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* # % 7 & (Research Method) °

Lasso [B])3: MBREZ|FM"

kmA ! BmEK® WHERS Bhx'
CHIREELIREE R, T 510006) C T RSELEIS 1T RIE R, N 310028)

W OE AR ROBERXETHEWRIEEGEAGIT, RHFRER T NE, FatER 4t
WTE M, M R FARG LR, R BTGt T AT A RAME G ke B TR, IR K IE )3 A S
8 AR G R A AR R 45 R TR 8 ) A i A S 2 F AR F B e K RA . Lasso 7 kil i EAEA A3 3]
NEF R F X, TAKRFESQ TN EHEFER AL S, R TAR SRS S ThLH
A, A TR ERTE,

KR =ya; ENL; TN, Lasso

SES B84l

1 35|

OHAWFIERY HALE TRk . iR . T AN
TR (Wid A, 258, 2011; Lippke & Ziegelmann,
2010), PRFEZE & [H] 1Y ¢ & J2 L % H i b A ] b
B Ay o RS AT VRN — 2PN AR B[] C R 1
B, HEMC/HR) 2, JFHESF Fins

HOPBHE R AT S, FUAAMAL fpp  1OB Maddala, 200D ‘
B PR LA | 5 2 ML S B MR O 5 (5, 2010), {H OLS J5 ¥ &3 TX Y BB 42 i T w4k 1,

il

(Ordinary Least Square, OLS)J& 5 % F AR 8 2 5k
it 75 2 (Helwig, 2017), OLS Jy i i fie /M 25
SRR B ) TIN5 L0 {22 ] 174 15 25 S Ak o =13
MR () 28, AT DLER X 2 AR A 2 45 5 o 1 1Y
28 M Jo M fiti 1T (Chartterjee, Hadi, & Price, 2000;
Chartterjee & Hadi, 2006; Fomby, Hill, & Johnson,

VEEH MGG, sy O FHBORAI A R (Varkoni & Westfall,
2 M (] A TR ] T A T g — A 5T 2017), BIVRE T 24 i e A A5 38 A [] U A 700 &% SR o 411
IR B[] — S AR 1y A AR AR 54 8 7 00 A A L
1= By + By + Poxiy +ook Bixy bk Box, + e (1) Bl RIAE, X — SR AR R 2, 2
PR p AT, b B M IREER, B, i 2 (A7 A5 e L s £ e L A 9 19 B
TR A BN R REG = 1.2..p), I A ™ B (Babyak, 2004; Helwig, 2017; McNeish,
FORE | AW TESS s L % F7 2015), LG RO R Fp AR A S A AR DAL 1Y TUAR
S NPT N FOE R ORI, & e SRR RS A, HE TR
FETH Y A9 {8 29 1k (Babyak, 2004; Cohen et al., 2003;
[ 14 H7 3 B T AR R R 36 & [l Derksen & Keselman, 1992), X L& a] f1 £ AR Ak
T DA G # 02 S BT  qesp BRI MBS A TR IR
] TR AT S 1 0 B B S, /b — ek BT Bl e o U9 2 A2 e, BRI T
iz gt TR AVRAME S iR B o H
W L) Lasso(Least absolute shrinkage and selection
operator; Tibshirani, 1996)J7 3 Jy 18 3% i 1E ) £k

Wk H#A: 2019-12-13
* [ FE HRBF IS H (31871128); HH #BACH 2

Bl BRI 3 4 50 H (18YTA190013). (regularization) J5 % 7] LA &k OLS A3t Ab#E
WASVEH: W 25%, E-mail: panjunh@mail.sysu.edu.cn 4804 [A) Bl (Candes & Tao, 2007; Tibshirani, 1996;
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Tibshirani, Saunders, Rosset, Zhu, & Knight, 2005;
Zou, 2006; Zou & Hastie, 2005), IF Wk J7 ik i i3
FEREHLAG T ey 38 A8 55 50 4% 77 2T LUK 3o /0 4 1]
HRBIEAE S 0, LL—E Mt 2= S A0 i
A T g RS AR TR0 o 4 RIS R AL BE ) . 1%
T3 VR BB B T A O A2 i Al T R BRSO 0,
T FR 48 24000 W) B ke 390 4% = O v B9 AR T, 7T LR
ARk SR B T LG S BU RS R A AL RE T AN 2 Y R)
L, ARAS B 2 HORAT R WO RCR LR,
BT B B I R R S 3
Lasso 1ENALTr vk A4 IR W51 1% 2 0F50
F 15 1 (Zou, Hastie, & Tibshirani, 2007): B Ti%
T3 AR O e AR ER E M A AR B, B2
¥ AR ARSI O A2 E R
J Lasso J7 ¥k @ 57 A5 B34 77U (e.g., Fontanarosa
& Dai, 2011; Lee et al., 2014; Nguyen, Duong, Venkatesh,
& Phung, 2015), {H2TERH 2R 7 LLAR 0 B 27 451
B, XF Lasso 7y FH#H1AEH /> (Johnson &
Sinharay, 2011; McNeish, 2015; Yarkoni & Westfall,
2017). HBHAS 20k B T X IE AL LR 2~ 7
ARV I BT BE, X 28T R R A RKOmE T L 5
OB AGL B, B 22 b R K dis 9K 2 1 75 AT 4%
FKATM, FHmgo g RE T, REZ
(2019)35 H, Z592 b [m] )= A58 78 v BAAS ] ) 2R B[]
FER B T ek o i an, 7 [ A5 3 1) 45 R4l
b, T 2 XA AR M ORI E T
ARG ANAR I, % O AR R R — A R, AR
WAL B AL, ER XA FTER A LT AT RE
WAL . TR T BFREES R M iR 2 A, BRIk AL
AE 7 S T 68 ) [RIREARLAS DG 1T o
LN, Dt T2 B E LTS
RE I A R AL B g it O ik W BR i, R 98 5 AE 30 uE B
W K i ) G AR, R RS 3 Y U7
o BEE X RITER SN, HIRRH 4R,
o FU0 - T) A T A P A L H 4 52 3 A G
M8 %5, 2016; Nuzzo, 2014), Bl5 HL#% 2 > 4
MIERD R, B RBEE R TR O S e BT
FREAEAR Z R T LR E, AR OB AR 4
PETHRFTE AR 1 TN B 1 # 2x A R L Kk
JE#a 34 (Yarkoni & Westfall, 2017),
AL B Lasso Jrik i, WIS &, 45
SEAG) A3 B 5 B A R IR, 4 T R 0 B 2 B
FA-43 Lasso [FH PR S BRAE B, I

AN
=]
%

AT 5T FEREAS T 50 A 1 X H B 2 IR T B
T i Lasso [0 5K IR T FE 4518 B AT 4] 1 o
WA, ASGEKA AR Lasso FikW 2R RIEA,
L HAEFY L6 00T . WAL BB BN o A AR
% W 5E IS BR R RIS %, fe it B 2 B
SAWPFE R R T R B B TR, LA
FHE B 1.0 B2 B K e

2 ERFERERR

TERRAER) OLS [T, [l ISA R /) S8k 11
AT DLGE 3 e /ME R 2 sR S B, RIS/ IME SR B
L5 TN AE 2 (8] (9 3 BLOF 7 BE B, OLS Akt iyisk
PRI SCEAR IR (McNeish, 2015):

15 (p) =y - xpff @)

FHorpr 10 E WK oREL, BE n AMEENEL p h
TOO A% B E (LA EEE ), X(nxp)F Y(nx 1) 53 5]
B TR AR BEAR PR AN ZE R AR R ) &, B (px 1) [IIH
R

Wit/ ME 05, OLS a3 fEfg 19 2 /g 1y
TR AT B (Best Linear Unbiased Estimator,
BLUE), ifii H. OLS ffiit it ffH s, 7R 2
O PR RGN AR 2 A BT . F, Mt
T AR B H B L2, OLS itk EELL T
JLASRIRR

— & 3 BE LA (Overfit), BRIV A S7 19 A1 15 455 750
i FES, Hrp eS80 B R R TR
St (Sampling Variability) S 280 f, #4548 H &
FATMATREA, 2 AL RE 71 (Generalizability).

o] 1 TR 0 0 5% 25 VT LA 53 A e 2 AT
WAy, I i 2 e T FN L S A = [ ) 25
S, Jr ETRIINE Y EUE AL, OLS fhitt B el
a7 Ak O 22 ok B AR AR ) T 4R 2, fHE &
BUGEEAS E] Jy 22 2 R BT G K, 246/ 1 S 5046
SURTIRRAGE H] T4 A BE 4, BAGIHES RS =%
B RIFEAR /N E S AnE 1la s, B
BRI EAR S PG BT, REED, B
XN AT RIS I T HEHA), &5 A
HE RS . GG 2 T BB AR AE & Al [
FRE R R AR HE R, 255 S BB b JE ¢
IR TU AR 708 ke IR A A W 35 T O A Y, Y
1320 A 45 K] Be OGS F T M AR AT Tk 3
B, AN n 5T AR B AN p W HER
AT BT (RPREAS 5 A2 ), 2 B0 A 0 A 152 1 XL
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K (Babyak, 2004; Derksen & Keselman, 1992),

AH S M, SR A Y RO 2 AR AR 0 S Bl
TAETE S AT U2 1M 22, I8 4 S B RE AR 8] 7
2R AL TR, SR R Al T8 R s n B
AL EE I 1b ). Ft, FESLRR
B AT T IR T ELAR L b A 3 X e 25— 22
#U A (Bias- Variance Tradeoff)[] 8, TMifE4:H) OLS
Al 26 X 2 17 B S RS A A T, A TR0 AR
A Z AN AT 3kt i 25 B BT A A TS AR
T 1 55 A T ) AR AL e T

)& 2 28 M (Multicollinearity), Bl 7E [H]
VTS B v 2 A T AR A AE A SC R R ILAR,
b Y P AR 2 (B Y AHOC RECHIE S 1 I, BDAE
et 2L mAb M, YRAFTE ORI £ B L2k
PERY, OLS A48 2]/ Inl )3 250 5 52 B A S
PR NE S R, iR, mid
R ATT O 2 S BEE B AR G (] R 2Pk ) 1S 5
M3 K (R RGE, 2010), B2 B A AS o i3 434k
Pimst, MHREN 2 ELL MW ETES T ER
KR o A 23 T 3075 31 ) [ 5 A5 1 f5le = Ak
FBRE ), I 23 5 b F AR i Y [l )9 3R AR A5 L
AR EH 2 5T LA R (Rao, 1976),

WAL, YRR AE A R 22 1) T A B B, FRAT
FEFE 2R FH 2 A [0 )5 (Stepwise Regression)Z5 J7 2
e A, DR A S As AL . B
B ki E T RIA TS R R R, BT
A T AZ d AR AR 8 AFTERY (Lockhart et al,
2014), 3 BE LA R 1Y) ) B AE 6 8 A5 [l )5 92 3F
PRI E PRI s TN ZE 1L o I T T G it HE W
W ¢ KBl F ORI AN TGV S0 I3 A B R
S, WIEIIA & E M A W T T, AR
BIGE TG0 S HAH DGR p (EDRF AS T 1A W7 e s

AR R R R o X RS TRY JE B n] RE 23 i [0 E R
BB A B ) — A IR R I K (Wilkinson, 1979).

3 Lasso 5%

3.1 Lasso FENER

AHES T F SR Ry OLS Ak, 1F Ak 7 7
OLS 2k Ry FEat L8] A TR pR%k, LIAES
TR AR, HEARAXTLIZRR N

L () =1 (B)+AP(p) 4)

Horp, LR (B) RIETS Ok gk, 17 (B) %
/RPRE OLS K sREL, P(p) 3 Bk ki 4L,
A(= 0) /R S (Tuning Parameter), JHT4%
i 8105 R RO 4 B R R, B R AR g B
o Y A=0 B, 450k R A X T AT AR 5T
L (BRIl OLS 2k sk, AN [F] A 5] bR 5
P(B) WS R FAS [8] ) 1E A T 125

Lasso J7iEAE M IEMI4L I i —Fp, & LLE
VST 2 501 4 X 2 R SR A 50 o 30K T 4 [ 1A 2R

)4
B WP (p)=2) |g)|, SR,
j=1

T X AF5 0 LLSEAT IR S 58, 7T LU | B | %
ey 1% g, Kb+l w1 MAKRRS 5 B, 195
S —2, Bl Lasso #ii2e pRELM AT LIRR R
(McNeish, 2015):
= () =y - xp|f + ' (5)
A, 150 35 Lasso [8] #5435 2 pR&K,
X(nxp). Y(nx1)F1 B(px1)73 53] 2 T A2 & 46 1 |
5 R g ) AN R 5, 0 W(px DIRE
R (FF55 B a6 R BB E—FO B ]
AR EE LA IE W4k T, 40, Ridge 1EMI{ER H
[T R $ 0 5 R R AR PRAL, XTEE /N [l I R
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G THE R 48 7 BE T/, E LK O A TR0 A% 5t 1Y)
FZEEGEN 0, HXTEE BN B REE L 5 ik
A7 33 B 1% 45 (Hesterberg, Choi, Meier, & Fraley,
2008). Lasso J7¥&T] DL E Hebs TUAR TN A2 1 1 [7]
HREUEA S 0 FEm LA kP rE N, K15
X5 f7 LT A 2R ) T A% i 4 (Tibshirani, 1996),
(7] s i3, AT LA 92 Xof o 2 [ 0 R 5 ek P44

Yarkoni 1 Westfall (2017)35 i, #HtF OLS
fliTtik, Lasso J5 12 3545 (B AU 58 5 BE A% 0T A M 4
TR R SE T . E OLS IR A )
R (B2 570 b 1 B A e 30 )3 o S B AT I 2
ZREEYEIN, T Lasso J7 ¥R ANAL T T8 B 241
ARG SR (RIS 2 E 0 RY), WA A1
AT T AR L DA G b 4 ) 2SR b Lasso 77 A
ik o 1o U Y B A A AR S AN A 1) T 2
(BT 224 iy 540 0 ) i R ), ) ARt O oA DR (R
BB TN RE J7) o X — A AR B T 0 3
PSRN SE R, R AT DL — s R
Al EE M FEHL R

I Ah, Lasso Jy s ikt 5 7 7 00 A5 & ik 2
K JH OLS Aliitai ke i 48045 A 2 8 L2 P 11 1)
NN (T N0 N7l = ey 1B Rl [T e 2 2 o G
USSR 0 W R Sy AN EE/E S T T e BN 4
BIEAUIE I, RS 2 H A AE 1 5k
Jr ANz A [BE) BRI Lok 1 2 £5 2% 19 (Serang,
Jacobucci, Brimhall, & Grimm, 2017), J& 44 A #)72E
SRR O T H R 2 O 5 iR R AR A
K 17T W 1] 55 5% Wi (Frank & Heiser, 2011), Lasso J5
8 UL 00 7 R A Sy R A, AT LA i 0 X X
— )

M TAESI A5 A, Lasso J7 ik FEAh T BIr s
FRITE =AY ¥ 5 . Efron, Hastie, Johnstone Al
Tibshirani (2004)%} %} 3% — [R) 46 19 /N A [T
(Least Angle Regression, LARS){*ﬁi‘I‘ﬁ?ﬁEﬁﬁﬂj
FBRT Z o XTI AR E R U, BEE E N1k
Tk, WSk T AT LI E#EHAT Lasso
AR R B, XA SR 78 T 30,
3.2 Lasso [E])3SCINEHE

Lasso [7] 5 E 48558 # A F5 Z 40 A 1 £/ p (5
MITHE R4y, NSO TR A g ik R B, B
SRR (25 )R S 481 43 BT e 1 Gl 76 R 4K
{4 P SEBE Lasso B EAE, FREEXT LT Lasso [A]

JSFT OLS [ 5 .
321 SHARERE

SR MR RPE T I R B R 4 AR B,
AR A ARe AR R, BHETA LUT R F
W IR 250 4 B Y 77 (MeNeish, 2015):

B — IR AL 25 > S 58 LI IE (Cross-
Validation) /5 7% . HAGEREANT : &%, F 8
B K A R/MARIRREAR, S8 H K a2 5. 10 3 N
(FEACHD); SRJGIESE A HEE, HAT k-1 B
B R Lasso Jrik Al iR, PR s fe 8 1)
WA ZBOH T K O BIE A IE, 55 R R 5EST
REIEM, JFH¥ FiddRELE KK B,
AR BIE— A (H AR LA (B (N, Zetpny
M TR 28 o 28 IR UE T Wil 7 2 A Bkt
£ 100 Wk, HPEHE 100 ASIE Y 205, R
BR/NIESE 2 BB, — BT, &ii1e
PEREIS TR 2 B /NG A M, (HRA RS 1 0
oo/ IME R RS [T A 2R 500E 46 8 B2 8/, T BB g
SE A P G B A, R, A ST AR
KT/ N J5 1R 25— bn e BRI X 1 1 S50 4 B
(Waldmann, Mészaros, Gredler, Fuerst, & Solkner,
2013).

B —Fh O 1 {5 bR i (Information Criteria),
HZH 2 Wk R 5 5 URAE AR ], e
XA A H, D AMET, HRA Lasso
Ty AU A B (AR ) I H RS B4 bR
WG9 {H (W, Akaike Information Criterion, AIC;
Bayesian Information Criterion, BIC), 15 BARiERY
BRI 500 Fos

AIC = n log(RSS) + 2df )

BIC = n log(RSS) + df log(n) 8)
Horh RSS $R 2 5% 22 V-7 F1, df WIHE A Hh B2 o i
AT 2L H8 7 A= SRy i e /N OB AR B /NI A5 B b
IS4 2 9 {E (McNeish, 2015).

H TR 258 #3228 SCg ik 75 i ke ke
& A BYE{H (Obuchi & Kabashima, 2016).

322 pEMITE

R EPESFRTT LN, &2 )52/
B H R AR HE DR N IE AR Y, XL A AT
5 VERS I B 25 S I AN SR N YA R AR AE R kA
T AR 5, MR 2R S 1Y m AT AR B (m <
k, Thompson, 2001), 4N, Xt FEEA® n A 101, k
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50 B—AS R, F ORI 1 F RS M (50,
50), {HAZUNERZ A RIHM 50 AT AF o o3k H
T SATIMAS &, F R A RS R (S, 95).
MM EAR BN p (EAAE R AT EEM (Lockhart
et al., 2014), {HJ2& H ik B A B 71T LAAE
AN S Hh AR o BB I L T AR B p (AT

TE Lasso [FIIHH, X F&ATEEHABNER
LS R A, X DL B3 A o 52 0 40 1y L W
P, YT, Lockhart 5 A (2014 THEATR H
SLAMFERI > FVEOE A 4R, T Lasso i3t p
EH T EE S G RUR LA S AR, 76
B e LR LA 36 v, AT BT 5 A A R B
A7 (G A o — 2 A 8 S 807 B A
R BRI 0) AR 25 (T 25 = —2log(TLAR1H)),
T 2o R 0 R H A ok AR A [ 25 S 1
(BRI R i T R, o AT R e g, 26
i, Lockhart 25 A (2014)3E B T 45 5245 (Y)Y
L2 {1 0 RS 50 TR AR (X B )2 18] By B 7 25t 7] 2%
R LR RSR A P 2" RPEM, BNYE
ASC e 5 — 0 A ) A AR v (BB AR A, 2% 99
AR 55 1) [0 R BB 0), I AGZ T AR &
Jei (B AR T A8 ek A [ 91 2R 50 ) Pl
), WAL )y 22 AR (E, AT A
Bk T AR e R . SR IR A
00 AR k) S R AR AT AR A T A
ISR, A T 2 AR ]S AR R A AR RS S AN
AR B X JE NN AR e S R T L 4y
BB B 5T R SR AT HEWTMEAG 56, R AR A XS
a5,

AT 7~ Lasso [B1E 0 52 3L SR AN 5 A5 o,
A ST 58 (19X 46 i )R P SEUE B30 1R 41 7R T Lasso
FIATE R A A S B 7R . 0 H R H glmnet 4%
f}:43,(Friedman, Hastie, & Tibshirani, 2010)#F 172
B mykRE, R covTest #k{4-f1(Lockhart et al.,
2014y S BN p

4 Lasso B3R B
Lasso [F1HH0E s EEAR B IE & REWS 7 2414

"TE OLS [AIA 4347 vt 224 [0 U5 22 0 AT 20 s B 1 BB
EPER I AT DU B F A I ORIF S, SRa T, 2015), F v 5
Y 1 HBE N (dfr, dfe), dfr B df 53 5005 1013 J Fl B 3% 22 °F
TR N E . X T AN n ASINE A & AT AR
W EETRE, dfy = k, dfs= n—1—k.

FE R R e d S S EA AL RE ) AT AE
TR EFRAEX A SEF AR T, TR
A SN SR 33K 28 T 1 R B X Y AR AR 1 3o B2
fifR e, PREGE T AR R RLAHE . ol DA fige B 51 i
0 1 5 A2 A B 4R TR X SR AT 1 R 5 SORN T
Hr e,

Lasso J7 &R0 R PERT A HAE 20 F % L IR
OFLAF R R AR S SRR A T R Y L i
o [HOHEES G R, JAA D ERCR
T Lasso /73%(4, Hartmann, Zeeck, & Barrett, 2010;
Scheidt et al., 2012; Schmid, Taylor, Foldi, Berres,
& Monsch, 2013), McNeish(2015) 48 H 881 7 s
e PR v B S T BIOIR A5 8 T2 W 50 2 Jié 22 ) A
TEB BRI o INGETH27 A58 R 2.0 B2
8932 O AR AR AR S5 I ], 3 5 00, FH 45
BN RE G M GE T2 B BT S vh 3R A o BT
I, FOCKFIZE Lasso FILTENR RO B2 A4 42
2 U ) S B 07 P A R B i i B T S
P, A BERERE A WIS E 1] Lasso 75 ik fit
2%,

4.1 Lasso ZEHERF PN A

TEA A Bl 24 408, Lasso B # N F7E 4 3
A 41 ¢ BX A 57 (Genome  Wide Association Study,
GWAS) ok fi 3t 35 (R BIF 5% v i 1€ 3% (5] 437 55 (Single
Nucleotide Polymorphisms, SNPs; Ayers & Cordell,
2010; Shi et al., 2011) I FE PR 15 3 K 22 [ 19 52
HAEH (D’ Angelo, Rao, & Gu, 2009; Li, Das, Fu, Li,
& Wu, 2011) . LA RARYE GWAS 25 53047 AU F
(Kooperberg, LeBlanc, & Obenchain, 2010), 44k
IRl 20 S IR B 5 B8 R B 5% Ml ol 228 FRIORE 4 5 05 114 JXL
LN, TEHETT GWAS BFSERT, 4 MoK
B PRI o IR B DR 8 kY ik PR U S A1
T 7E W98 45 S M DL B &2 19 7] 81 (Kohannim et al.,
2012) 2K H] Lasso 7k, REASHA sl SNPs fY%L
i, L A5 AR AR A OGS IR, AT
HIZ ML ShAh, fESEn) GWAS S HTHs Ak
K VE B ORI (1, 208 T B AT Z 18] ) GE A7
T & B P #7454 (Linkage Disequilibrium, LD),
BIFR o378 S o A BE A — st % o 2R b, TEE[R 43
Bro R Lasso Jy ik L3 £ 24 (Cho, Kim, Oh,
Kim, & Park, 2009; Cho et al., 2010; Lin et al., 2009;
Malo, Libiger, & Schork, 2008; Shi et al., 2011): (1)BE
i o T PRI 2 1% 22 46 )5 (2)RERS AL B i T LD
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SRR Z IR (3)RENSAL 3 22 5 LU ALY
I‘EJ Eﬁo

Kohannim 45 A (2012)8 T /0 #1563 K 5,

O 36 3 5 R A 45 48 B R TS A DG BRI, SR
Lasso [ 3f A i) W6 6 356 PR B8 52 M 3850 -4 R (o
ZRATHER I AR WIbR ) . DFRRIER T 729 4%
A 3 1) 4 3 DR 2 B0 D e R o6 1 P AR
S5 AR B R g A ARR I i . 38 AT Lasso M
JAMASTE SNPs F i i H X 235 S5 AR B 52 1) e A 3R
F)—41 SNPs, AR5 T 22 A5 3% 5 i {4
A, BEIS, T AR5 25 3 0 vl 8 2 1,
AT 55— LA ST B £ BT AR AR B 1 X A O
PEIR 5 1) MACROD2 BE[RHAT T 8 i . 763X
O AL B F AEREAR S ERAE A B T MACROD2 Ji
F X F R EE A ERZ N, KUF T Lasso [F]
VA 3 A A5 3] A 2 PRI DG 25 R i A fa vk
4.2 Lasso ZElGK/LIBEZH RN A

FH T I PR ARE AR ST 552 1y PRI X LA B R 52 5 AT T8 A
2.0 BB AR A T T, I R 5 v A A 4
ZRE 2 AR, FEOWME$E 5 w0 E
FHUE M L E S /N (Demjaha et al., 2017), %3 4h,
i R PEAR 22 3R 6 ATT 28 57 BB 0% 1547 o A T W8 1 A5
R, DR G SR A% G 32 25 [T Jy i R ik AT AR
e, 22 I LG B Wi Lasso J5 ik
RE A% AR A5 528 19 S B0Ah 1T 9 45 v 780000 o A
(Harrell, 2015), TEANFF G G R PG I ZK

FET 1, Demjaha 25 A (2017) V825 5200 1 & 1
A5G PTIA JT P (Treatment  Resistance) A K Z i,
BET 323 AEAEREREARNEE, KA
Lasso 27T 1 J5 7 43 B 1 25 1 55116 R S A H 2
A 2 (A A 36 L Lasso 2 T AT 45 3 BoRie
Wk o3 2408 . BAMEREIR . B IR R AR /N
AR BT ] AR A% 2 K P IR T X LA B R g W T
DB 3 RS P BRI T PE o

3o, TE R PR ) R R SR U BRI IR
T 53697 W Se ik 4544, Lasso ik BV AL bz
FiRFIETER B o Schmid % (2013)%) 29 4~J5 2k
R R Ry B 7% 3% 1 BRI 1) £ 38 LA SR I % 4 DR T 19
29 AXHROEE N7 T o0 8 ARMiEER, AAT
B B B AT DU i DL K H 2800 B 24 1Y) D RE AR b
0. T AR R (k= 115N TWIE (n = 29)
Feyig T K, RA— B BIEE %S R E
B LG TR, S T R4S T ELAA T R 7 AR,

WFFEH KA Lasso [n]IH 3 PR 551 MIF 26728 45 BEAS 1 .
S X 3 R SHRE S 8 RG] 7% 2% 1 SBRAE 1) N 55 TE
X RENHE . e ZE N 115 DTN f P e th T 11
A B BTN ) iR B, RERS AT RO A R X 2
NI

5 Lasso B B

5.1 Lasso M BER

TE Lasso RYZEAL [, W52 & AR Y8 WE 4547
A AR A [FREPE, SR RS [RDR 2 9 8 51 oR 4L,
BN FIR I T ZROE ALY, B anFASH Lasso
(Relaxed Lasso; Meinshausen, 2007), H i#& i/ Lasso
(Adaptive Lasso; Zou, 2006) , Bayesian Lasso (Park
& Casella, 2008), Fused Lasso (Tibshirani et al.,
2005)F1 Group Lasso (Yuan & Lin, 2006)% ., T3
K2R JLFP Lasso ¥ R IE X JE B FNXT R A9 R 15
B AL,
5.1.1 #35t Lasso

LM FE R p IR T A E N B,
Lasso J7 1% P U SIGH B %518 (Fan & Peng, 2004),
F Lasso ko MR AT E 24 50k SIGHE
kB4 AN E AT, Meinshausen (2007)7E
Lasso [5Eah 48 T —ASPIR B o i ik
#55th Lasso (Relaxed Lasso). FEFAH Lasso M3 #
rh, RS T B R S A Tk o R A S Y i
B ZITEE AR AL #E D Lasso ML A
& R T AR HE, 5 D FE O AR R R AT R
BAbIE . DR Sl S © MUBRTE )
(L=0*1, 1>0=0, A, 4LMINAS—. 44k
THH R AR 2400, 1 55 B0 BR A& 5100009 £ H
S/ R RE IR 2E . 2 © = L I, REfh
THA 583 Lasso kS 8T E—3G Moo=
0, BUET RBUNIHES OLS JrikmfiiiHEAHH .
Fi il Lasso 725552 2% B2 1) [/ I 4 1L Lasso
PR AU S FE (Meinshausen, 2007) ., BE FIEE
SRR, X T 5dE, #A5h Lasso BRI ™A=
AR AR LK 5 Lasso A&l /N T4 2%

X FRAsh Lasso BN, BB NI
43 AT L R 155 H A9 relaxo £ (Meinshausen,
2019)2 T T F#ATIAGE Lasso 43 BT AR,
AUHZE T cvrelaxo BY relaxo bR RN AT (H£E
AR i Lasso MUMF. A SCHLR FH SR 2l i
AT T #Ail Lasso A1 AT 7R (55 2 240 @ wh[H
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FEA 0, HISRAT OLS [l)F3k), JFXf L T4
OLS [IAfh g5 SR . KBNS Lasso [B1IH{ R
FHPRA 00 42 52 50 A TR 3 1 OLS [l )R H 54~
AR P ARAT A 0 B T o
5.1.2 HBIER Lasso

Lasso J5 1538 13 3 S50 R 4541 n1 )3 250
JF 45 72 BF (Tibshirani, 1996)., 4#F 5% 3 1 i 58 X5
UE B BT RE 4 A HEA~ 8 (RS, Lasso J5
e BT AT 7 it A )RR R A AT, R K AH
tF Ridge 1IENML AT & —E R L TXF
BZ WA R BT RGBSR AN e dth T]
RE S X HE A o I RBGH AT R 46, 7R — Al
T 2 (Fan & Li, 2001). Zou (2006)3 iz 7¢ E57] 10
RSN B 3G N A E X Lasso S EEEAT TG, 2
T AIER Lasso J7#%(Adaptive Lasso), 7E Hi&
R Lasso Ak, {EE—4 y > 0, WIALE &

U AT LR OLS 7 i 5 0 ) 2

w=—,
|5l

THEAE AW IR R BAGTHE £, W A& Lasso
ST AT LR IR

P
PaLasso (ﬂ) _ ﬂ'zﬂ}/ ‘ﬂj‘
j=1

Hid W Lasso Hv1Y H i WAL H F A T4k
Wi, AN [F AR 1 ) B H R A2 3 B ST AN R .
XF TR A6 FR BT E BRI S B, AR R AR
AN, NI 23 32 BT /AR o TR A T RN
4 25 2 XoF o 3 R A B R A SRR AR . R,
K HIERN, Lasso #EAT7S LR RE S (i 15 5 21
AR W Gy i AT, T B AR T B A B,
T T 4 by S IS e 4 1Y (] e BB A8 R A5/ &
BAE I  22 . AHLL T Lasso J7i%k, Fi I Lasso
J5 A IS T UL AR B AL p FIREAS & N LU AH
R RN, BT, R1ES 1Y glmnet (Tibshirani et
al, 2019). msgps (Hirose, 2019)LA X parcor (Kraemer
& Schaefer, 2019)%5H{4- A1 Y BEHEAT H 1& W Lasso
8T T35, SAS FAEH Y Proc GlmSelect B SE
P E & N Lasso 5 HT .
5.1.3 DIAtHER Lasso

TEARF AR, Lasso Jy il i 7E K U
B A 5 3 0 Oy Ok A B 2 8, S BLE
Mo MAE DM ik, AR T A 1Y SE 8
I3, Ses A X O 2O 2 AR S 0N A

{fi,, 45140, Tibshirani (1996)IA A 7E DL it-3r 77 = T 40
ST SE 0, FEALRIRE . AH B ST B BE 5
Y %exp(—l‘ﬁj ), AT LLSEEL Lasso TENAL . XX

LRGSR T (ST SN VR = = RN 3
S FRIE, (R IES AR, Hp, A8
B, MR B PR R AR T R R I

BEAk, SRR REAE IIEL Lasso ik
(U0, Efron et al., 2004; Friedman et al., 2010; Wu
& Lange, 2008) -/~ BEHE LA SR PR MER M 1T, X
X F AR AR Lasso J7¥& 1 W FH 38 i T BELAS
(Kyung, Gill, Ghosh, & Casella, 2010), T DI i3
Lasso 1] LLi# i Gibbs KA L3R A 20 M bR iR Ak
11 (Kyung et al., 2010), Park F1 Casella (2008)L) J%
Hans (2009)42 H: (19 DU 7 Lasso [ J5 470 th G 6%
FEAS TR 0 2 B0 (R A 1 TE A S8, b T
i F A% G238 OB IE 7 6 T 7 R SIS 4,
EHARE T BN AT R W PR AR AT
VIR R 5 H 1) blasso F {4 (Gramacy, 2019)
A 5 8 (AT DL Lasso B9 045
5.2 Lasso ¥ RN

TE BN FA R | Lasso J7 338 AT LU FH T 0 i
F 475 £ (Serang et al., 2017); i 7E [ )47 2 A,
TETNAE 7 A8 i I FH T 45 5 AR (Structural
Equation Modeling)Fl.0» B %] 2% 4% I (Psychological
Network Models; Epskamp, Borsboom, & Fried,
2018)H,
52, HEEHED

TR AR A S B T T 43 B ) A5 T = 1) A
TR RGBT T R 22 R, TR
ARG, ERNFROASRT FiEERN
HE, BW ARG 0 AR, i,
KA VLT Ridge 1EMfLEE Lasso 1F NIk 75 i
AL G 1) 56 UEPE B 430 BR 4l T A Y IR A
(Muthén & Asparouhov, 2012; Pan, Ip, & Dubé,
2017), 7£ MIMIC #%%! (Multiple Indicators and
Multiple Causes, MIMIC)HF| FH 1F W £k J 3 £ 4T
THI A5 & /%) i %€ (Jacobucci, Brandmaier, & Kievit,
2019)%,

H AT IAT T S T BT Mplus (Muthén
& Muthén, 1998-2019) % £ 1] LK FH Ridge 1E M|k
JrIE AT SR Jr R AR, R A T (5K
4 4F, 2019). WA LTI R 3 B2 “blefa”
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(Pan, Zhang & Ip, 2019)7] LA#EAT D4 Lasso 3
UEPE HF 438, LK “regsem” 4K 4 411 (Jacobucci,
2019) 7] LIS BhF 58 & # A Ridge 1EW4b 3K Lasso
ENAE R A TR R M AT L 57 MIMIC A
IS R NS, T Lasso J7 ik SR iR 45
G R R PAEAREE R, H AT ARG 3
i W

522 MEER

AL FR R 4545578 (Psychological Network Models)
KT S (Nodes) AU A W AF 4, 1 (Edges)ft 3R
AT A £ (] B R, 10 P A ER AR R AR e (E] I R
PSR L XA R DA Ay R 20 B AR CIRAS (L A
HI AR, AEF I ERAE AR 2 R R A 1, PR e 56
A5 AT LI AR 1 7 R 45 R A AR . O BRI
LRI AT LAAE B 55 3 TR T ik v U000 25 5 (W) )
KR, BT A I TR, OEMN
LERERIRE Tz N NS 0 B 25 NI R 0 B 22 45
B 5% 4038, (N, Costantini et al., 2019; Richetin, Preti,
Costantini, & De Panfilis, 2017),

TPz A E RN TR NS ERZ, N
TR LA A, BEAR— 2R, R AL
K FH W4 3 BT 38 #8232 245 5 Lasso JrikifA778
i1, F 6 N Lasso F1[& Lasso(Graphical Lasso)
7RI LA B R F AR Y . A TR
HEAL BE 1 O 45 A0 4. Marcus, Preszler
Zeigler-Hill (2017)ffi JH FIi& R Lasso J5ik@yy. 1
ML A K% (Dark Personality) W 45 #2%; Costantini
N (20152)F T Bl i Lasso MIZEHRAL L BT 5%
{F A B Y el & T EL; Di Pierro, Costantini,
Benzi, Madeddu F1 Preti (2018)}4#i F{ /&l Lasso 77
T AR T PR e B A PR AR S
LRI T] L@ S qgraph (R 25507 8 4-61; Epskamp,
Cramer, Waldorp, Schmittmann, & Borsboom, 2012)
F glasso X4 4,(%] Lasso #{f1; Friedman, Hastie,
& Tibshirani, 2019)3Z8; & 1 7 W A5 &
X ZE 7, Costantini 55 A (2015b, 2019) 14 )
R T H N Lasso P25 #5581 K €] Lasso [ 2% 53 B
T4 D R AR R KPR R i S BT 1

6 11ig
6.1 NAEWN

HEOHEWE R, MR ENEE EERFET
N AR ]S 2R AR, {HJ2: Yarkoni FlI Westfall (2017)

8 XA R BOR R YO AR TR Y BARIR ST T
KRB CIHLH], H R 3 LA AU K AR X v 4
H TR AR 94T o RS W] H Sk TR R H 25 32 3
B, R G . AT R R Sk fR AL
A S A M G LA i R R A 8 U B o0 B 2 4 B
Y #45 [A] #(Giordano & Waller, 2019; HfES 45,
2016; Spellman, 2015), 3 B 57X 4 i 5 dR 4 19
fife BT SR 1) 3 $UL5 B G 2 18 1l PT = 2 M fE ALY
KA, EHXZAE, PRECAERBT — &
G R X H o AN, AR R 36 D AN R A S
R EAEAHE, ¥ p (E G SR 0.005 Y[R B
$2 5 FE A DURR IR — 28 5512 % (Benjamin et al.,
2018), {HALLHFFE AN, G RHFZE)ME LA ) R
BIFEA R, M A R EE G T A EY
HEZWRAEH WIS, Wil A a8 7E X
FhfE I T 20 Jy 8 (Babyak, 2004; McNeish, 2015),

B, Aot F L gt oo LA,
TEMAE T DTS v ) A Gl e A A 6 1 )
B, BAIn] = 2 ME AL LA 1% 546, 2016; Benjamin
et al., 2018), WA BARBE B 7 Pl G2
G TR A B B0 B B — 1A T
D ARk 2, LA AR 8 ) 00 ) i A8 w37 T LA
BhJESE 5 Ty M PR AT R S LTS IS AL (Rosenberg,
Casey, & Holmes, 2018; Serang et al., 2017),

PL Lasso A2 14 1E N AL R 7R AL 2527 ~J 43t
WOREE MR EENIEN, BRfh &) Zh
FHT A e 2 S5, A6 O B 22 U b 1E AL A
B A AU AL TT LTS B9 3 AT AR B O 0, TR As
R b LA TR, A5 ] — S B R R AR (R A,
FESTIG, XS, B HERE, 2015; VR4, T,
INLTL, EJE, 2017) o £E/NEEAS S8 R H R 2 1)
0L, Lasso Jik#AE B RMRM, Wk
22 gl N 0 B 2R AT, 7R I PR O L2 R
B2 Z A, Lasso MIHFEHF LMY . A LOHE
RG] LR BN E . B, ARSCa S
JEIX Lasso [HlA 773k R LRI R FH A28, 3L
IE AL AT A AR, 1 T A2 A AL 4% 2 2T sl T
BLAE OB A TR HETE R AAE . R, FRATT
WP pif I 52 3 A AR A H R 2 A AN R 1Y
R Lasso 77 ik #EAT @347 o
6.2 Lasso FAHFRMBE

FHAF Lasso [H1 Y= A FH (1) 32 2 [r) a2 HE v LA 3k
AR EBRAE THE X — 7 32 W p (HHE, XF
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It Lockhart 55 A (2014) 42 19 73 Kot B ) R 3K
AL T DA A5k kb i — R R, AE AT ) B A A
R GYH E I X LRS5O vk T RE A% Bk i
R I SR A, T 22 b G T AR R R A T g
1o F—Tr T, TokIRARAR DR S5 ALY B
FE (S XA AT, {2 Lasso kM EIEA N
M7 Lasso AT LAA R AT bR 1% . AT AR X [H]
(Credible Interva) fliit, TRAN T X — R, B
D 5831 1937 4T (van de Schoot, Winter, Ryan,
Zondervan-Zwijnenburg, & Depaoli, 2017), X Il
M Lasso J7 kARG 215 B IR A M A B
M o

A, EIRAITF 2GR ER TR I Lasso
[ 9 77 3% (40, SPSS, Mplus), XM K Hb A5 T
Lasso J5 kMR H . A R e SE B Lasso J7
ENEMH L ERZ, HHAE A 1)RBR . Rstudio Y
BRI, gaplo2 B Hadley Wickham
FERVIIEFF, 2019)h i iE 5, iR b ol
2 S — ST S R @R IS 5k, 4N Lasso 2%
MG ik (A flds 1 B RTA K 13 56T Lasso
LR R A, B2 EE, 1, e
AR PHGRRAR RS R AESE, PRI RS
X LR LA — AT S 2 o A TR AR
Wil 2 T D A A 8 e FE S A4 T B A R, R
W5 35 A T L S (o b SR O D i A T A
G307 o

fJa, Lasso J5 7 M A AY 22 A1 g FH A NI
N2, T Lasso 5 ¥k A4 R e {45 HAE Ab
PR B, WA LAY | AR A R AR AR
B oE ELE ) A BEBEE Lasso ik LR, ik
FAREETE A S FE 53 K47 Lasso J5 k1Y {H
AT T B — X L Lasso Jrik 5 HEIE
WA 7 v IR 43 5 38 T i A 5, R g )
WFFE AL,
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Lasso regression: From explanation to prediction

ZHANG Lijin'; WEI Xiayan®; LU Jiaqi’; PAN Junhao'
(" Department of Psychology, Sun Yat-sen University, Guangzhou 510006, China)
(* Department of Psychology and Behavioral Sciences, Zhejiang University, Hangzhou 310028, China)

Abstract: Regression analysis, a method to evaluate the relationship between variables, is widely used in
psychological studies. However, due to its highly focus on the interpretation of sample data, the traditional
ordinary least squares regression has several drawbacks, such as over-fitting problem and limitation on
dealing with multicollinearity, which may undermine the generalizability of the model. With the rapid
development of methodology research, a shift from focusing on interpretation of the regression coefficients
to improving the prediction of the model has emerged and become more and more important. Least absolute
shrinkage and selection operator (Lasso) regression has been emerged to better compensate for the
limitations of traditional methods. By introducing a penalty term in the model and shrinking the regression
coefficients to zero, Lasso regression can achieve a higher accuracy of model prediction and model
generalizability with the cost of a certain estimation bias. Besides, Lasso regression can also effectively deal
with the multicollinearity problem. Therefore, it is helpful for the construction and improvement of
psychological theory.

Key words: regression; regularization; Lasso; prediction
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[, FER Lasso [H1UA (425 BRANR 15 bk ofe, A2 itk
Lasso [M] U= /4 R FH, AR SCORE SR FH S5 061 V8 3 40 g
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Bk R A, HLARACRS P LR 5% 2.
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Silva, 2008), ¥ P T 11 MBS (1) 4F
% (age), (2) FhEK R B (famrel), (3) HFE S
PR B [E] (freetime), (4) A & 2 B B9 40 2
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Mras R R, 2EA 5 —WBUF IS R st . b
56 AT 55 A T 96 B 5t =2 TR A7 A 25 Y L A G o

o

W' v

A1 0.8 0.6 04 0.2 0 0.2 04 0.6 0.8 1

Bl ARk A DG A
I AR AR, EERMARENK, BEmGAR
LEES RPN

TE Lasso [HIHH, B ek 10 A X EHE T
R FEAE AT A, X — kW L R 3K
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RBASHHE(p )

T A5 OLS Lasso Relaxed Lasso
age -0.206(0.009)** —(0.072) -
famrel 0.36(0.001)** —(0.699) -
freetime 0.058(0.57) —(0.913) -
gout -0.014(0.891) —(0.981) -
dalc -0.108(0.448) —(0.646) -
walc 0.17(0.105) —(0.294) -
health 0.046(0.509) —(0.899) -
absences 0.042(0.001)** —(0.089) -

Gl 0.164(0.003)** 0.057(0.005)** 0.153(0.007)**
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student <- read.table("mat_2.txt",sep="\t",header=FALSE)
IV<-(student[,1:10])
IVi=scale(IV,FALSE,FALSE) ## X [ 258 5 E47 5 i Ak b 3

# A+ E R UIE

install.packages(‘glmnet’)

library(glmnet)

set.seed(1222)  ## BUEBEHLECR T, PRUETR: K247+ HL A SR IE MY 25 2R —
Lambda=cv.glmnet(IV1,student[,11])

## lasso [n1 945
coef(Lambda, s=Lambda$lambda.1se)

#t 231

plot(Lambda) ## KEAEAR Ny lambda, ZhAEAR J 2751 2% MSE

savePlot(filename = "lambda", type ="png", device = dev.cur(),
restoreConsole = TRUE)

RegCoef=glmnet(IV1,student[,11],family = "gaussian",alpha = 1)
plot(RegCoef, xvar="lambda",ylim=c(-1.5,1.5), lwd=1.8 )

#t BTy lambda, SAARAT N R BAL T
abline(v=log(Lambda$lambda.l1se))
abline(v=log(Lambda$lambda.min))
savePlot(filename = "loglambda", type ="png", device = dev.cur(),

restoreConsole = TRUE)

## R covTest WilH p

library('devtools')

install github('cran/covTest')

## coveTest A4 HET LM CRAN |2, WL RH devtools 4L M github | T2
library(covTest)

IV<-student[,1:10]
df=nrow(IV)-1
1V2=scale(IV,TRUE,TRUE)/sqrt(df)  ## #rifEfL A&

LarsCoef=lars(IV2,student[,11])
covTest(LarsCoef,IV2, student[,11]) ## 1154 p {H






