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Abstract

High-dimensional data has become a hot research field in modern large data analysis. Variable selec-
tion is a widely-used method for high-dimensional data analysis. A large number of high-dimensional
variable selection methods have appeared in the literatures. In order to compare the scope of ap-
plication, advantages and disadvantages of several influential methods, in this paper, we consider
the variable selection methods such as lasso and adaptive lasso to study the variable selection
problem in logistic regression model. Firstly, by random simulation experiments, we compare the
prediction and selection effects of different variable selection methods in low and high dimensions
respectively. Then, we do further empirical analysis in the real data. The results show that under
the same conditions, adaptive lasso has more advantages than lasso in model prediction and in-
terpretability.
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TENLAS 5 I, PR B S BER R V28 F T s 4R (0 o b il i e o B 4 O R RRRR
() — AR AR “FRmn IR B, R B S A 000 AR & 1) — MR AR e . 7RSI )i
FE, MESEREERBLRRET, AR R IR PRI R L S B AL TRNRE B, AR A A 1) T AR
Yo BUASCHRP B TR 2 AR Rk B MIbRiE . SRR RIEFEIIETIEWEIC . AIC. BIC &, (HEA]
HAFAETH ST S B B 4 B 3 I B I iy il . E AT, W AR RIER AR B THEER. R
FEAR(BUENAG) S T7 5 . TG FRAAZIETE TR R R I8, 1 B A e — M sl 2, & &
PRI A A R . REUEAEBUE NG 72— ANELL R B IR P R, B AT [RI AT R EAl A
TEER. X REGEIN— R E T, ERE R E R R E 0. BARIENE T A3 B R4 T2
AN, (HERELER TR R EOGH R (TSR, B/ N l Z2 T AE AR KRB BTy 22, 1E
P v TR FEE 1) (R Bf IA AR B BRI H 1, SR RIS R A R 1K ST [1] . 7R IR TV,
HA B8R X lasso (Tibshirani, 1996) [2]/& —FiEET “ ¢, 7 EHMIENMT V%, IR B, SUREH
T adaptive lasso (Hui ZOU, 2006) [3]& A [ 20 AR Sk 5% 05 1

ALE AN H logistic [MIVARIAL, lasso. HIEMN lasso MIBREHTFT, RJE @ FENLEISZEG, AE(R4E
Bl A AR IS LR, IWRBUS TR AL AT AR REIE L 43 28 1E A 2 25 5 THI AN [R] A AR B B 7
POAT IR, PR SERR B R AT L

2. BIERBNA
2.1. Logistic [E]YI4&HY
AR B FR S S ) R ) — AN B (AL« logistic RIS, 45 @ B (X, Y, ), i=12,--,n, Hop,
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X, € R® ZHIAERE, v, € (0,1} M T A f0m R4S, logistic [ BB XN

exp(xB)
P(y.=1|x.)=p = 1
(v =11%)=pi(B) Trexp(x f) (1)
Hrp, BeRP 2 px1H S5 & 385 FHOKBUR G THE SRR M 2 50m & g, BISRAR ) Ntk in)
Bue =argmax,, ((B) =argmax,, i[yi log p, (8)+(1-y;)log {1 p, (B)} ] &)

MR Eokit, BTFQAGFEM G, I FHUE Rk R EQR) . Rk ARvk kR FEA 5
R

Py CH {;W (B9)xx }1 o (afe ")
W, w(B)=p(B){1-p (B)} (B) AN rhrdik S, #EMEL EAL AL,
22. BERFERZE

Lasso & —Ff ] LA [F) i it 4748 B e 6 A0 R 504, 11 1% 1 U4k 75 7% (Tibshirani, 1996) [3]. Logistic [A] )45
B lasso fiti it Al 5E LA

©)

Biasso = argmin,, _n [—yi (xiT,B)+Iog(1+e"iT” )}+ﬂzp:|ﬂj| @
i—1 =1

Heb, ARAENMIENSE. 4)NFHE ZDHERA “ 0”7 I, 2 2 EHE ORI, lasso J7¥2n 4k
L R EE O R4, A R RNy, LRI LI AE Ny 0, MITA B B £E0 H ). M(4) AR W]
W, lasso 7t BT 2 BT MG A2 AR R, BRIETE lasso 79k, RECIMERR, fhiihgs R
ZERRR, M H. lasso fti AN A #higi it (oracle properties), it Fa 1E A g 5 B SRR o ) AR B R MR AL S
1, HIEZFREWIMN 2SI IEAS R . ZOU (2006)#2 H T Hi& M. lasso (adaptive lasso), oG EAR T

o BT, A FRK R B LA FK HIEMALE . Adaptive lasso (LT fEFK alasso) fiti v i€ XA

~ n T P
Batasso = Argmin Z[—yi (xfﬂ)+ Iog(1+ ¥ ﬂ)}+/12wj |,BJ.| 5)

i=1 j=1
Hf, 0=(0,0, - 0,) NOMEHETHIRESIOBE R R, AFT lasso, EER lasso fiit B A #
k. Logistic [BIAFERI R, S8 H AR AR AL TR BT HENAE, B o, :U(,BMLE)

-7
) Rk

T 0 HEH, ZI70 8 APLR. SR, AT, H(2)2UE SRR ARt T mT Re o i sk fig, b
F T AR AR T B & A B ) AR B BT VAN FRIE T R R IS L. AR alasso 1E 4k
HE s ) B, A 2 F lasso TR B i N AL (Bielza, C., Robles, V., & Larrafiaga, P. (2011))

4 00, ~([(fuw) | I LAPLR. A5 T T BB REIOHIICRBOK Kb 1385
(ﬁcb )j

f,, =argmin ; é[_y‘ (%' B)+log (1+ XA )} + lilZ{

i=1 j>i

i

i

ﬂimﬁ&m,w@=(

j,}Hﬁ%ﬂﬁﬁiﬁmﬁ%%%ﬁ@%ﬁ,@ﬁ&E%CN%m

(,Bi—ﬂj)2+(,b’i+ﬂj)2}

1-p; 1+ p;

(6)

DOI: 10.12677/5a.2019.83062 555 St 5N


https://doi.org/10.12677/sa.2019.83062

2}

py NEE I | AN RZ FRAR RS TR py £1.
3. FEAIREIFR

2R S T FEH AL, S8 R B B 2.2 FRER B A lasso M 3E T AREAE H i+ 7 A HIEM lasso 7E logistic
[E] AR AR v ) A e B R TN R R . AT E L KRB TR E MSE(,B) s AR I PR R S
specificity (3, /3) FgU Sensitivity( B, /3) A IER R X AR AR R BEAT LU 6] B AT E LAn(7).
8), (9.

mee (5) = 5 2|4 4] g

#{(b,1): 3, %0, 8, %0}
#{(b,j): By %0}

#{(b,1): 4 =0, 8, =0
#{(b,): B, =0}

Horf, B RRBENUBAI I, “#” Fonit . @) RAOQ)ATTLAE H, BURMESE IR S I 2 2L e
hARBAFFRARRMIERSE I, SURYEREGET 1, WA RER MR IR AR R L EE
T 1, DU B B S A AR R SRR ST AR R . RE R R AR AR (BRI T 1, B AR R IR R
BEIEMA R SRR T (1 % R i, BRI R ey, A IMESET 1, WM SRR F S35
AETE A HORA oK. PRIV EMIRID T 1, RSP .

3.1 {REBEEER

T, AW FRLEIE O N AR S A . A ORISR M S HO B W N n=500,p=20, i
WA BRI s =5, REEAMN £, =(L11110,0,0,--,0), £ KRl s MREN 1, HAak 0.
AR B EMRRE p=05, BIMHFAE p=1 BIEFE X, PR3 EL R TUA 2 505 1
HSLAE R 1) ZICIEE A X ~N(m2), 5, =7 (FFE), i2h G: 2) ZItt i X ~t, (1.2),
d=1,310 NE M, XWRMEIEESHCH TL, T3, T10. S5 H IR (1) 4 sl N A8 &, BENURIL, L6
H N B =100,

% 1 AT LB, EAEREEE A, BT A FEBCE ) HIE N lasso (T RCR A #ik £ 45 R 1
T lasso. MR TR £ FE SR E, H &R lasso ¥ REL A5 11 MSE 4/ lasso ) MSE, H. H & lasso
JIER o R IE 235 KT lasso Jiidie WA EIEPEI M BER UL, VYR BURtE A 1, R IIMAS &
PR IEY R IR R I B ST v ) AR R R A (R E AR ), (HAEDU AN AR, lasso FORER IR
T HIERL lasso 7735, Ui lasso J7VEH S 5k RECHE 0 AR RIE N b, BERY R AT REPE I A B IE
I lasso Hf, X B 7 HIER lasso ik ffmtE . EAERNE, T AFBER HIER lasso 771k
EHTAREHE A IEASATT, APLR BUREAEF, £ T1 M T3 1, LAPLR &AL, T7E T10 U2
CAPLR flf .

3.2. SHHIEEE

AR I S AR AR R R BRI AR, B p>n o TR BUBRASTEANE T 4550 15 T, RILrE
— A FRATT A FLE lasso. LAPLR. CAPLR )25 535 3 A0 T 2k 52 .

Sensitivity(ﬁ, ﬁ) = 8

Specificity( B, /3) = 9)
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Table 1. The variable selection and prediction results in low dimension setting
=1L REBETHERREFERTUNESR

Hbm Jiik MSE IrRIEHHHE U R
lasso 0.5828 0.9445 1.00 0.8480

LAPLR 0.3284 0.9424 1.00 0.9400

¢ APLR 0.2380 0.9479 1.00 0.9940
CAPLR 0.2741 0.9444 1.00 0.9380

lasso 0.9292 0.9651 1.00 0.4600

LAPLR 0.6200 0.9696 1.00 0.9360

™ APLR 0.8197 0.9695 1.00 0.9307
CAPLR 0.3544 0.9691 1.00 0.9393

lasso 0.4263 0.9463 1.00 0.6707

LAPLR 0.2170 0.9465 1.00 0.8953

T APLR 0.2560 0.9476 1.00 0.8587
CAPLR 0.2960 0.9476 1.00 0.8507

lasso 4.3922 0.9240 1.00 0.2813

LAPLR 3.7008 0.9271 1.00 0.4760

o APLR 3.3473 0.9289 1.00 0.4247
CAPLR 2.9012 0.9324 1.00 0.5027

BEALALRIG S B R: n=500,p=1000,s=5, B MiHMNTEET 1, HENO0. HES
S RGN T AHE o

FH7e 2 ATA0, (EmdEEdE R, BRI E N lasso A  TIIN f AR Bk BRI T lasso Jrid. MR
BTN 0 BE R, PR @R lasso REUMGTHI9I 77 1% 22 MSE B/, 43 RIEHR T & WA EIEREM
R, PUFMIERBURMERSE T 1, RUIXM A ER R B B Se R T ) A, T H
LAPLR. CAPLR FIRESMEAE DY AN /0 A RS T 1, RBHEER lasso RESE AR H B oy, B
IRGFHIA AT, Y AT AR R EZLL T lasso.

Table 2. The variable selection and prediction results in high dimension setting
=2 SHBEETHEEREFERTUNESR

Hobm Jiik MSE rRIEWHHE U Rk
lasso 2.1328 0.8431 1.00 0.9589
G LAPLR 1.0352 0.8765 1.00 1.00
CAPLR 1.6061 0.8637 1.00 0.9878
lasso 1.5561 0.8908 1.00 0.9756
T1 LAPLR 0.7094 0.9013 1.00 1.00
CAPLR 0.8462 0.9020 1.00 1.00
lasso 1.1132 0.8057 1.00 0.9664
T3 LAPLR 0.6816 0.8058 1.00 1.00
CAPLR 0.4923 0.8100 1.00 1.00
lasso 0.8466 0.8531 1.00 0.9687
T10 LAPLR 0.2975 0.8627 1.00 1.00
CAPLR 0.2101 0.8600 1.00 1.00
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4. SEAEST R

FATHEIELE “Pima Indians Diabetes” 5 ik JLFh 772 7 TR0 A1 2R &35 P R 4T EL 85 . Pima Indians
Diabetes #HE4E & 392 NESTICT, FAMCKEE 8 NEZAKGIMFEFR LLAHE FR IR 45 F . B
EAR W 3 Pion,  “diabetes” AmANARE, HUE {01}, HARLE NN E.

Table 3. The information of Pima Indians Diabetes

3. KBHBERABERFREERER

A h £
pregnant PRZAIEL
glucose MR 2
pressure #ikHE

triceps ZIMURE AR R
insulin ML JBR 5 3R FE

mass P
pedigree B PRI i 2 T R

age e
diabetes i PR S &35

*34:: Pima Indians Diabetes JJE T UCIH A8 2% > $ida /22 .

FESAE /T, A SCH% 80%- 20%1) EL 4515 Pima Indians Diabetes #3545 %1l 20 Al e, M4, 1E
WS, FAVEH 10 FA2 XIRHE, S RRIEEA, SR5ENNREE 2R34T il . i35 4 W]
%0, lasso. APLR. CAPLR & RN 6 4, 1 APLR IEH 7 5 ANMEE . PRI [R % H 1
AR “pregnant” . “glucose” . “triceps” « “mass” . “pedigree” , MTRIN AR, EIEMN lasso
DI T HER IR T lasso Jrik, Hod LAPLR [T HER R e, N 79.21%.

Table 4. Prediction and variable selection of the four methods
< 4. M7 AN R T ERFEER

lasso LAPLR APLR CAPLR
BT ~8.5568 ~9.6380 -9.0407 -9.9288
pregnant 0.0706 0.1053 0.1593 0.1031
glucose 0.0339 0.0370 0.0369 0.03780
fﬁl pressure 0 0 0 0
i triceps 0.0223 0.0224 0.0252 0.0261
g insulin 0 0 0 0
* mass 0.0385 0.0514 0.0492 0.0513
pedigree 0.7819 1.1265 1.2209 1.1167
age 0.0285 0.0261 0 0.0290
RIS AN 6 6 5 6
HRIEHR 74.36% 78.21% 79.49% 76.92%

"R A RO L A AR
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5. R4t

AR S I B USSR 56 K SE PR 4 I EL A T lasso. APLR. LAPLR. CAPLR X PUFf A% & 3% 4% 7 v
BT Je A B U . BRI SIS I 25 R B . AR = 4E R 248, APLR. LAPLR. CAPLR
BRI K A% B e 3 BE 13048 T lasso, {HE APLR. LAPLR. CAPLR J5i%k 2 [ - ANTELELa % S L A 5 5
TEARFIIBARES, X =R RS A STUE g REBENUBI 25 R A —3, B MHE lasso
M, =FEERN lasso 77 VE T AERI 2 5, APLR JES R R MR, T Rtk B 47, (1558
WIS, AFRASEEEEVEEH T AR MEIRE, ESLbratid, X2 IEdiraia e, M

BUEE JUND S SR e Rr
HE&mHE

bt 8 e E AR IE %% 3% NO.110052971921/103 % BT H «
SE ik
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