 0.634 (0.241) 0.756 (0.132)
ZIGe-LASSO 0.017 (0.023) 0.062 (0.106) 0.969 (0.051) 0.207 (0.145) 0.176 (0.181) 0.951 (0.061)
ZIGe-MCP 0.14 (0.167) 0.366 (0.214) 0.707 (0.176) 0.352 (0.256) 0.445 (0.208) 0.764 (0.148)
Z1Ge-SCAD 0.043 (0.049) 0.134 (0.142) 0.926 (0.071) 0.313 (0.169) 0.252 (0.167) 0.918 (0.069)

ZIGe-ORACLE  0.018 (0.026) 1 (0) 1(0) 0.074 (0.059) 1(0) 1(0)

Table A2. Results of simulation 3 (p = 0.4)
Mise 2. #8313 (0 = 0.4) LR
n =100 n =300
Method
MSE Sensitivity Specificity MSE Sensitivity Specificity
Geometric component

BE (0.01) 0.185 (0.156) 0.406 (0.369) 0.903 (0.127) 0.177 (0.235) 0.824 (0.273) 0.968 (0.053)
BE (0.05) 0.563 (0.283) 0.562 (0.33) 0.672 (0.201) 0.404 (0.353) 0.918 (0.201) 0.879 (0.113)
BE (0.1573) 0.784 (0.201) 0.735(0.282) 0.428 (0.163) 0.614 (0.279) 0.956 (0.161) 0.748 (0.129)
ZIGe-LASSO 0.063 (0.051) 0.337 (0.405) 0.953 (0.082) 0.243 (0.202) 0.862 (0.278) 0.924 (0.087)
ZIGe-MCP 0.111 (0.089) 0.418 (0.364) 0.933 (0.072) 0.1(0.133) 0.846 (0.243) 0.974 (0.048)
ZIGe-SCAD 0.151 (0.15) 0.541 (0.364) 0.884 (0.099) 0.167 (0.214) 0.856 (0.239) 0.958 (0.056)

ZIGe-ORACLE  0.023 (0.025) 1 (0) 1(0) 0.042 (0.042) 1(0) 1(0)

Zero component

BE (0.01) 1.97e-02 (3e-02)  0.078(0.118) 0.984 (0.035) 0.403 (0.308) 0.58 (0.241) 0.987 (0.029)
BE (0.05) 3e-02 (0.05347) 0.344 (0.268) 0.879 (0.12) 0.406 (0.319) 0.731 (0.212) 0.922 (0.085)
BE (0.1573) 3.6e-02 (0.484) 0.551 (0.228) 0.618 (0.193) 0.607 (0.24) 0.83(0.174) 0.788 (0.134)
ZIGe-LASSO 8e-05 (1e—04) 0.148 (0.179) 0.985 (0.036) 0.381 (0.343) 0.614 (0.306) 0.973 (0.043)
ZIGe-MCP 2.5e-04 (4e—04) 0.508 (0.245) 0.779 (0.2) 0.327 (0.282) 0.745 (0.201) 0.938 (0.09)
ZIGe-SCAD 1.7e-04 (2e-04) 0.316 (0.22) 0.947 (0.079) 0.382 (0.316) 0.59 (0.234) 0.981 (0.036)

ZIGe-ORACLE  6e—05 (8e—05) 1 (0) 1(0) 0.119 (0.091) 1(0) 1(0)
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