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Abstract

In view of the fact that many people have done a lot of work on the selective inference of linear
models, however, its scope of application is not comprehensive. In fact, we will encounter many
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problems such as non normal and non continuous data, and the random error term is heterosce-
dasticity. Therefore, this paper extends some selective inference work to generalized linear model.
We suggest that we use the data carving to split the sample first and then infer. In addition, many
of the work of model variable selection are based on the known noise level. However, in practical
cases, the error variance is unknown, and in high-dimensional data, it is difficult to estimate. In
this paper, we use the square root lasso to select variables, and prove that for the generalized li-
near model, the selection of tuning parameters is not affected by the noise fluctuations in the data.
So the square root lasso is more convenient and widely used than the lasso, and the application is
more extensive. Simulation shows that we get the shorter interval length by data carving.
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1. 5|8

FERE G E A A R A R AT P AN R . R R FRATE A B R A L R E
PR R AT IG  DAS R TR (AT A At ), AT R s AT TAR 4 Frade 58 H S AR R b, 12k
PRI RE PR A e . TR, R AR TR A A TR, AR I AR R R L e . FRATT AT
TS AR R A2 e BTG W B AT R Bk 4%, K5 PR AT B HERT . IXRE AN 2 2 3 R A 58
R RIFATE ARG DT, GRS RA A A T SRR I 7 Ve T AL (i B P 4
Wr, HOE(FEA) 73 B0 77 V5 [ R 70 O AN L BEATLES 7, Horh— 30 0 20dis FH T BBk #%, 5 —i M
T-HEWT . Wasserman & Roeder [ 218 FFEAS 73 E1 R i ke i 4 AR v (1) — (AR 8 3% % 1) 8. Meinshausen ef al.
[3 ]38 i E5 4 2 51 A B vy 4 [ D AR v () S 3 PR e, ER e AR Y p A AT DA B 1R K I3 (FDR) FH Y
RFE(FWER) . FEAZFEIT7T MO T bl SR 22 0 1) R, AR PP 7 VA 1 T B A e 3 A HE i 72
HEHE R, BROAREGS .. ASCRABEEREER I 7k, P A — 50 BaE T R £,
PRI RL 16 458 1) o) AR B R AT HEWT, RO TR oy BT VRS TR TR BRI 2R

XS TAVERR, AR B AR O IEAS AL =R IE A . Nelder [4]F1 Wedderburn [5]F26 PERE Y
HET™ B SRR . T SRV A DUE T DA R A8 L. W AR B9 IEASFIAE IE RS &, i AR S )
IIAT AT LR AR ARG A o tedn, I AR AN S oA . AT LB, T SR A REAR 4 M i e B ] 5
B TR BENL R Z T 7 22 0l . BT DL, AU PR AR 30 A AR Y B 7 ) A S

ITECAESR, ARG B G R P A A A I v 4 R A R R R TR ORI PR . X LAk
(1R S B0 M PR AEHSC  H E REAS B /N o TN IXRE I e85, AT 757 A — S & W BUE A,
I HE L AT D T 2 B R AT @A, X AR T e R AL R T R G AL
BT IR R TARIEERE(6] (7], AIC [8]F1 BIC [9]5F. 448, A B/EH RN FETTVE, Robert
Tibshirani §* 1996 52 M lasso [10], KAV UL S A EE WA RMELRBL AT, Wb, 5
WS TR EAH LS, lasso X FEEAER RFEL KR, XHERES TSR E. HIEMN lasso [11]1
Relaxed lasso [12]7] LAHR i S A0 b T A ERf 1 A — 0P . Belloni et al. [13132H 7 5 lasso LS EL y 1)
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PSR ET Z TR REMET lasso /1%, HFIHE lasso SEFARL ) — ME . FIHFE R lasso it
PR B IE SRR AT T RE AW, (BN HEIE RS /A B Ot sk b b . fEAR SO, FRATT2AR
3P 7R lasso NI SCERVERS AL IR PRAR B, W ST SR IR AT

ERALERE G, B FCik e A M HEWT TAE, R2%H &M T KEM TAE. Lockhart et al. [14]45: T
lasso A&, HESFH TR FRBNERK ST E. Lee & Taylor [15], Lee et al. [16]42 5 H [ & 1A
ZHUE R lasso HEATREHIKG 5. Belloni [17], Belloni ef al. [18], Zhang & Zhang [19], I S 78 i 4L iR
[l VSRR [ HHE T o Tian et al. [20]42 HTE S 4E LR PE RN AL o, FHSF AR lasso HEAT 5 22 A K0 1) 35 8 1 HE T .
Lehmann & Romano [21]E A | ¢ TFRHUE KRS 17 8. Lehmann & Scheffé [22]4& H T —Fxf T 383
W — B A A T A (UMPU) K 36 (1438 77725 . Benjamini & Hochberg [23 14 Hii#id #%41 FDR KAk £ &
2 E VRIS H) . Fithian ef al. 24152 7B P M B PE S T BUES DR EAT B A 1 £ 5 IO 4EEWT . Shi er al.
(251Kt Ja e HEWTHE T B SCERVERSAY, JEHE T8 F A8 T R/ kit AT Ja i HEWT I BT . 48 BRI,
Ko TAERAEEHE M ES DA, XL MR R (I B HEWT, 1T m e 57 07 Z 8l it s> . B
B, FRATIE TP AR lasso J7iZiid | SCLR AR Y () 39 336 A 41 BT

RFS RSN A EBEARELL R L. 5 5, RAMEH T LA ik Bt e
FEPIAN IR : AR R R BORB R T . FRAVTS %0 B i 7E ik e AR N AR B 28 1 AR, BB =
T, FEH T BRAVMERF IR lasso il lasso iEFARE, JEHBITL VIR FAMREER, BEFF4ES
B R TR RIEN . EEMT S, AL H TIREUE i UMPU k6. 55 H3E, 4 TIR%0%E s
SR G &, DRSHEPNEER T oM. BN, Rx T4 R A5 R 5 [a] )5 45
RS o

2. TN RE

AT ERBHE (x,,), i=12,,n 0 REEEHE x, = (x,.x,..x, ) By, i=1,2,n dHL 4
X ={x, | RUCHRFE, WIRIE R y e R o SR ) L2k AU A R v A R A R 16 B )56 %
g(y)=XB+e 2-(1)

Sk, R A p BB ¢ R A n SEROBEALIA R (L T A MF: E(e)=0, Var(e)=ol,
Q()REHEBEIR M, 3 T L LA TR — AT T .
P SRR b, R 1y MR IR S5 ] DA i R,

ey ) XP-BXB)| ]
y p{ ) } (v:9) 2-(2)

Hrp, pREGEBSEL, o RITIRSHL
FEBCA LA HEWT T VR 5, Ge vt N SEREAT 70 W s 2 1, ARAE AR 22 060435 52 ISR — A5t
M LR ER I A B . R MR R RRBET, X TR KT o K, ARSI 1
RBFIRE,
Py, (reject Hy)<a 2-(3)

M T2 AT DR B, AETHEER T RERARIT, 2 EUE T HR R AR M, AR BBy %A
BRI, S BRATTEE B MR G B, AT RECRAE LI AR FR DN T KT a (.

BN FE R ZH Gt T, e X — AR R AILSER . B AT X &0 L Hs
LR EAATHIER, GRS G, AT P A SRR ATy, R R R e, i
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SeHBATF BB AT AL R0, B, fE B, FRATHUREA ot i e R 2R 1 AR,

Py, (rej )<a 2-(4)

01 T RSIEL e 0 T (0 B 00, ) b 2 PR 2-(4)) T A5 BB PR 2-3)) AN
(RN

Py, (reject H |M selected) Py o, (reject Hy )< 2-(5)

HIBG, BT B 40 F07 2B y sy, BEAE y= (3, p,), iy WOy, WA, K
FEAEE v, FH TR LB, AW T FR UK T804 0 28 T8 3, 7K o B S 2 A (2-(4)),
Rk, FETEE y, WAL T DI HlE RS 1 REHRE(2-(3))-

BT iE AR T RATIBE R R BEAHEW 1 TAE, 12 Fib AMTERME, X502 S X Fh oy i a3
HERZYCGN RIS . H2, ZFENENED 7B SRR e s, A HER RN
ASCRFEAEREZI T8, R0 50s v BATERBERE, 580 B v, FE B A g s — ik
KHTHEWr . SLE S EEE B R, S TR R, S e e m S AUl TR .

3. BIFFESR Lasso IZFET

X R, AT FEAE T R lasso B & . BN lasso FIERMEIE, i@ NI

w3 AR R g AR AT
f =argmin[g (v)- XA, + 7|5, ()

Hrdr, 240y RN B0 UL 5N 3 B AR R, 58 002 )7 lasso HIAE ] 1,
FAEFZ TR AT RE, Hitk, TR lasso =4 THiBifE, RE T lasso FikikZ &AMt s, JEH
T e 1 AT SRR AR S E R B LB I

EH 1. P lasso WL S y AP T E 0 S

LA E U IR lasso i BERIHAY,

M = {j : ,éj # 0}
PR lasso BB ERT 5 XInT,
S =sign{,BAj :/},. # 0}
FEIHEM {M M} AL TR lasso BT REER AN, N ORBADKG 4 aiF B NME B F

o FFHBLIE R HAF AT BRI 2 UKL
KT (3-(1) A KKT 5 AFIfE, HEUREM T T 2,

X' (g(r)-XB) Xﬂ)
o024,
31gn( M) 3-2)
5l <1

THEM= {i e{L2,-,p} ;|§j| = 1} AL T lasso T BINNE P, B, = o,|§‘,| =1 BWRE L E
R RECZRAE 0 0. IR, MWARG-Q)TEH, ALREE 0. BEXTFILTEmERNSH,y, Lk
ARERE N A R B IEE R EEFE {M :M} A 6 X AN R B {M =M,§= s} ) A

=y$
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(5 B B s SRIPHABENN, FEACIHEIOR (M = M3 = 5| R EUR y 19I5,
SIE L X RWIMER, M s SRR RO S I a4 DL

v (M.s) = (X5 X, ) (Xhg(v)-rD(v)s)

* T T\ 1 T 3_(3)
u (M,S):X—M (XM) S+7D(y)X7M(1_PM)g(y)
st D(»)=[e(n)- XA, By =Xy (X0X,, ) X0 X, WOBAERE . ST LA R R P
i,
{A;[:M,ﬁzs} {51gn " " <1} 3-(4)

E%ﬁﬂﬁ,Wl;@%%m%%,%%%%&ﬁ%%%ﬁkﬁﬂMo%ﬁ,%ﬁ%%ﬁ%ﬁk

B, AP {sign(v') = s} B R
SI2 2. v Ml RAE UK EBG-G)R . BT DB R S A R,

e I B i U () BEC
Hol Co(I=By) . b RO ] <1} €L b RF LA (sign (v (M 5)) =) . AT
FESUR TR,

Cl (M.s) = ~diag(s)( X1, ) X7,

b (M.s)=—yD(y)diag(s)(X5X, ) s

%ﬁz%&ﬂﬁlﬁﬁﬂzw%&{Qu:%q,b=V¢Mﬁq,ﬁMﬁ%$#%%ﬁ,
q b (M,s)

(M =M,5=s}={C"(M,5)g(y)<b"(M,s)}
FFLL, AR (M = MR LR KT8 A% R0 IF 4,
{M :M} = {U }{C* (M.s5)g(y)<b"(M,s)}

4. I~ LR B A0IR M HEHT

4.1. EERE TS BHERT

fE L, TR 7 kEMBR M, e B B0 R 3 {M:M}o FEARRET, LAIHE
D R (ORERY M A2, AR Ry (AT HOHENT . A AR,
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L{y1{¥t =m}} 4-(1)

B y RN E TISEN p SR8 EUE >4,
Joo(¥)=exp{0T (y)+9U(y)=c(6.0)} h (») 4-(2)
Hep, 9RBGEBSE, o ZTTRSH. To)M U eNAEM NS 80t E, 10052 k 468 p-k

AL 1) 5 o
T ERAECHEMHE, £yeE MEHT, y XN KGSMAEEEEE >, FHS5EE Yy B
KM EHERN SN a8, B, o PIgiRiE R T rErER,
foo (1 €E)=exp{0T(y)+@U(y)—c,(6.0)} hy (¥)1, (») 4-(3)

A E I RBR B S 0 (M = M) EAEREE S E 1T, MOREABR y i B M F
R RIS, BB SRR SRR . G, E5 =50, ROUERIBI®G RS
(1 (N = M) BFE S BRI y XTSI, S {y € B} B8, #y B0 PF B ERR
A RMATER, T BAS RIS b5

@AHM:MFWQWf@pww@yawW%@mﬂﬂ 4-(4)
H g, o ABEREINSE, T°(y) MU (V) MHBLINR S G . 3 TR, RAETHER THRS
S D 1) 2 K AT HE T

HUR—E 55 0 RIS, HESH o RTMBM, TH U RENSIIMBNAS G, T

L0 S RBBIOTE A Gt {U = u) E T IELER, BLF AR S T B 5 50 ,

(TIU=u)~y,(t|u)= exp{H’t—cw (0] u)}yfo (¢]u) 4-(5)
FIREAF I AELTE U LA AR T WRSE 0, M k=1 B, BAVEE T RS0 E TR

SHFREO% -
IRIBARE-), EIFIE (N = M) T,y QAR ISERA . AR -5 BB S Ky
6 R E I T AR 2R A A HE AT HHE
L,(T(»)1U(y).M = M)

4.2. UMPU EFEHKIE

G TEMBEH, 00, MIEBRBRH 00, . MEHLEUFAER, WA o K56 4(y) 7T LK
NIRRT R

pow, (0| E)=E,[ ()| E]2 .00, 4-(6)
TEFTA I 2 _ER A RIAKCE o IR, UMPU 7K o 8K I6 1 3 R B0 — B AR 1
B 3. (UMPU 56y IRMIEER DA (4-(2)), k=1, KV a 856 F, F R LLR R B4 88,
H,:0=0,H :0%6,,
H UMPU 5% ¢(y) = £(T(»).U(y))» Hr,
t<d (u)skt>d,(u)

1
f(tu)=1m, t=d,(u)
0 dl(u)<t<d2(u)
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Hor,  d, M 72N T T AL
E, [ f(T.U)|U=u]=a
E, [Tf(T.U)|U =u]=aE, [ f(T.U)|U =u]

AR, 5y RAREORA , S0 L (| (M = M) AR EOR A, B LLERATS

R E
%ﬁ&amwuﬁ%ﬁ@%w%ﬁ%ﬁ%%ﬁmu»kﬂ,%ﬁuTE&%E#phﬁnTmﬁﬁ
BOIES TS

H,:0=0,H, :0+0,
A UMPU IEFEIERSE, ¢(v)=/(T(»).U(y)), WA,
1 t<d (u)dkt>d,(u)
f(t,u)z T, tzdi(u)
0 d, (u)<t<d2(u)
XL d, A0 7, 952 T TR 75 R
E, [ /(TU)|U=u,M =M |=a

1%[U(nUMU=uJ2=M}=d%[fUuQuJ=mM=Aq

FEN — g, AERATSES SN ek HEWT I ) LA 2 7= 51«

5. BilF
B 1. AT BT e T8 SOBHESE R —2egE 10, A, FRATTEEL BARBITF. M50 y &
ERE A X IR

y~N,(w.0L,), u=Xp
TE 5 FBER A7 IS B0 A 1 T s
1, 1 2 N
y~em{;7ﬂﬁhy—5;ﬂbm—COia)}
EARETE G ORL Xy RFKIEW 25 g 7 Gt
L(XﬂXm%MzM)
%&%ﬁﬁaﬁwm(mxwmm%ﬁ o | TS5 Geit i, A T T (3 A AT S8 T
L(Xyl\JbHM M),
FUREHL, ST B8 o HOHENT, AR T TH 52
L (IvlR 1 %5001 = M)
1 2. TBRHGR y BHASFIAGER, B,y ~b(Lp,)-

Vi Npiyi (l_pi)yi ,In——
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B NE (S Tp S TS % =2 NS vy A W
y~exp{zn:yi lnl P +c(pl.)}

i

Hrp, EANGAE n MSEFMEN ARG WERIATREHEGIB S 4 0, AT HERT, WA ik
JE i 22 AR A {M :M} ={i=1}, FMRSE{6,},i=23,,n LFXPIFGiE &, WO e MHERTK
i N EB S C o P
Lgl (yl ‘ yz,---,yn,{i = 1}) ’
3. #FEHE y = (0o, ) RN 5345 Gamma (e, ), B, y, ~T(a,4),
ﬂ’a a-1
M)
8 EIR At — 5 B R R R
Y~ exp{(a —1)T(y)+/lN(y)—c(a,l)}
Hep, T(y)=2" Iny,» N(y)=2" ymilkSHa, AHTEIGIHE.
EAE—EBFFEMFET, RATBENSE o #ATHEW, WA N0 RIA K,
L (T(»)IN(»).E)

exp ™, a,A>0,i=1-,n

f(yi):

6. ¥EHl
6.1. ZLSEI16
BATHT I lasso X2tk AR e b F A B . ld, &E n=100, p=200, X FITRKHZEZ
B BA AR RN p= 0.4 FIEF R Z U IES DA, y IRNCLFRIZ T IERS 5010,
y=Xpf+e Ee=0, Var(e)zln
[x"e],
el

BA15 B B 2 ST I 2y, PAFRAS Pscreen FIS % g X A1 K JE . Hirb, Pscreen #oRFTA 1) 7
AR BB R IEBERIMERE . Carve(n) R NI FFEAR y IHT n AR EAT R RLE SR, T 4% 1 25040 A ik At
R ECH XA AT HENT, DA No carve RS BT A AR BEATIIAY £, S8)5 P8 F A (1 30
HATHEWT. £ 1 R 7 IS 1T 45

¥ p BEE N 200 dEF R, ERIHET 7 NN T, MBS B E K E[ J - WHEEEKT a=0.05,

Table 1. Pscreen & confidence interval lengths

%% 1. Pscreen F1EEXEHKE

Pscreen BiEXAKE
Carve (50) 0.894737 0.415657
Carve (70) 0.932692 0.460035
Carve (80) 0.9375 0.717047
Carve (90) 0.953947 0.734330
No Carve 0.961539 0.568038
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I4b, Fithian et al. 2518 lasso J72x e VERSALHEAT | G HEWT . 24 n =100 F1 p =200 B, X A
ZIUIES A, HAARZEPHHIHEE p=03, y RANZICIESSA, FIHHTENEKERN 1. Pscreen Fl
carve ()15 X5 L% | FFIIMIE .. Power AEREA K INE 74 23E 81 OMER . % 2 ERLB AT 45 RE R

/I

Table 2. Pscreen & power
%% 2. Pscreen #l power

Pscreen Power Level
Carve (50) 0.09 0.99 0.06
Carve (75) 0.68 0.97 0.05
No Carve 0.99 0.80 0.05

I AR EE R, P H T IR HE T S BR B 1 ISR 5% 2 ISR —BUR - Pscreen
FoREE R FETA 7 DA, MR SRE AT 2 AR TR, SFHEET
1. b1 1 B Pscreen fF & X MELIRHIEE, PS4 RS 4% 2 MR ES 8. ££ 2%, power Bt
T PR I o (3G IOk, S8R AT B MR 177 ABRAR I power, LA HEBR SR AT
() power /o ZEHEFR, JEIEHFEREB IS BN power BOK. FEFR 1, @I s MEEKSRAS I TA) B 1K
FEREAE TR P B o RIS INTTG .  B0A B BT VA4S 2 BLAS X A T PR
N[5 PR B B i 5 7R 3 4% B 5 38 R 7 A DX TR BEAB 2 8, 33t B i W B 7 9 T LAASEAS 2 X TRl o
e 221 R TEHR AT 2 FH ) power ZRALEHRY], HHERERITALR S E 2 4R 2.

6.2. BEHMS%

BATH T I7 R lasso L BT AT, AR JGHE 73t B m M oA o e, Fodi 148 A Bos BB v
KIEFEFIHEWT logistic [FIAREAY, FERAYIERERY B, FRAULEH P 7 lasso J7¥2i. 4 n =100, p=200, Ti

ARy SR, ELEHEREON g () = m(ﬁj B, el DL T X R,

g(y)=Xp+e Ee=0,Var(e)=1,
W pE N 200 dEfE, AT 7 AN EN 7. ABEEREST RS, FAIE R B BT ik,
I B o s A B R A R F T AT P J5AR lasso B HEAREAY, FRAEHERTIERE T B B AH K
Vo =0.05 . FATHEEMEHBIERES T %, KR 20T AN FERIET 7y, K3RTT Pscreen, 4 HIE
BIXEME . A, Pscreen MBS X 8] )& 58— MR IS SRR, B a R RonS8 p 1E
HR. K3 o TR

Table 3. Pscreen & confidence interval lengths & coverage

%% 3. Pscreen MEBEXEKEFMBER

Pscreen confidence interval lengths coverage
Carve (50) 0.92045 0.42066 0.974
Carve (75) 0.93913 0.72218 0.986
Carve (90) 0.95679 0.85426 0.984
No carve 0.96067 0.67334 0.995
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MR MR 3 AR RIREE, BAMSBILLR S8 55—, T SRR, A T TR AR R
HAa g n, BAF R Pscreen SIBHIG K. SRR, FEAE MR 3 A AR (g, AR e ¢ ) 3L
ReWhr. S, FEEM THAEEEEE 8N, SR ERS XIEPR 2 E K, HE, RIS
B2 LU P A B T iR A I X A BE A . B, B P it s AT L PR P HE BB 3R A5 (1 LA X 1)
KREE, JEAE carve (50)A carve (75)Z 18] o 3 i B FRATTHT A FH 08 REBK R I8N 2 50 BAR X 18], AT
FERATHEFAEHEWTROR B4 . 5=, i Bl ERR IR AT 1) 2 K078 55 2078 0.97~0.98, T A i iod 24 e
ZIBRAS I B RIS R, S5 RX =N, AT UM R ods BB AT R e PR AT, X RS 4G
B

SE

[1] Cox, D.R. (1975) A Note on Data-Splitting for the Evaluation of Significance Levels. Narnia, 62, 441-444.
https://doi.org/10.1093/biomet/62.2.441

[2] Wasserman, L. and Roeder, K. (2009) High-Dimensional Variable Selection. The Annals of Statistics, 37, 2178-2201.
https://doi.org/10.1214/08-A0S646

[3] Meinshausen, N., Meier, L. and Biihlmann, P. (2009) p-Values for High-Dimensional Regression. Journal of the
American Association Statistical, 104, 1671-1681. https://doi.org/10.1198/jasa.2009.tm08647

[4] Nelder, J.A. and Wedderburn, R. (1972) Generalized Linear Models. Journal of the Royal Statistical Society, 135,
370-384. https://doi.org/10.2307/2344614

[5] Wedderburn, R. (1974) Quasi-Likelihood Functions, Generalized Linear Models, and the Gauss—Newton Method.
Biometrika, 61, 439-447. https://doi.org/10.1093/biomet/61.3.439

[6] Hocking, R.R. (1976) A Biometrics Invited Paper. The Analysis and Selection of Variables in Linear Regression. Bio-
metrics, 32, 1-49. https://doi.org/10.2307/2529336

[7T Guyon, 1. and Elisseeff, A. (2003) An Introduction to Variable and Feature Selection. Journal of Machine Learning
Research, 3, 1157-1182.

[8] Akaike, H. (1998) Information Theory and an Extension of the Maximum Likelihood Principle. In: Parzen, E., Tanabe,
K. and Kitagawa, G., Eds., Selected Papers of Hirotugu Akaike, Springer, New York, 199-213.
https://doi.org/10.1007/978-1-4612-1694-0_15

[91 Schwarz, G.E. (1978) Estimating the Dimension of a Model. The Annals of Statistics, 6, 461-464.
https://doi.org/10.1214/a0s/1176344136

[10] Tibshirani, R. (1996) Regression Shrinkage and Selection via the Lasso. Journal of the Royal Statistical Society, Series
B, 58,267-288. https://doi.org/10.1111/].2517-6161.1996.tb02080.x

[11] Zou, H. (2006) The Adaptive Lasso and Its Oracle Properties. Journal of the American Statistical Association, 101,
1418-1429. https://doi.org/10.1198/016214506000000735

[12] Meinshausen, N. (2007) Relaxed Lasso. Computational Statistics & Data Analysis, 52, 374-393.
https://doi.org/10.1016/j.csda.2006.12.019

[13] Belloni, A., Chernozhukov, V. and Wang, L. (2011) Square-Root Lasso: Pivotal Recovery of Sparse Signals via Conic
Programming. Biometrika, 98, 791-806.

[14] Lockhart, R., Taylor, J, Tibshirani, R.J. and Tibshirani, R. (2013) Rejoinder: “A Significance Test for the Lasso”. The
Annals of Statistics, 42, 518-531. https://doi.org/10.1214/14-AOS1175REJ

[15] Lee, J.D and Taylor, J.E. (2014) Exact Post Model Selection Inference for Marginal Screening. In: Advances in Neural
Information Processing Systems, 136-144.
https://proceedings.neurips.cc/paper/2014/file/a0a080f42e¢6f13b3a2df133f073095dd-Paper.pdf

[16] Lee, J.D., Sun, D.L., Sun, Y. and Taylor, J.E. (2016) Exact Post-Selection Inference, with Application to the Lasso.
Annals of Statistics, 44, 907-927. https://doi.org/10.1214/15-A0S1371

[17] Belloni, A., Chernozhukov, V. and Hansen, C. (2011) Inference for High-Dimensional Sparse Econometric Models.
Centre for Microdata Methods and Practice, Institute for Fiscal Studies. https://arxiv.org/pdf/1201.0220v1.pdf

[18] Belloni, A., Chernozhukov, V., Fernandez-Val, 1. and Hansen, C. (2013) Program Evaluation and Causal Inference
with High-Dimensional Data. Econometrica, 85, 233-298. https://doi.org/10.3982/ECTA12723

[19] Zhang, C.H. and Zhang, S.S. (2014) Confidence Intervals for Low Dimensional Parameters in High Dimensional Li-

DOI: 10.12677/aam.2021.105178 1677 IR Esid


https://doi.org/10.12677/aam.2021.105178
https://doi.org/10.1093/biomet/62.2.441
https://doi.org/10.1214/08-AOS646
https://doi.org/10.1198/jasa.2009.tm08647
https://doi.org/10.2307/2344614
https://doi.org/10.1093/biomet/61.3.439
https://doi.org/10.2307/2529336
https://doi.org/10.1007/978-1-4612-1694-0_15
https://doi.org/10.1214/aos/1176344136
https://doi.org/10.1111/j.2517-6161.1996.tb02080.x
https://doi.org/10.1198/016214506000000735
https://doi.org/10.1016/j.csda.2006.12.019
https://doi.org/10.1214/14-AOS1175REJ
https://proceedings.neurips.cc/paper/2014/file/a0a080f42e6f13b3a2df133f073095dd-Paper.pdf
https://doi.org/10.1214/15-AOS1371
https://arxiv.org/pdf/1201.0220v1.pdf
https://doi.org/10.3982/ECTA12723

Rl 5

[20]

[21]

[22]

[23]

[24]
(23]

near Models. Journal of the Royal Statistical Society, Series B: Statistical Methodology, 76, 217-242.
https://doi.org/10.1111/rssb.12026

Tian, X.Y., Loftus, J.R. and Taylor, J.E. (2018) Selective Inference with Unknown Variance via the Square-Root Lasso.
Biometrika, 105, 755-768. https://doi.org/10.1093/biomet/asy045

Neath, A.A. (2006) Testing Statistical Hypotheses. Journal of the American Statistical Association, 101, 847-848.
https://doi.org/10.1198/jasa.2006.s100

Scheffé, L.H. (1955) Completeness, Similar Regions, and Unbiased Estimation: Part II. Sankhya: The Indian Journal
of Statistics, 15, 219-236.

Benjamini, Y. and Hochberg, Y. (1995) Controlling the False Discovery Rate: A Practical and Powerful Approach to
Multiple Testing. Journal of the Royal Statistical Society. Series B: Methodological, 57, 289-300.
https://doi.org/10.1111/§.2517-6161.1995.tb02031.x

Fithian, W., Sun, D. and Taylor, J. (2014) Optimal Inference after Model Selection. arXiv: 1410.2597.

Shi, X.Y., Liang, B. and Zhang, Q. (2020) Post-Selection Inference of Generalized Linear Models Based on the Lasso
and the Elastic Net. Communication in Statistics-Theory and Methods, No. 725, 1-18.
https://doi.org/10.1080/03610926.2020.1821892

DOI: 10.12677/aam.2021.105178 1678 IR Esid


https://doi.org/10.12677/aam.2021.105178
https://doi.org/10.1111/rssb.12026
https://doi.org/10.1093/biomet/asy045
https://doi.org/10.1198/jasa.2006.s100
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1080/03610926.2020.1821892

Ry %

GBS
SEHE 1 IR U,

g(y):X13+0'25,E8=0,Var(g):]

0(8)=|g(»)-xA[.

A

B= argmin%"g(y) -xp,+7|8l, = argmin%QE (8)+7],

' 00(8)
_00? (B) op Exe Exe
T T T ER,El
2Q2 (ﬂ) 2 2
S BRI T RZETTZW], S A2 A i) a5 5 B 52 .
WHE S oy R, G-() MR R R,
|S;[+7>0,j=12,,p-

=S;+y>0,8, +y>0 . HI,
BRBH,, RIE LRARRHE, By > max|s,|=|s|, B, WEAE. Wi, RIOESELEN
7 =k[s. -
SIE 1. BHE KKT 5F, X RN ERMG AR,
X5 (X8, () +7D(1)3,, =0
Xy (XMﬂM _g(y))J“?/D(y)SZM =0
5l <1
sign(,éM ) =3,
BT KKT 250 T3 T 0] @2 78 7 200, b2 HACE BU R A BOZ i, A4 RErS 3¢,
XAT;: (XMV* —g(y))+7D(y)s =0
X_TM (XMV* —g(y))+;/D(y)u* =0
], <1
sign(v*)=s
MBI AT, FATAT AR R A GB-(3)), wEMDNAR, FATT LG AKX (3-(4)-
G132, AT LR EPHA LR KAT,
{sign(v* (M,s)) = s} = {diag(s)v* > O}

- {diag(s)(XLXM) (X3 g(r)-rD(v)s)> O}

={C/ (M,s)g(y)<b (M.s)}

<t} e, () st -rst) <

yD(»)
={Cy (M,5)g(y)<by (M.s)}

DOI: 10.12677/aam.2021.105178 1679 IR Esid


https://doi.org/10.12677/aam.2021.105178

Rl 5

EH 3.
B A (4-Q)F@E-Q) AT, 48 y RNSREOR Al 504 L(y |y € E) M2 8505 i o 3%
B {M = M} , AERNEM E R, BRE L( y|M = M) BRMFE B A . FRATEEE T e HE 3,

DOI: 10.12677/aam.2021.105178 1680 IR Esid


https://doi.org/10.12677/aam.2021.105178

	广义线性模型的平方根Lasso选择性推断
	摘  要
	关键词
	Selective Inference of Generalized Linear Models by the Square Root Lasso
	Abstract
	Keywords
	1. 引言
	2. 广义线性模型
	3. 通过平方根Lasso选择变量
	4. 广义线性模型的选择性推断
	4.1. 选定模型下的参数推断
	4.2. UMPU选择性检验

	5. 例子
	6. 模拟
	6.1. 多元高斯分布
	6.2. 伯努利分布

	参考文献
	附录

