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1 5]

25 k) 7 #E # AY (structural equation modeling,
SEM ) J&/ U BE2E 40 b PRV A% 1 2 ] PR AN
N G k2 —. SEM i Z R S fifi
FEO BRI FE rh o Ry H . (5
SEM Z3 B & 2 g bt i, RIS T 2 A7 i LS A
AR, R (W) AR R B X REE ST
T 29 3 (Lindstrom & Dahl, 2020) . /& % SEM (¥
of Ak, XSRS T A R TR R
faj B By T By A A ( Jacobucci et al., 2016)
AT ARITHNE 24, XERIE T 2S5
FRAIAT B2 BRI R 1 (R8T, 1 1T S B & 2
FERAR NS E i 22 (Hsu et al., 2014; Yuan et al.,
2003 ) . MARFFEER AT LIS EIE (post hoe
modification ) fJ5 R ECERBAILG B, (H21Z07
BARE RSB, ok R ig . TTIE R
FFEIERE PP 5 2255 M 55 0] ( Pan et al., 2017) o 1E
Bt oT Gl = BIS SRR, B UEYE SEM RICR
ez 2BR | (Huang et al., 2017 ) . Kk, W5

[l

BT LG GIRENES AT, DB IK 0 )7 T4
SEHETNRA A, Hh—Fh AT SEM YR
R T B R RS54 7 FEA5E Y (exploratory
structural equation modeling, ESEM; Asparouhov &
Muthén, 2009 ), ESEM #5821 K143 17 ( exploratory
factor analysis, EFA ) J77%iz FFIMEARRY, 7F—&
FREE bk 1 DR SRR 3k 1™ i 20 1]
A, BRI, ESEM A &= L REIRE, Bk
TURSHENARTY, BEINEALSE B, i 35 0L
Az Akt ( generalizability ) A1 7] fi# B¢ P ( Huang et
al., 2017; Mai et al., 2018 ) .

e ARz AR R T, WS T IR 2R
BL#S 27 > S8 IE 4L (regularization ) J5¥& 51t
ORI SEM AHZE A, FEH T IENfk SEM

(regularized SEM ) . 1E W {k SEM [F] i . £5 1 I
A6 J7 1 F0 SEM B s, A AR 24 ) 1 0% 1 i
( Asparouhov & Muthén, 2024 ) . — 5T, HHF1EM]
AT REE, IEN L SEM REASECHE 3K 8l b X =
B T R4a FAlTE, DA BB R 290) . 15 i
FEHAU S EL; 55— J5 T, SEM BER I ik
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AR TR AR 2 I OC R, O SRV R
IENE I FARR RS, A e PRrEe S50t
FFIENA e (RISEIEST ) o XEWETEMR
TR 2 [ R A E SR, TE 4L SEM AT LA
15 BRI ST 4R B — A o

HHET, 1EN{E SEM AHSCHITFF A 7 ik 2s it
B—E B  HAESSUERFZE R HE A RRAET
A3 SR AR A4 YR AN DL 322 JRAE SR B4 1 )
1k SEM J5 i B (AHOCRIR AT RN 5% 1. 2, W
CULIERRE ) B | WFFEaE N i A4 (CF
SCRAERAAIRIE N SEM fii#R8 RSEM, DL iE
Mifk SEM <& BRSEM ) . [l A SO — & k7
SRR, Jf EAERE 3 (W GOEERRE ) B
T T Y AT SCELE L SEM YRR FIRR P .
5, ARSCHIEN 4L SEM 760 B 22055 o T e %
FEMVER BT

2 SERFIREN ST IR

2.1 FERAEIRIE NS5 48y RS A i

A% 5 Ik RSEM (1) S8V AR o5 57 e 5T~ e 2 [l 19
I IENIAE vk . TR I, WA AR T4
el RE S A ad A A8 ( McNeish, 2015 ) , 2k
PUERAIGZ LR 1o IE Ak T 0E S ik i
U4 18] Y 75 9% (Rish & Grabarnik, 2014 ) . &
b A B H 1 e N3 fb T H AR s B I — 1M E
$H, SCELT RgESEUbTE . s TR e R H
(), SRR SR ARRE 1 AN IR BAETT PR ARG
VA AR IE A, it G AN R D REFnE
Pk, BRTHBCA B IE LT 24 Ridge (Hoerl &
Kennard, 1970 ) . Lasso ( Tibshirani, 1996 ) Filg# %
#% ( elastic net; Zou & Hastie, 2005 ) .

AR, WS BB IE AL 7k NP [l ) 3
% SEM, #& T RSEM 177 (Huang et al., 2017;
Tibshirani, 1996 ) . i#it RSEM, #F5¢4 el
B Y (sparse model ) , FfffH SEM H R H AL AR
H A RE)E ( Jacobucci et al., 2019 ) . RSEM &
R IETT R B ABIR 22K SEM 1 i R ABUSA A
TG R, HSBG T e ME I T 005 PR AL
KA

F=log(IZ)) +tr(C+Z™) —log(ICD —=p +P() (1)

oy S AR R B B U 25 56, ¢ o UL £k
P 0 eh 7 2B, p WA B H . PC) =
2, p(0u DMAESII, Horp (6, D IE X S4L6, 14
Tl eRER, T TR ) B I 248 ( tuning
parameter ) o PRASEXT Ee KNSR BRBGHA TAETT],
VI WS E 207 0 o FES SR EE (Huang et al.,
2017 ) .
2.2 B AAYRE N A5 48 77 RRASTRL [ 17
2.2.1 IENEIRZEEN 5704

EFA R REIE 5 T E N 25 i) —Fh
Bk 78 EFA h, JARHRF B v b THEZ
JG— M T EEHEAT IR e, LMER B ) iR
T4 (Mulaik, 2009) o SRT, PTliEe i)
BEPRAFAE D) 253 2 | oA S sl <0
47 2% /R (Jin et al., 2018; Scharf & Nestler,
2019) o ABFFEEFFIENALIH T EFA, LIERIA
THERE R B4 FE (Hirose & Konishi, 2012; Jung
& Lee, 2011; Trendafilov, 2014 ) , HJEA AR S fif
FRAEST pR B T804 S 80 T e 4 (B
F M SHATHE ) , U Lasso ( Ning & Georgiou,
2011) . H i& W Lasso (Choi et al., 2010) . SCAD

( smoothly clipped absolute deviation; Hirose &

Yamamoto, 2015 ) 55, WISRSEELZ 0, AFAnthE
BN TURS BN ch I, SE A 3145
Dy BRI R R 4548 . BN, Goretzko (2023 ) ]
IENfE EFA DMBESER 7 XIRE TRt SRR
T-ZEE

AR LT e 0 i, IENIAE EFA =244 LA
T ( Goretzko, 2023; Scharf & Nestler, 2019): (1)
IENI{E EFA 1) 5 RS R, A ITFE R s R 2%
A BAR BT Ridge A1 Lasso, PRIAE KRB
RS A B 4% (2) 1IENIfE EFA /9
FEFT PRE RS HT Dl i e bR (17 B
WSS SIS UE AR ) Bl #ESR 1B
PIREMT s (3) YRR A A R, ENfk
EFA RERUF MR JFAR AR S5 s A7 AE AR AR
SR, TENIE EFA GBS B 2 R A 45 44
1EN{E EFA A LR PR G O 2 A A B3 1~ F
fis; (4) FEREBMEOT, EN{L EFA R IME R
PR e 5
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2.2.2 IENLrhA 1A

A AT R SR A SN ) 2 Tk
— CIREIESE, 2024) , — MBI ZEHIF T
BRI 1 R BIENE T T 2 =i
TR RESE BTV FE AR i AR PR E . B
A ARG RS IR B ML e v E A8 i ( Serang
etal, 2017) o YAEHAIFE UL P BIF 58 3 ME LA 4R 3
SRS B EE R AR AL RHB I TR AR, Y
(GRRE a1  d a  V aa  VTN = NI 0 s G A Y 1]
NIRRT S EGE UG R, A A, HEE
MSEAL T ICM S Rl REAS ( McNeish, 2015; van
Kesteren & Oberski, 2019 ) , #RZEM:H A 70Hrml #1 7
LSV LELI

E 1 SEHRMER

W X OMAZE, YRR, M RN, e MlEiRE, afl
N R

Serang %% A (2017 ) F] F Lasso F) 748 & &
FEPE, 2 7 T IE N R R E A b
75 ——XMed ( exploratory mediation analysis via
regularization ) . XMed B 5 H Lasso [175% 51 p& O
BRI A RRe BE R TR R B a, b S B TR

(anSRA H R I e g il DI A A, ®

DIEFEAN X SR R A TR ) o YRR a,
bgAr (siH 2z —) B4 2 0, VIR E1E
W RS AR AR, R %) A8 B U AR SR T AE 1)
AR, SR, Lasso f2 {8 T A 2404k 111 0 1k
4, TR RSB TT, PR IR L
P56 W Bery o r,  BIVFE Z 8 rh A B P AU A Bk
PR R ARG, ARSI AT (RIS
BA=0) . BAAFFREY, XMed HIET W E MY
RPN T A B T ks, W
TR P01 5t (Serang et al., 2017; Serang &
Jacobucei, 2020 ) . H AT XMed AMYGEH T2 &# N

HSRRYTEOL, WRERS T T AR S A A AL
FEAE 37w R A, (EENR T 8 4 ( Serang
& Jacobucci, 2020 ) . FESZUEMFSY J T, Ammerman
N (2018 ) B AdTFH XMed N5 ABREER . KUEATH
OBREHAEIN A /AT NHERIAESCH) 46 2R,
REAEAE T LERHHER 2 A H I A Rz
[ TE P AR i, SRR, TEctEreArh, 2
a2 OB RS G2 A AR
AR SC R B4 11 s B3R, T 46 4
A T MR A T A R B TP A EH]

2.2.3 IEN{E MIMIC #i %4 ( multiple-indicators,
multiple—causes models )

TETUAE T A ] AAE MIMIC AR o S B AR F gk
$E7E MIMIC BRI rp | P57 B 22 1S U B Bl £
[ A A PR B TR, PRt MIMIC #5558 S
B pMAS ) CFA B Brown, 2015 ), QNI 2 7w

G G, G | .| G

2 MIMIC #5!
Fe CWUVER, XOHUASE, F MR, ¢ MRS,

55 1E Ak A 45 B A RL, I U] 4B MIMIC #52
R S AR R SEOR A B R B H 1
(Jacobucci et al., 2016, 2019 ) . EARMW &, 1EN{k
MIMIC #AU{ Ff] Lasso a5 X 4% o vk A% i Al AR
T Z A AR REGHA TS, IR B AR R B 4

20, ULHIAEXTRY ) P SRV TR E BRI
WA 5T & 7E MIMIC A58 78U X6 5% 25 P 0 22 it Jin 4%

T RAMCE AR 35 (Li & Jacobucci, 2022 )
M TAES v, 1IEN{E MIMIC R 3TE T2
SEM M5 UEPE D REAE ML 4R 2R AR e R ) B
%54 (Jacobucci et al., 2019 ) , XFTER~% . TAHI

PEEREEE A TR I A AR 1 i,
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IEAE MIMIC B8 ELA AR S R IR & . A0
LA AT A FROE e SR (stability selection ) 51E
WA MIMIC BRI 51, 72 AR B o A b ks
THRILE, [FRERIRR e PE R 4 (Li & Jacobucci,
2022) o WFFEELAFENE MIMIC R0 SRR
RTINS AEYE ST, A B RN PR
A A AR B S AP E 225 (Joshanloo, 2025) . A
A5 E R E N AL MIMIC A7 R FH i A5 5
11 A5 R 1 BT A AH DG AR 15 Bl K-
VER O A &, TR AR AR T AT AR
FEAE S R 25 1) D7 A AR AR & - PR R Z A 1Y)
T EEAE, DAHAREFR BN SRR AR A AR
i X4, ( Gongora et al., 2020 ) . Z5H &P, BEAIRIA
/N (forceps minor ) IE B AR I, YR
(superior longitudinal fasciculus ) i 87K F—Ji A%
J1. AR — AR T AR WA I3k D &
AR, UM A KT n] BE A4S LA
Je PR KRR A Ko
224 1ENHfLZ
Z BRI 2 I 22— A6 3] 1 AN AS
PEMR L, DA TR 0 i R AEAS Al o 2 o2 i 2
A —EOPE el v AR ] AR AT I 4 ¢ (Millsap,
2012) o AnfAlf AL e i) Z2 40 53 A AT i AN AR
¥ 46; v] 2 2 Putnick #1 Bornstein (2016 ) . i f 1F
Mtk Z 3 Bt AT I AN PERG S i, SR 1 oG
T B — S AL, RIE XS AR e AW
P 22 A TAEST], AR EASH A 2= R e R
4540, ULWZSHOE 4 %Y (Huang, 2018;
Lindstrom & Dahl, 2020) . 52U 2, TEHAT
M AYER S, BN ZH i BREE SN 2
e, s TR RS, (B
BAUER R Z A5k, RV —Fhkh 7.
Br T TR A AR, IE L 2 A AR,
AP TR g s 20 25 ot it 22 R oUh, KRB S IE
WA Z A o At T I S AN AR PR S AR L, 38 A3
FERYS MR 5 A 0 B 4 25 St A TS, i
20 25 ARG 0 WA ASAE AR 31 2% 5 ( Lindstrom
& Dahl, 2020) . ffFHIEN b Z AR FELTRS 20 25 57
LU AL TE T S 400 e 4 1) o T 3l R S 8GH
TS, AR AR —SE, IR

ACRE 1P T, O HR 4 ik B n] B o (S kbt 258
WK AT IPE (A8 LEHIE ) o Lindstrem F1 Dahl
(2020 ) $4f FHIE Fb 22 40 20 B 1) 5 Bk R IR
F 55 FIER 25 3 TR 1 X0 1k R TSR 25 ) 1
(FEMRINNA Z 25y Re MU BER DR ) By 3l 2
AN S . FRE LB HEREANE NS IR,
{1 1] Lasso X} S5t 20 22 S A T i . 45 k9K,
bR TBUAZS 5oIRA S X — eS8, LT
A SRS H 2 7R 0, BHIBUAS 5ok
RGP e AR R M 2257 R B i
TG RS T T T 2415007 (R XT 244
ZRWATIET]) , RIMBHWALEHEALEERS Y
R G X — BN 22 57 KNk .07,

3 MHTIEN 4k 254077 FE Rl

3.1 DUt N b gh ey R AL T A

151 SEM FZAEMARAEIRIHENS N i Akt
PRI E AR 5 75 7E SEM. HR (1) FHATFZEA B 22 M e 5
HREZIRAHELLE T & FF (Jacobucci et al., 2019; Serang
et al., 2017; Serang & Jacobucci, 2020; Trendafilov,
2014) o MHEAURZEIR I, DA eV
A, BRI AR, B4 & A%300
Segn A B AR A S E T e (545,
2019; Holtmann et al., 2016; McNeish, 2016 ) . Dl
DRI IR AR RIFE T, R R AR A
ZHENETE, RIEHEARSEUGTT SASE 1
T P AR S B LA 5, 43 Fr i E
SRR BIRAMSBE G (k4% 2019)
DU e 107 1 DA 38 o X6 2 006 N R 46 52 55 ( shrinkage
priors ) , BF A&/ BY LN 18] 0 K 45 (van Erp et al.,
2019) o HARUL, 173 S TR IR
IENE 72 AT LG AE

PL(0) = LL(O) + P(") (2)

Hrr, PL(O)FILL(6) 43 ) 2 7 48 311 5 A A& 51
HTA R EUAR R A, Hrp PO OMRAETT R B M
VUM HESR TR, X FREIAIM, 8005 55
A p(Oy, M)[a] ik Bk H 56 5 p (0| M) FRL K 1R EL
p(YIM, 6), R4 p(6ly, M) « p(y|M,8) x p(6|M).
W, %k LSBT 55 0 A O R S AT AT A

log (p(yIM, 8)) +log (p(61M)) = LL(6) +
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LPrior(6) (3)

Horr, LPrior (8)F /R UM 02 5 19 S5 56 7047 o
HICAT UL, 7EDURHITHESE TS, X5 S 8cE i 4y
SER - ALPrior (O, BN 5 A SE 55 20 A ] LA
R FIRZRE IR BAESTIP (OZEIYEM (Pan et
al,, 2017 ) . BRSEM HrAN[R] i) 46 Sc i A 36 A R Y
DIReAREE, W WA JT A DLt Ridge SE5 (19
B4 0 2/ N IEZS e ) |, DT Lasso S655( XL
FRECES ) |« DU R 2
3.2 DI NS5 4 5 R A Y 1
3.2.1 TG FARGE AT M 2R

fifizy BRSEM [ & &, —SLfffoy 3 1 4f OC i
7t SEM H R, DA T T A A R v — 2 35
HRYZIHR S5, i1, Muthén F11 Asparouhov (2012 )
XF 58 A B SEBOE AR 0. T5 2/ N IERS
S s (Ridge i) Rk B EMALAIRCR, il
B TAE5E CFA BT A 28 LRI E Sy 0 BRI
4 Lu%$ A\ (2016 ) F|H SSP ( spike-and-slab prior )
10 14 55 BSEM Hh 4 Ridge Je 86, AT LLFE — WA
THH ] i R T AR B AR e PR A SR R B
o BT RFa b iy se g, DU e ks
AT TS T )5 22/ R FA 8ot 2 PR
Pan 55\ (2017 ) #2151 4%F CFA (1) D1 bl oy 22
Lasso ( Bayesian covariance Lasso for CFA ) , XJ[H-F
LR R 25 0 5 25 DT ZE A B IR 3 B E X F 4ot
FN OB B A e SE B A% 25 AH G I IE Ak, 77
SR T EBR R R RV E AR, DRI TR
Ty ZEHE R E P, S T T DU 5 25 Lasso
1E CFA Wiz [, Zhang 25 A (2021) #E—IF%
T R { blcfa (Bayesian Lasso CFA ) , M i A 52 8
— R RAE IE, Pan 8 A (2020) b iE—2%
DUm-Hr Lasso f1Z£ )2 CFA BIRUARZE &, T0E 1 1&450
Z )7 CFA X7 22 U7 2255 FER BRI, i MR
IRV 25 T7 25 W T ZEF B AR AR R AR X F 46
JCER, M ADRE R 258 ) MR R A E IR
MAEF G FRIT R MAEE, Chen 5N (2021 ) FHI N
T Lasso RIS 1A GEMAR2- IR %) CFA 38 X fh
AR ZEACTT R, 425 74T CFA #1 EFA
B #F 4> CFA (partially confirmatory factor analysis,
PCFA ) , FUVFHFE # FESE M FR R E Z AR R S

BRA] AR eI 5 B T R I AL, &4 CFA ILA]
DATEZ 4R350 H O BV HESR T X 73 SR 7 A
b—2, Chen (2023) 4 H—FXUZ DL - i
7T 52 AR EFA, il 1 DA 1Ay 23 5]
AL FAMAIKY, SEIRB AR A Y R 4%
8.2.2 JHTEXS TAVEMER L

e BEAT A2 IR 9 7 1 08 D £ AN AR M Y A 5 2
TALEG A . . SRR A% (Putnick &
Bornstein, 2016 ) o SR, X 46 #5 2H ANAR 1 1 PR il
TESEPRIFTE AR EAN BRI L, T3 SR ] R e 5
IR — e PR, X —d e o BB, nlhE
Four s A (R 22 S A AT LSSty 1 28
REDRRAE (REAESE, 2021; Marsh et al, 2018)
hy fifg DA% B8 D 5 AN 78 R A 56 1 JR) B, Muthén I
Asparouhov (2013 ) I DLt H7 = 4k $2 1 i
Il &5 AN A2 P4 (approximate measurement invariance )
M, IR SR A 25 St R4 Je s, A
TR LA 58 7 R I AN AP P A R anA T
58 # 1z ] BRSEM Xof 27 A= BRI A (i W0 2 4 174 10 o
ABVER I A TR S, Al TR A
MM IF ARV P —E R IAES L, N
TR 000 AN 8 e A ) A R o] (TR R
2025) .

B X6 2 AN AR R v, DL P S0 o )
AR AT DT T T30 S % 85 TRt 8 I AN e g R A

( Muthén & Asparouhov, 2013 ) . 7E X} 18 &5 £ 38 19
S3Areh, ARG IR B T BRI A Y
SRS IS RS, (XA BR I AE S PR o AR v]
RERE T, HRn R AED & if [H] SR Z R B0 o
Liang % A\ (2018 ) 7EZ 45 s H [0] 19 58 S ) 15 1
( multiple-indicator autoregressive cross-lagged model,

M-ARCL ) HIHEZLT, I H] UL i $8r Ridge S %k 5
IR e i N1 1 et = o R e o PSR
F R RERA 8] % 4= 192205, M-ARCL AJ LA iR
HHEEAS ) R SSOSEATAG T
8.2.3 I DA S 1 ] A e s nie A

— LRI A DL 30 T D A Ty ik i i 228
ARSI E 0 Feng %A (2017) 45401
-7 3V Lasso i 1 248 5 ) SO L FESAY ,
AR AT AS B ISR T, Kang 55 A (2022)
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iz FH DL T Lasso b B &5 4 008 D8 7 I i 2o 5
T RZIREC R, sKkI4 (2022) iz DL e D)
& MIMIC B 9E 47 PpAS R a6, (W] R DLt 3 1
WAL A BRI 22 0] DI B AR B 1 L. ESC
ML, Jacobucci Al Grimm (2018 ) 7EMSFEHE K
it 2 A A r (R DL i 7 T DU Ak 2 A Xk J L e 132
BRI L R P i, B B SRS ]
REAFAERY S EZGON | fHRIC AR SE, Brandt 32N (2018)
## th 7F SEM 1 F] A aBSS-lasso ( adaptive Bayesian
lasso approach with spike-and-slab priors ) IR 5 AT fiE
FETEM St B AR LI 800, B 5T 25 SR 3R
AELE IR S5 48 7 Rk LA SR BR ) 1 A S B A
BRIR G Z R BIEA G AR, [FEMEEILL
PERYSEIE . aBSS-lasso (Y SMA R BUARXT AL, 4551
SETESHUR B B AR 0 BT, 1l H. aBSS-lasso
MRS B B R R RCR, B A
T E (Brandt et al., 2018) . HEy, DIA-HErIEN]
fBTE SEM Hr iz O T i 5 e B R R B, ARk
A DLk — 250 DUt 07 TE W AE7E SEM. Hr 5T 22 (1) )i
FHAC

4 SER SR AN DU H IE ML 2549 7 IR B R
2R3

RSEM 5 BRSEM A Jii (%) X j|#E T, 7 RSEM
BT PR AN I B i dee MBI R ThiTE
BRSEM H, FEST] S 5603 LK B DL SR 1 LUK A5 I
4345 (van Erp, 2023 ) . 7EM FH F B TR AT LLSEER
A ifie (PR, DVERSE) |, FFEATROE
fr e AR E S EE, DRSS R R, M
M, BRSEM TR S A% Gt K143 By 1) 29 ORI
AP Ty A B S vk, I H BRSEM 7EAbEE
IINEEAS IR RN 52 2R 25 B S

TESCPRaEA T, SR IENA AR L,
DU ENfb /e SEM fh B L8k (1) AL
X SHATF R B bRERAG TR RS T (C5R4
4%, 2020; Kyungetal.,2010) ; (2) #AE IR,
A TR 2R IE WAk Tk ) — S 2 SR 45 (Park
& Casella, 2008 ) ; (3) FEIZ ZAEAI rp R4,
THAE G BRI S (Jacobucci & Grimm,
2018) 5 (4) AL E XS EOE B e 1t T

flitt, AFFEH T BB RS (Kyung et
al,, 2010 ) o TR 5 VA TE R SRR [ RN AL,
FERMTH R GEIRTE D, DR A IR B 7 1] PR
RIS WA e B 3 22 YR () IE AR T 5 (Jacobucci
& Grimm, 2018 ) . {HAEZHOESFT5 1, —LLLntH
IE AR R 4 e s AE AR e PR A S5 T By R B
SRR AZ B R B A RZ IR, T H T SR
B NG —H) 7= W, (Piironen & Vehtari, 2017,
Polson & Scott, 2011 )  TiAPR2AIR A IEHEES T HR
P EMAREDEA TSR, hESR 1 DU IE Ak rh e 5
PERER UM . PRSI T, IR eE R IE AL
(A S B A DL B T DU A R SR AR, PRI A DL
Hr 1E N AEAR BT 2 IR E WA 35 58 205, 3
R RN 52 PR

5 itig

HET, ENAEREART NP ERIRY R 2
AR, ) LR PARAY ( Friedman et al., 2010 ) |
2553871 ( Epskamp et al., 2017 ) . Tt H J i FR{EHR
A (Cho et al., 2024; Sun et al,, 2016 ) . MR AR
WA (Adjakossa & Nuel, 2017 ) . 2R, 14k
75 SEM HY R FHA MIRIE D . EN{E SEM 454 T 1E
MIAEFN SEM B34, A0 rh A AR T
I F4 1 FH I 5

TE Ak SEM Y- i A5 8 U145 FIAS R 5 e P 1) A
P SRAR G U E FHR RN E S 5 I Je i A
IE Ak SEM — 5 T A i s 0 /N i R AR ) 0 e 4
KA B R R HTE RTRERY 5 —J7 1 ] 3l
T EHR IR B0 ) S EUR A0 KA B LIS TR 73 B (3R 2
AR A R A . eAh, IEN{E SEM HAT
APz ALRE T, XTE—E R FA B T O3
SRR AT EE Y, IEN L SEM T 1 46 ik A
BRI LB Z5 48, FIEE T USSR AR
FH TR s SEE , TR —Fh R
H) 77 48 A ( Chen, 2023; Chen et al., 2021 ) , 7
TR EABRM A,

HA AR S e B IE W 77 25 (40 Lasso )
TE = AR ) A B A S R T A (8507
BAERE RN A 3 278 B 25 5 B IS B Ak
S ) (van Kesteren & Oberski, 2019 ) , 1 1E M
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1k SEM Rt e R X B s A TR 2, XS AR
HEATRE T, Tve th A Gt W E A i
Hop 2 DL 3T TE U AL SEML T Sk 18 R A B A S A oY

(Jacobucci & Grimm, 2018 ) . P& £ REF AL
KB, AENREEE LTS8 g fe o
S0 RRVEN 1w 1 UM 17k D) R 3 €7 S S R D 2
Bt . R ARIERIB ER B AE, IENIfk SEM X}
T ARSI A A R R T (AR AR O 2 A 5 P L
A H RN T .

IENfE SEM i f (it RS E R R HT LA, HilE

W ZBUE SR ) )7 AT AME IE AR e, Ak
WA ZEALERENM RIS (i g, &
IEFRE0) o X— e F 8. MIMIC A8
BRI SERLRY oh 2 r 92 (Jacobucci et al., 2019;
Pan et al., 2017; Serang et al., 2017 ) . #Rifi, HAIM
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Abstract  Currently, most researchers rely on confirmatory structural equation modeling (SEM) for their analyses, which involves constructing
relationships between variables or constraining specific parameters based on established theory and prior knowledge. While imposing constraints on
parameters can produce a simple and interpretable model, excessive constraints may lead to model misspecification due to the inherent complexity of
human behavior, potentially resulting in poor model fit and biased parameter estimates. The lack of theoretical support in new research domains also
hinders the effectiveness of confirmatory SEM. Thus, researchers should consider adopting a data-driven approach to identify models that better fit the
data. Data-driven exploratory approaches are associated with a high risk of Type I errors, making them prone to including redundant parameters in the
model. Regularized SEM not only supports the exploratory process but also delivers a simpler model with a good fit.

In this study, we summarized the value and methods of regularized SEM, including frequentist and Bayesian regularized SEM. First, we
reviewed frequentist approaches to regularized SEM. We introduced various regularization methods, including Ridge, Lasso, and Elastic Net. We also
listed the penalty functions of commonly used regularization methods in Appendix 1. Additionally, we summarized the applications of frequentist
regularized SEM in exploratory factor analysis, mediating model, MIMIC model, and multi-group model. We then discussed Bayesian regularization
with shrinkage priors (see Appendix 2 for details), outlining their developments and applications in factor analysis, measurement invariance across
time or groups, and variable selection. Second, we compared the advantages and disadvantages of frequentist and Bayesian SEM. Compared to
frequentist regularization methods, Bayesian regularization offers several benefits in SEM: (1) It allows for effective standard error estimation and
interval estimation of parameters; (2) It provides greater modeling flexibility by relaxing certain constraints imposed by frequentist methods; (3)
It performs better in complex models, reducing non-convergence issues; (4) It allows the direct application of hyperpriors to tuning parameters,
avoiding cumbersome cross-validation processes. Some researchers have argued that frequentist regularization methods were preferable for simple
models, as these methods demonstrated superior performance and required fewer computational resources. It should be noted that the performance
of some Bayesian regularization shrinkage priors in variable selection and parameter estimation can be influenced by the choice of priors, and there
is currently no consensus on the specific settings of these priors. In contrast, the adjustment parameter A in frequentist approaches can be selected
based on objective criteria, thus avoiding the subjectivity of prior selection in Bayesian regularization. Finally, we discussed the advantages of
applying regularized SEM: (1) regularized SEM enhances the reproducibility of psychological research by improving generalization; (2) it effectively
balances exploratory and confirmatory methods, making it particularly valuable for scale development.; (3) it performs dimensionality reduction on
high-dimensional data, simplifying variable sets and identifying statistically significant variables. Moreover, if researchers want to focus on both the
presence of the effect and the magnitude of the effect during the exploratory phase, they can refer to the logic of relaxed Lasso in XMed. In the first
stage, regularization can be employed for model selection, while in the second stage, traditional methods can be used to obtain parameter estimates.
Regularized SEM also provides a novel approach to model selection by enabling model refinement and variable selection through parameter shrinkage,
rather than relying solely on traditional evaluation metrics. However, it remains unclear whether parameter shrinkage methods are superior or inferior
to traditional approaches. Notably, researchers should be aware of the bias-variance trade-off when using the regularization methods. We have also
compiled a list of currently available software and packages for implementing regularized SEM in Appendix 3. We hope to advance the application of
regularized SEM in psychological research.

Key words  bayesian regularization, frequentist regularization, regularization, structural equation modeling



