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AV A B (moderated mediation model)
R AR X @b i MR R Y R
e, iR S R M— Y Z BT R Z
Y7 (Baron & Kenny, 1986), & 1 EHAIMEEE ., R
P rh A R B BOASIR), A R TR LR ] )
AR FE AR (X MYBTA AT R A | R R
BM—=>NBIET R | FE B (XM F M—Y)
R R A RSB, 508, 2014; Edwards &

’

c
(b) ZIKFHAR N F %R

(2) BLZ AR U E)

BT I AR 0 AR O 1 B A R e ]
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Lambert, 2007) . fz— % AR Y & o A0 B2 A9 RS
P R B A (X N AR B T (L 1.

H M Baron Al Kenny (1986)#2 Hi 4 ¥ 45 f) HH 4
PIMERS, A B TR A RO B o B v T R R
I R RO Z — o AT By A 2OV ) 3
ke e N A wth R B KRB (Or AR A,
2023; Hayes, 2022), M A8 i3 J@ B AR B (OF 7R,
B, 2018; Cheung & Lau, 2017), M 2%
(HP A% % 4%, Edwards & Lambert, 2007; Muller
et al., 2005)#i & £ 22 7K - K 4hs s 1] K3 (D 1) %4
P B B ]S ¢ i TAMA j 20K EdE, I
K1, A, 1REE, 2023a; Bauer et al., 2006), {H¥
A B PR RGN ] A BN 3 B IR A AE AN R
B—, B % B (intensive longitudinal data)
A I A (LA R AR T8 09 285 SRR B )
BN A AT T . B, B B9 TR BN R A L
N3 AT 7 1 B S 1 2 ] IR IR] S J5 DG &R, Mk L)
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AT MEWT . A SOy H By, 4% s s e )m
IR ZR AT VAT 1 2 BB B T A SO AT T i T O,
IRVPA PR T B9GN] b A RO8E 3 A 1 24 R 5 AR
i FH sh 25454 5 FE A% AU (dynamic structural equation
model, DSEM; Asparouhov et al., 2018)& A4 #% )2 2
ARG 1-1-1 2-1-1, 2-2-1 B ARIBER A AR
(CABTFARIANKR A& A AR R A AR i, %L
T LFRRZE 1, BT 2 FORIE DMBIZE 1 AR
M 1-1-1 BB DB, 545, H— DI
FEPEAS A R 5 1Y %% 4238 B rh A BT S B I Y T
Watk. B, H— sk = e F  sh 25 2544
D7 RS HEATA PR 1 B AR B B TP ROV AT . B
Jea, e T AR A AR A BR R A BN o B T VA Y
W

2 AT A SOV S B Y 2
AT 55

S—, BRI B AR E B D A RO S B 7
o UTAESK, R T ) o BB A TR BE T LAY L,
FLA R A 2 A50RE RV TR0 i 22 AR a5 1) 5 4R B R AR
P e O B A AT N BL A b g T R B 2
(Hamaker & Wichers, 2017; Zhou et al., 2021), W5
HH I HACEE | 250 BOURE A 25BN PE A ik g
1) o FF [ 6L (LA /NS 60 5 Ay B ) L i A T i YR
Z(ZD 20 WMEEBEEIECRE T 4F, 2021;
Collins, 2006). {HANfT AT H16 B2 BE 7B, F
FERAL TR W B, AR E S T % 8
BRI A8 73177 2 (Fang et al., 2024; McNeish
& McKinnon, 2025)F1# 55 & i 43 M 5 1% (Speyer
et al., 2024), {H AR o A 38007 FHE 5 800 B A 7
[f] — AR b JEAT A P B R A RO e, BN

N==S
HRE.

B, MELLIEAT D I 1 O AR A DR R T
I\ 1) B 8 B A 78 k22 (8] A I ) S 0 W, XA A
FT AR WT Y, (BB 7387 07 2245 A5 0 55 Y 9\ ]
TR RIOBE 25 AR TR Y 22 KPR A RO R AT A3 B
Foiksh, ©A BA T A m b R0 53 B 7 v e
H G\ ) B B L 2 B R] 5 (0 T AR G) I 7
JER L5, A 2 K188 (multilevel model) Fl
zﬂ(qz?ﬁ*@f*ﬁ’ﬁﬂ(multilevel structural equation
model) AT 43 1. 40, Lischetzke %5202 1)fE T
313 Z90x, 4 gaE SR 18.89 KK
SEIBEREE, 1 2KV 8540 BSR4 T R

157 (calmness in the evening)fE % K 1) & /7 (daily
stress ) F1 45 B %) B HIS B 1 (nightly sleep quality)Z 1]
A 1-1-1 AR, LA KRR R T 1A% 25 531k (daily
negative emotion differentiation)X} 1-1-1 H4 A A2
PSR B IE RN o A I 2 2K A SON R A3 AT
T H(BI Z 7K AN Z2 7K - 25 18 7 TR A Y ) &R X
& T AR HE A B D OC R (X My — Yy, T ARER
Je o, W 1(b)), B IEAL R 2 ] (4 D iP5 &
(W Xy — M), WA AL [A)— A% 5 {1 5 D 4
[B] 25 (A0 Xy, — X)) B9 F 181U 2L (autoregressive
effect), ARHREFL /248 % 4B LR BRI 15 B . W RE
0] RPN S L i ) RN NG e I RO
[ )5 OCR), i FH Sh A 454 75 R B k4 7 A7 0y
(9 A B8N 53T

ARG T RV S T 2R | B
GRS (BTG A AR 5 04 B (8] 515 J5 0GR ) FZ #4) 5 FR A
#) f), # (Asparouhov et al., 2018; McNeish &
Hamaker, 2020), ‘& RETEARNIKF-(Z DFIASAR]
A2 2) A B g Ass, DA B2 4 38 B U 1Y 22 K
TR B REAE A A 7K T A8 AR 1 (1% [T Bsf
PR, LIRS 48 R 5 Y sh B ek o Ak,
SIS T R RSR DU B A 3k, AH Ee Al R AL
SRA T AT LA ST 52955 M Ak 11 2 800 B AIL SO0 (n 228
YA AR TR 22 5)

3R 2 RS E A
B A3T

31 HE2ZTEATH LI-1-1BEEBEPFNBMN

S

B ASEE R 7 R Rt T IRy 2 8 B R B A
J2 0 Sk B[R] 85 ()RS T AR () Y T 2 R S 25 4 (UL
Kl 2). BT, AV kA s R (ILIE 1(b))
WAL 2 W20 [ ARt rp A 728 R R A e 0
TEJZ 1, MR AR B CE 7E )2 2(Bauer et al., 2006;
Zhang et al., 2018), filllll, Zhang %5 (2018)MfF 5% T &
K TR 45 (M) #E B RIEAZ 1 1R 1 (X)) AR R 1Y
B (V) Z ) 1-1-1 BB E PR, H%
FET W 2 A Z, (MEADIEATY 1-1-1 AR gD
RN, B2 2 AP 1-1-1 BB E AL
BT I BHR R BN 1 FR . AR X, PR
M, MRAR R Y, BERE AL, SCRER )25 1k,
S AR, AR Z BN, SRS [E]

A, JE)E 2 A
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Kl 2 TR BRARIAN R ZE 2 AR &A1Y 1-1-1 B 48 B A B E
(X4 B Fang et al., 2024)

F1 HE2T=RATH 1-1-1 HEEEREHN
SN 53 £ B9 2548 71 451 (t=20)

AMEG) WA Z X M Y
1 1 1.21 0.39 1.99 0.85
1 2 1.21 -0.43 1.97 1.69
1 20 1.21 -0.89 2.10 -1.68
2 1 2.10 -0.78 0.59 0.83
2 2 2.10 ~1.12 2.22 1.67
2 20 2.10 -1.13 2.45 -0.84

. BEYR H Wang et al., 2024

i FH 21 285 235 /) 77 REASE 8 A A 1) T S A R L
FEREAREREZE 2 2 i Z TR 1-1-1 AR g
BRI (RS 1, [ 2)0] /8 M (Fang et al., 2024):

JZ 1. Xij =P Xy +éxg (1)

M = BrpM(_yy; +a; Xy +Emy (2)

Y = ByYiy; +biM Gy,

+CiX (g, HEY
(3)

JZ2: Ly=Ilx+m; by=Iy+dZ;+w;
by =ly + fZj + s “4)

a; =a-+ gZ‘/‘ + U7 bj = b+ij + U8

ci=c"+hZj+ (5)
By =Px +uaj Py =Pu + s

By = Br + ey (6)
log(G)zg) = x + ho log(aflj) = oy + 1)
log(oy;) = @y + w2 )

R, XS MG YS 0 F AR ¢ FR R A R

8 Ly Ly F1 Iy #4708 A8 5Pt fh(latent variable
centering), RfI

Xj=Xj—lg, Mj=M;—ly, Yj=Y;~ly (8)
Hk, WARR X, M, MY, 5wk a Ol 2
M ZET), B AR 5 (Ly o Ly BT L)) RS Y 0
ARt (X . M MYy ). [RIEE, Xy =Xenj— Ly«
X(may; = X2~y MGy, =Men;—lhy M
Yoy, = Yoy —ly o 5 WASE UL E, AR
AL BEA B e IR Nickell i 2= (B A8 & po bl
[B] U5 % g 7= A £ 22 i PR 42, Asparouhov et al.,
2018). By By B By 3o H RIS, B ARS8 &
5 B A] SR (BT 2 A7 T a0 by Fl ¢ s
JE RN (lagged effect), RI4EH| 1 b —mf 2 i 45 2R A%
T A GRS (R A EERON ) S, T AR X4
A DI (A 2 AR ), SR R
HBE AU 11 < 2 250 A2 48 78 B 22 18] Y i IR 5 e (R
[T PRGN, N TG R ) o exijn eany F ey FR2N)2 1 5%
2, HARZ 1 3R 2Z M IES I3 exy ~ NO, o3).
eug~NO, oy )l ey~ N0, 03,), 0% o4y Fl oy
NE 1V BREN T2

TE)Z 2, T2 1 S8y by Ly By~ Buj-
By~ aj. by ¢ oy oy Flop ETT LB BEL
RO, BPJZE 1R SECE AT DA 2 /R AR (Pl T
B 2507 2% 0')2(]. . O'flj il oﬁj #B 2 AR B, R IORE
log( a)zg)\ log( o-flj YA log( o-% WERZ 2 BHAL i),
B IR RIE XL RE(D~(7). Hp, Iy
Lus Iys Bxs Bus By a. b, ' . wx. oy fl oy
INFTA R E, 1) ~ oy Ronik2e, REFDD
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PR D g P R FR B o U B BEAILRON e T % %%
SRR S EN AR AR

J18b, RGO RG)EEI TR AR R Z AR NE
2 [, UL, Z )85 %00 #5215 2 (cross-level)
VAT RUONE o BB, A rb A 280 (BRI 5 A8 1 BUE R
Z W RO, U 2R RN A

E(a;b)) = (a + gZ)(b + kZj) + Ta,; €))
Hrp, oo, 42 00, Fl ow, BT 22(EBUE 55T g
b, (H )7 2) (Bauer et al., 2006). % Ejgi(ab) il
Eiol @b I Z; N Zyign T Zigy, B B SAF A 2800, 40
R Erig(ab) = Eip(ab) I IX A AN & 0, I3
N A BN AZ B Z; ()85 (Edwards & Lambert,
2007). JiAb, SAFEIERON (BDIEE EBUE Z
B ) BN, AT 2[R B 241 Sk

E(c))=c'+hZ; (10)
WA h XA ITEAEE 0, BhEm U Z F
Z; WY RAT (Hayes, 2015). A0SR ELEE AR A B, )
FHITRS)I hz, BRI 2 H Z— o) i) RImT

T AR HE T H A B AR R A B AR (R A
2), W EH RSN kz, BRI 2t Z—b; B #%AR)
RIAT o O Hsf B S5 A H A 28007 B 341 R

E(ab)) =(a + gZ)b + Guyp, (11)
2R gb B XA A ELAE 0, 50K 7R oA R0 i i
e A2 3 Z TE AT (Hayes, 2015); dnsg =y o
A B G 2 AR R AR (R 3), U] 2 b R (4)
) dz; T FEG)H gz (BIMERIE 2 o Z— 1, F1 Z;
—a; A RITT o R Y 2% A Fh A 35500 A 2N

E(ajb)) =a(b + kZ)) + 0u;p, (12)

lwZ,

Xz

GoY

Y, 21
E B
(®) !

WA ak BTG 0, BEFoR h AR 5
AR A2 3 Z 1 1E 5 (Hayes, 2015)
32 HWE2TERATH 2-1-1 BEBEF N
T
I B s AT DR Bl S ) 728 A 1Y) 2 4R 3 R R,
A LUR AR AR fR Y2 2 A8 5, N, McKellar
Hl Wang (2023)HF5EH, EHIRY A28 & X 227
(127 2] 7 2 (T T T 27 > R R P 282 2] ), mli e —
ANBERT [ AR )2 2 A8 4, McKellar Fil Wang fiff
FH 2 /K- 2540 Ty BRAE AL 22 52 1 5 28 D %) 4 R BK R
(M) TE A1) 57 2] O ) A K5 T A (Y Z
[ f 2-1-1 BRI TP RO . (S A5 7 12
RS (AT JS B8 AR I B B AR D2 2 8 1 Z 81
f 2-1-1 HR A BRI (B8 4, 5] 3) AT 7R A -
JZ 10 Mj=BuiM(, ), +emy (13)
Yy = :BYJY(i,l)j +bWJM(C,,1)j 20 (14)
22 ly=Iy+aX;+dZ; +gX;Z;+m; (15)
ly=ly+c'X;+bplyj + fZ; +hX;Z; +

klyiZj+ 10 (16)
by =bw + s (17)
Buj =Pu + w3 Py =Pr + (18)

log(cy;) = v + 1 log(oy;) =y + 2 (19)
A2 2 AR B E AT A 1-1-1 Hh A R0 7 (]

2), B2 2 AR 2-1-1 BEAEL(E 3)E I = A4
Ak, F—, PARBNZE 1 (X, M~ Y,) B8 T
JZ 2 (X~ ly—ly), PIE 2 2T 2-1-1 T
ROV PR bR 2 AR E 2 RN (X Ly

/@

B3 T ahaS i r BRI RY A4 )2 2 A8 R 1Y 2-1-1 B30 IR b A A5 AR ]
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Iy))o S, VAT 2R P 22 98 15 000 A8 B T[] 22
TN . Mplus B 1T LA #:H H “define” 15 A1) A4
BRI Xz, IR k£ 7 Z, 5 A mip2fe 45
(X L) VT 32 B A (XG> 1) B VR 35 R S0 M o HL
Mplus B H i o A R 1,2, (KR
Mplus A4 B il Tk B A s 18] 3 40 A% it 1) )8 7
T, 17 Ly B IR] 8 AR 1 M, B — 8B 48), ki Joik
BT Z XA IG5 2 BE AR (L 1) W TR 75 3800 53
Bro 5% Speyer 55(2024) 2 H Y2 1 1Y 1R JZ 5%
BT, T2 2 B EZ VR RN 0. Bk
Hb, SEshIE My, RIS E Ly, B2 IR —
AHRY)ZE 2 AR 8 B M (Mplus B2 UL R 4% i B
%), SRJE R “define” A H I 1y,Z; (LyZ=
B_M*Z), XFERUATLAHEAT Z XA I 2P A (L —
L)W AT T o 55 =, R a M by RTEJZ
2, NAFTE oo, Wi, PHBLEAE A 800 A8 N (a0 +
8Z)(bg + kZ)), A5 HERNAT R ¢ +hZ;o X F
A 80N B OUN 2 A5 52 B Z PR R 3.1 T
FHIA] o NS BB AR AN, W L B (16) 1Y
hX,Z; MBI 3 o X, Z— 1y WA BRI AT, R 3
A BT B AR RN B AR (R 5), W) Jedi Ty
FE(16)Y klyZy MBRIE 3 H1 1y, Z— 1y A2 BIAT
T HE S A B o AR R R B AR (B 6),
W L3515 dz, F1 gXizy BRE 3 Z—1y,
M X.Z— 1y I EEAR)RITT
33 #WE2TEPTH 2-2-1 BEIBEF N AL

S

1E 2-1-1 BAEBE R ABA T, LA g2
ABERT AR JZE 2 Ak, HHE—25, QAR AN
AR AR T LR ANBERT R AR L2 2 AR, BN,
Talty £5(2023)%%¢ | itk 5C R (M) TE M EE TR 47
X)) FIE AT 25 () Z IR 2-2-1 25 SEE B R A sk
Mo HHF 2-2-1 BB ER T A8 & AE7E)Z 2 (Fang
et al., 2024), KILOF5EE Al LI —20 40 Al )22 2 A8
WY 2-2-1 BB AR . AL
D7 RSN KA 1) T I A R L B AR )25 2 AR
T 2-2-1 AR AT (B 7, 18] 4yl 3R

JZ1: Y= PyYiy),; +ev (20)
JZ22: ly=ly+bM;+c'X;+ fZ; +hX;Z; +

kM;Zj + w2 21

By = Pr + s (22)

log(y;) = @y + 2, (23)

M, = Au +aX; +de +gX;Z; + e (24)
Forp Ay FORIREE . SR AR N (e + gZ) (b +

kZ), HAERUNN ¢+ hZjo XT3 FE Bk
IO 2 7552 3 Z; R I T 3.1 A A o iR B
PRGN K77 B 21D hXZ, (MR & 4 Hh
XZ— 1y W BEAR)RIAT o G R SRS vh A i i A
B AR (BER 8), Wi HFRQ DI kM;Z; (MFR
Bl 4t MZ— 1y, B A BIRT . 2 L i 1Y
J5 2 AR R R PR AR (RS 9), T Je iy FE(24) 1Y
dz; Ml gX,Z(MERIE 4 th Z—M; Fl X,Z— M, 1) #§1%)
Ry,

Y, | 2

Kl 4 RTEhaS Sl Iy BRI A A7 I Y
2-2-1 FARIBER A B K]

4 U= 1 AEATTRESEBE P
RN 3 AT

HAR g AR MEARE T, IR s —
AR )E 2 A8 (A0 2-1-1 F1 2-2-1), WA 3508
WE K HEAEJE 2 KSF-(Preacher et al., 2010), K,
FDH AR R 2 AR i B AR R A SN (A
2-1-1 F1 2-2-1) A e 2 2 A S JH T (WL 3 A 4),
fHI2E, 1-1-1 A B R th A BRI L BB D2 2 A8 5 iy
(WL 2), b fep)= 1 A REIE Y o AR B2 1 2B
WG L A%, AU SR E 1R AE 5 Z,
O3 AR T AR B (1) AR N T AR 1 ( Z5 ),
ERAE ROV E)ZE T MFEZIESY, 21 MEE
PRI TS RION 43 BT L 2 0 00 FZ 2 19 [R]J2 985 3%
NS HTHRTE A 2 o ELRHE, (R 2R R0 TC iR
B E VRO ARRE U Z P8 XM, KR,
B 1 RRX 1My R R a) BB HBEPLRRR,
BEMLARPRIE)ZE 2 o A, ABENLRPREXT)Z 2 17
WASE Z; B E PR AL R I, 5, IR
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8%, 2018; Preacher et al., 2016), FLLZ 2 HI[F)ZE
VA O T Xz, ), 2 1 IR
@B‘Jﬁﬁ%lﬁﬂ?)&tq)ﬂ(ﬂy (%%ﬁ? Z(t—l)jijﬁirj‘)((t—l)jHMtj
KR), J2 1 1 [E)JZE T RO 73 B i 5 7% JE
T IGR IF[R] S F5 TR, R 5 I — i L PR A 4
HI 2D —ANIpEl e . PRt, S 1 TR A AsE AR5 T 2
fift, X BRATOOTIR AT PR H)RE 1 285 Z, 15 1Y
1-1-1 B ER TP A BEAY

Lischetzke 55202158 T 4 B 1) 7 # (M) 75
5 I 10 7 (X) 6 4 R B 5t Y,) 22 1 )
1-1-1 #ARBEER A RON, IF%5%5 T R-ER R (R
Z R 1~ B B8O 1785 Z, (BRI
PEIE L 0A0) AT 1) 1-1-1 B A8 R R A0 o 1]
SASGH T B A AR B AR R 1 R Z,
P B 1-1-1 3 A P e AR R (RS 10) AT el -

JZ2 1 Xj=ByX( ), +ex (25)
Z§ = B4 75 1y, + ez (26)
My = PriM ) +a; X, +
djZ i1y +8i K (o) 2y + My 27
Yj = By¥iy + My + X (o) +ev
(28)
ZE2: Ly=lx+um; hy=lu+w; ly=l+m;
lzp =1z + 7 (29)
aj=a+p; bp=b+psj c'j=c
dj=d+ms; gj=g+mj (30)
Bxj = Px +paj  Pup = Pu + s
By =Pr+psj Pz =Pz + o) (31)

10g(0“f4,~) =um + )
10g(d§j) =@z + 1)

(32)
FEREAL A — PRI Xy, Z6,), ), 12 Mplus
A H TG B A B R A0 AR B A IR I, A
SRTCTE LA TR RN S B o AR —20, B AR
TN XG )26, VPRAFAE R DALY ST,
BT UL, B XG A ZE ) BRI o,
X6 Zooy, WA N 0, XE ) Z0 ) B
A s b, X — 203N T 4 B i IR E
(Speyer et al., 2024),

Speyer 45 (2024) & H P IL4HT )2 1 B[R 20
TR o BE—2, SEHhE X5 R Z5, W2 5 AE M
AHHYZ 1 AR X W Il Z W (Mplus F2 7 I
D28 BB 53 ) o 55 =28, A Mplus 8449 “define”
A A B — AR i int, =X _W*Z_W. 5, FIf

log(c;) = @x + 4o,

log(oy;) = @y + 2;

SIS T RN int,; AR TS AR B 1,
FAR AR 1 ing, TR ingg $E4T T A2 5P
te(intj=int; — L,y) o 36, HMA BIETTFE(33)

JZ i inti = Baint(;_yy ; + Eingg (33)
T UL B2, inty T I, JFANE— A SRR
B, HIE ing 0 8 BEZY B IFAAEA
SEPREE o PCh TR, Jr R 33) R A [E]
VABKRY, Bine T A EE RO, [ FHEANBE A E AL
Speyer %5 (2024) it — A FHSZBIUEH, K i B E N 0
223 DIC (deviance information criterion, DIC){H
AR, ARG AR 22 B, RO RE(27) iR 5 I
Xty 2oy BN int

Mij = BriMpory; + a5 Xy +di 2+

gjint(ct_l)j + Emij (34)
] I s L I O RS S A o TR o B T
FIEME TR (FENG Z ¥ 2 W), A%
ST AP T A FI B 3.1 A A

5 U

HAT, %458 5 h /58 (Fang et al., 2024;
McNeish & McKinnon, 2025)i A ML 5T % 8
FABE AR ) S EAG TR B, R
AR 2 AR R R v A R B S RO RS B R T
AIERET o Ik, ABHHTIE R B A% 2 8
195 BB B TR AR O R (D)~(7) P Y S80S 75 fE
PERRAL T, DA RSB T2 R R R 52
51 #E#ligit

XTI FE(1)~(7), 2% Kenny %£(2003), Wang
Fl Preacher (2015). Zhang %5 (2018) AL 53, B
HBEW T o TP ARN E(ab), & a;. b
IR IEZAS 4046, Bl a,~ N(a, 0.16), b;~ N(b, 0.16) ,
a=b=g=k=02H0,af bW % cap, N
0.113 F1 0, ELHERLN ) BRNIIE S 0.2, J725°4 0.04
MIEASr A, o) Fla; F b ARAAH G, WA AR Z, A
P AR, W h=0o HIEIERN By Buy T By
#RMNEIME R 03, FFZEHR 001 BIEXNTAR
(Asparouhov et al., 2018; Zhou et al., 2021), d=f=
0.1, )2 1 5R2Z 75 % log(oy,) . log( oy, )l log( o)
B MIIE A 1.4, J5 254 0.39 BYIEZS 43 Fii (McNeish
& McKinnon, 2025), 75484 Z ARG IIE 1y,
M IAE N 0, T5 224 1Y IE 0 5 Ly IR 1
8.8, Ji2ER 4.5 BIIERSIAG; Iy IRNFAIE R 35, 5
70 35 IIE A 434 (McNeish & McKinnon, 2025).
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ABHUBF I 2 BT

DEEAZS . N =100, 200 (B[] K 2),

2)E A2 I IR TR] 45 . 7= 10, 20, 50 (B [E]
). HETZF T8940 A 2 /0 2 EE
w2 /PIRIE AT —E, Collins (2006)#1Y 20 X,
McNeish £l Hamaker (2020)#:1% 10 7%, [H It AHFFE
Xof 3 I T AR IR A T 4

NEAFRIET AR R Z, = 1A A0 38
{E: E(aby) = 0.273 A1 0 (BN E), HAAM, i
a=b=g=k=0.2. oap, =0.113, M E(a;b)) = 0.273;
mfa=b=g=k=0. oup, =0, W E(ab)) =0,

BORE—A 2x3x2 it B 12 Fikbs, X F
BEFPALEE, fd ] Mplus 8.3 P24 200 MREARRIERE
200 ¥, Gistelinck et al., 2021), T2 iRy, 3
HBIEL T, —BEEEZRA 500 KRG REER
A RTRETE . EARDFSE T, BT IR ROR I, FRAT
PEPE T HSE 200 YK, b T BRAIE 200 YE A 2 DL 2
L H B, FRATE N=100, T'= 10 F&EHA%08
0273 BRI, #T T 500 REKE, KA
ARG THE S 200 IREEZ M LA AR K . SEBR
b, B A8 R B ST O T 4 TR ],
HAp AP HF T 100 YK (Asparouhov et al., 2018;
Asparouhov & Muthén, 2020),

52 HEsSHIIEMNIER

fifi F1 Mplus R F 47 DU B 46 1, 2L k4R
10000 ¥X(Fang & Wang, 2024; Wang & Preacher,
2015), RMAJE 5000 WEAIRAGSEN G55 710 .
fd 1 Mplus F 44BN TCAE B G550 1 (Muthén &
Muthén, 1998-2017), HA&HL, FUEHRE (v, Iy
Iy Bxs Pus By a. b . d. f. g. k. ox. oy.
)R FHME R 0, 2K 10° IES M6, RET
22K Gamma 555673 41 (~<1G(—1,0)), a; F1 b; Y T5
LB )7 220 B R 3 Wishart 234 (~<IW(0, —3)). 4%
BN 2, R T RRACE 50 A [R] Y H A SRS 249
FEfifas ], KAl U 50 70 A i Rl BR 5 10 (RP
thin = 10), EXERASEAFE KGR Z = DA
B B(ab) . SR Z = 1 F1 Z = =) 800 1
225 diff. a. b, g. k. LR a Fl b (5 25 FE
7Z Ou; o

{5 F AR XS i 22 (relative bias) . Y7712 22(MSE) .
95% I DX [H] A 7 72 38 . K50 7RISR — IR 5
MRS R (@, b g. k. E(ab). dif)fliiti
FERE, AR 22 R iR 22 2 M8 o).
b W77 26 FP 7 22k 1 BKG FE (Zhang et al., 2018).

A 22 F I iR =R E LA
T ol a4
AT 22 = . JZ; 5 (35)

i(e} -0)°

HiiRgE= p (36)

Horb o FoREEWHL, 6, 724 j WE A S HUhH
B, 0 JEEAH . MIX 2 XHE) N T 5% ] LLZ
W, AHXT i 22 AN H st 10%0) AT DL 52 (Muthén &
Muthén, 2002), ZEEAH 6 Hy 0 B, B2
2.0

=%—9§Eﬁ7m§%ﬂﬁﬁ%ﬂ%rﬁ, i 22 ) 4 %of
(HARHE T 0 #RATF. YR 2ZEM/INELT . 95% ] {5
X [a] ) 78 35 R R FE 95% 1T {5 X [H] PN A &% S 8
FIE S E A B2 . 95% A {5 X a] Al 7 5 R
FZIT 0.95 BEAF, 95% n] {5 DX [H] i) 78 3 e 1) A B AR 1L
JEHEUETE 0.925~0.975 Z [H](Bradley, 1978). % /1
EESEIEAR R 0 B, SER IS5 R W E 1k
WEEE R, KR dEan 1y, 56—
FERRIEES RN 0 B, SBGKSE RN B %
R E S EREREZ . SSEEEN 0 /), 5H—
FAESTRR =1 — XA IR, B — R Rz n
B IR (a = 0.05)8 %, 5 —JER IR ARG A
fEFE B TE 0.025~0.075 Z [i](Bradley, 1978).
53 #R

32 RN 25 I IR 22 A R 2
WRW, LEFTA N<T %00 F, HRERER 0,
TR N<T 4N, Ma=b=g=k=0Hous=0
i, Z2%8a. b. g. k. E(ab) M52 oap, B2
HRAEH T 0, {5 N=100 H 7= 100}, 58257 2%
0'51 il O'Ii FIAR R 22 K F 10%. Ma=b=g=k=
0.2 H oup,=0.113 B, Z5REH . DIETH NxT 4
WTF, 28 a. b. g. k. E(ab)f diff BIFHIXT 2=
HNTF 5%, W52 0u, MIRZEIR/NT 10%. {H2,
M N=100 H 7=101, %)% o) Flo, X
2z KT 10%; 4 N =200 H T=10 i}, 52072
o BRI 22 KT 10%.2) 24 252 )5t F I 11 57 7
—ER, FEBEREARR A N B, AR 22 15 24 K
ZAEDL TSI Y N—ER, iR TR Z, 11
RN TT % o) Ml oy (AN 2 22 F5 B0

%3 RIR BB 95% ] 51X ] B 3%
ORI RS — ARG I . AR,
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x2 RY. AEMHFEGITRIEIMREZE (%) TR 2 (x100)

S NxT 100x10 100x20 100x50 200%10 200%20 200%50
A RB  MSE RB  MSE RB  MSE RB  MSE RB  MSE RB  MSE
a 0.2 1.2 0.3 0.5 0.2 2.7 0.2 0.9 0.2 0.4 0.1 1.7 0.1
b 0.2 2.9 0.3 0.6 0.2 L5 0.2 2.4 02  -03 0.1 0.4 0.1
g 0.2 -0.1 03  -05 02  —0.7 0.2 0.9 0.1  —04 0.1 -0.3 0.1
k 0.2 03 03  -17 0.2 0.4 0.2 1.4 02 -12 0.1 -0.3 0.1
E(a;b;) 0.273 4.1 0.4 3.1 0.3 4.3 0.3 3.5 0.2 1.7 0.2 2.2 0.1
diff 0.16 0.9 02 -5 0.1 0.7 0.1 2.3 0.1  -1.1 0.1 0.2 0.1
ol 0.16 111 02 7.6 0.1 5.0 0.1 4.4 0.1 33 0.1 2.5 0.0
o; 0.16 165 0.3 9.4 0.1 8.5 0.1 10.9 0.1 4.8 0.1 4.6 0.0
G, 0.113 5.0 0.1 6.4 0.1 5.8 0.1 33 0.1 3.8 0.0 3.2 0.0
a 0.0 03 0.3 0.3 0.2 0.5 0.2 0.2 0.2 0.1 0.1 0.4 0.1
b 0.0 -0.1 0.3 0.3 02  -03 0.2 0.1 02  -0.1 0.1 -0.4 0.1
g 0.0 0.1 03 0.1 02 0.1 0.2 0.3 0.1 0.0 0.1 0.1 0.1
k 0.0 -0.6 03  —06 0.2 0.1 02  —06 02  —06 0.1 0.1 0.1
E(aby) 0.0 -0.1 0.1 0.0 0.1 0.1 0.1 -0.1 0.1 0.0 0.0 0.0 0.0
ol 0.16 109 0.2 7.9 0.1 4.0 0.1 5.4 0.1 3.9 0.1 2.5 0.0
ol 0.16 156 03 7.9 0.1 8.2 0.1 9.7 0.1 2.6 0.1 4.4 0.0
Cap 0.0 -0.1 0.1 0.0 0.1 0.1 0.0  —0.1 0.1 0.0 0.0 0.0 0.0

0

T RB RRAHM G 22 MM SR AH X i 22 AU 26 (B K T 10%; MSE SRR 75825 M EAEN 0 1, RB —F R /2w 25

®3 FEEMTHAUEREERE,. REHIME-LXHRE
» NxT 100x10 100x20 100x50 200x10 200%20 200x50
A HAA Cov Pow Cov Pow Cov Pow Cov Pow Cov Pow Cov Pow
a 0.2 0.945 0.925 0.96 0.99 0.965 0.995 0.945 1 0.94 1 0.95 1
b 0.2 0.975 0.950 0.95 0.99 0.955 1 0.94 1 0.945 1 0.95 1
g 0.2 0.950 0.945 0.945 0.975 0.97 1 0.965 1 0.96 1 0.965 1
k 0.2 0.96 0.94 0.93 0.96 0.965 0.995 0.955 1 0.94 1 0.95 1
E(ab) 0.273 0.955 1 0.955 1 0.97 1 0.96 1 0.93 1 0.95 1
diff 0.16 0.935 0.945 0.945 0.985 0.97 1 0.975 1 0.935 1 0.955 1
. NxT 100x10 100x20 100x50 200x10 200%20 200x50
R HiH Cov Error Cov Error Cov Error Cov Error Cov Error Cov Error
a 0.0 0.949 0.051 0.95 0.05 0.965 0.035 0.939 0.061 0.935 0.065 0.965 0.045
b 0.0 0.96 0.04 0.94 0.06 0.975 0.025 0.949 0.051 0.96 0.04 0.955 0.035
g 0.0 0.949 0.051 0.945 0.055 0.97 0.03 0.965 0.035 0.95 0.05 0.955 0.045
k 0.0 0.934 0.066 0.955 0.045 0.96 0.04 0.955 0.045 0.965 0.035 0.945 0.055
E(a;b)) 0.0 0.97 0.03 0.95 0.05 0.965 0.035 0.944 0.056 0.945 0.055 0.945 0.055

H: Cov BRAMFEIXHE TR, Pow BRI F1. Error TR —HEHIREK,

TEFTA NxT5AETT, REBUK 95%nT {5 X 8] 5 55 KA
TE 0.925~0.975 MG FRILREIN, 2f—ZR45 1R RATE
0.025~0.075 W& BRJERIN . 26—, X4 T—Emf, Bl

HEREARZ | N R, KR &Sk, 4N =100

W, BEE T R, B ek, =, 3 NxT

6 AT R T RN o M

Nl

VARG B AR RER 2 88 Z A1) 1-1-1 'Rk

—5E (HI 2000)AF, N HOk, Kagh FyikoR .,

BLor AT R, S AT ] Mplus 8.3 $AA73h 2545
a7 AL F) A7 ] 1) S A B R A SO 0 A o
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Ui A A EARIA B 1A 1A R A R0 3 B 923

R RBIR (R 2 AR TG 2-1-1 F1 2-2-1 HR Ay
RO L R 1 AR 1-1-1 Hh A RO 234
PN (B3G5 R . Mplus B2 FE 1714558 #B ] 7
https://osf.io/e273c/ T ., S5LPREIEAI L, B
T T R A MY A R T Y 2 AR TR AR, A
B Mplus ACHS B H— e, o {8 352 2 L A
(Fang et al., 2024; McNeish & MacKinnon, 2022),
6.1 HIEF=4EN UM HT it 7%

HR A8 J7 B2 (D) ~(T)RE U7 A= 75 1 B30 (200 24 12
R, BAPILAE M 100 %), BRT a=b=0.6
(Kenny et al., 2003), g = k= 0.4, HASHER G H
R LB 9 1) 1 B A ] o s 191 5 % (https://osfio/
e273¢/ F )W Z MPHEOIN—MHRHEZER Zyg =
0.92, Z XA — MR HEZER Zip, = —0.92, WA
PR EAFE], Zyg, W B9 S50 A SO0 HY B
{ELJE 1.005, Zy,,, WFEYZEAF H A 28007 9 ELEJZ 0.167,
FAF A RO Z 22 BB 2 0.838,

AR DS AT 2 T . SRR
734 ] Mplus BRIN ) TEA5 B 585070 A (PR L 5.2 8
4%)o FH PSR {ERAG#A Markov BERYILSME, 2 %
Markov 451518 2 J7IR, 455 Markov # #R 9l 5 Hij
— T3 UCEACAE A T 58 B ] (burn in period),
G — T WEAE I R S8 J5 56541 o 95%
i 1= %5 B 5 56 0] 5 X 8] (highest posterior density
credible intervals)fE S X BT, P
RO AL AR AEXS R34 1Y, i 5 B i 36 ml {5 [XC [
B S T AN R AR o A B O (7 A, e D BE
2023b) AR A REOR Y 95 %% H i 4 B i 3 v {5 X
[FAELE 0, SEFRAN TR RO B2 .

62 #HR
HE A2 2 285 Z 8951 1-1-1 BB ER

AR AT 45 S UL 4(https://osf.io/e273c/ T %K
Mplus 27 Fliz {1455 ) . B ok Markov % i I
B, Markov #53%1% 300 K5, PSR {EHARIAZL/IN
F 1.05, £ Markov HEREWSLOTA, I,
2023b), HR, BT d M fERAREE . % 4 PAYH
ESEH R EAET 0 (TEXMEAANLE 0). M
Ziigh = 0.92 Fll Zypp, = —0.92 If, Z5F A 2003 (1.024
Fo.172)# R . LR b, E Z REBUEEREIN, &
PE A RO R B LKL 5, E &AL E A
T 0). SR Z 22(1.024 — 0.172 = 0.852) 1
2, RN Z B Z R
x4 PIEBREHATNI1-1ZE
BERARN MRS TER

S Bk X [l i1
a 0.590 [0.532, 0.652]
b 0.598 [0.531, 0.660]
g 0.410 [0.346, 0.475]
k 0.371 [0.300, 0.439]
G, 0.117 [0.085, 0.151]
IND1 1.024 [0.879, 1.186]
IND2 0.172 [0.126, 0.225]
IND1-IND2 0.852 [0.700, 1.010]
¢ 0.218 [0.172, 0.266]
0.161 [~0.192, 0.529]
~0.186 [~1.152, 0.739]
Iy 0.267 [0.013, 0.515]
Iy 8.995 [8.660, 9.324]
Iy 35.151 [34.281, 36.027]
By 0.291 [0.269, 0.314]
By 0.300 [0.283, 0.317]
By 0.303 [0.284, 0.312]

TE: IND1 A IND2 2 Zygs F Zi, R B9 25 AF H A 200

— &M RIE
-- Upper 95% CI
Low 95% CI

TR
K5 BT ahasah i R A i 25 vh A 2808
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7 i

AR B B RIE AR B X i SR R B S, 5
D5k AA SR BT Y 43 A BRI 3 AT 5 s S AT N
filan, o e AR T At S, AR E R
TR A7 1 B0 % 2 38 B TP A ROV 24 AT I T R 22
IR AN AT 430, 20 T T Kk Y I ) 5
Je R o ARBIRSE Sl A S 4 5 FR B R Y T R
BB RRWP)ZR 2 BB 1-1-1,
2-1-1, 2-2-1 AR ER AR RUFI R 1 A8 Y
) 1-1-1 BARAER TP LR, I i BT % A
THZ 2 AR 1-1-1 BEBEP AN S
B AR M

P A, 24 N=100 H 7=10 A,
AR 9 Y 4 B B P Y RE AT B R AY 8] 2 R
Bi(a. bYE . PpI5 2 oup, B WWR(g. bIE .
FAFRASNAA E(ajby), LA AR 0 2 5
{H diff, RS2, 4 7=10 i, 5&2%)5% (0, Mo, )
IR 2R (KT 10%), 3 7 22 462 k f
B, A 22 AR AUL 25 SR 2 RAR AT A o 3% 25 7 22
o, Mo, WA HET KM NF T, 2 7=20
i, oA AT B 5 22 07 2 02 Mo (Ho B,
T TR FE AT, A SGER R TR AT R AR
B TSROV S AT R ) AR ) Mplus F25 (0 1)
LRI 55 o A SN IR WA TR ik — 25 1HE
HIH R
71 HEWEHREIZ

B, ASSCUE KA RS Y o RO R
B BB ELA - A2 M (stationarity), BIZAZ & AYH4(E
07 22 DL S A AH SR AN 23 BEA I ] 4 A= R gt A2 4k
(Hamilton, 1994), {H %4538 B 58 A 13 R oM A7 FE RS
(] 3 (trend) i 1) 3 500t 75 PR PR B, N 2L
X JE R B R AT e # (detrending) b B . X F2k
YIRS, S8 85 1 77 BB PR TR £
ik (Fang et al., 2024; McNeish & Hamaker,
2020), —sEAERAR E [ B AR R OCR (R
RAONE ) B[] B, K B ) A S B2 I A Sh 2 S5 48 77
FEASE R AT U8 5 1) 285 B 38 B v A BB DA o i
P2 o g2 D7 v ) g T ) ) A i i 34 (R
MU A~ AR S 0F B[R] 69 [ 9 S, PR T 8% 25 A A
PET B AR A R T A AL R k] LA AR 25
ALEAE AR A (residual dynamic structural equation
modeling, RDSEM; Asparouhov et al., 2018)3Z#1,
Fang %5 (2024) 34 1 4nfey X PP 258 Sk ot 472

2 AR Z Y 1-1-1 B4R B B TP A RS AT o

55 AR SO A R 1 R A B R B
RN By B~ Br) FIUE G AL (a; . by Fl ¢ )A
B Fsf () B AR AT AR (A B R ), X ELDIEE
RGN EINEN Y AR e e € S A S N EI SR A
IV T 50 4 I o A2 000 ) R[] i) B 72 T A /)N
(McNeish & Hamaker, 2020), {HZ7ESZFRRN I H,
AR VT G 38 B B E] [A] B AR SR B4 . Mplus B) 445
M e Ip 2/ VARIABLE 54 F, ] Tinterval
T AT (DL )RR B SR ) 1 B A 3 A BT[] R] B (time
interval), X5 FH45/K 2 I (Kalman Filter)¥# i+ [A]
T) B P AS 2578 S A% (McNeish & Hamaker, 2020).
Btn, =AU AN 11 5. 14 SR 15 5, X
G s e o 6 10 N A S (T S
“Tinterval=time(1)” #hJ & B EIEIFE A 1 /N,
M 11 SRS R =0, 14 515 S4iSHN =3
ty =40 BUEF, 12 f5.( = DA 13 s = 2 A A m i
NRIAE, 7R 2 08 I RE A5 BT ATTA5 20 3 5 4 B[R] s
(A8 B B TS . HLAARHE, KR8 SRIE 11
SR 12 ASRLIAE; R, KRR E
WS ARAE 12 SR TS T 13 0 I, e 4
ROR S UEE S AR 13 25 A T E T 14 50 WL
{H, HT 14 SCAWIME, KRS UEE S 14 5
TUNAE, ELEEH 14 SR ULIEDR T 1S 5 A% )
i, BT 15 S WIIE, KRS8 15 S0
DA 15 SR TRO(E, 5 245 2] B 0] [ B A
N 1N 5 AR S A EERE B 1 SR
DUAE L 12 F1 13 SR TOIE . 14 1 1S sSAWEINAE) o

55 =, AR SO B AT R 1 R A B AR A R
VAR Z AN A BN (AN YY), TR AR
S [ AR AR AR RS A0 SRR AR S R Y A
WIS, 5 ZEAE T RE(O)ININ Z;; A SR 5 A% i %t
H AR AR, ST TR (S L= L+ oy SN
Z i U E, BTE A FIR SR R T, W
TR 5N o Bt P S IR RGN 2 LA T Ry A
7%, I HEes BB ARSI ME B S HOME LAl T4 )
R R AR T R, DU S 5 8 Y e
VRN AL E, RS 2 BN A [
SR () 153 A 1) 2 2 BB 2500 1) o
72 EHBHIRE

B—, ARCWATETR 1-1-1 BR3P K
B AR G, SCPR EASCRY R R AT A R B 4y
FNAS GO . AN A AR R T AR e,
¥

KRR



%5 1) Or AN S BEAEIR I EURE 0 PR B A BN S BT 925
= 1. )(,j:lx'i‘ﬂxX(pnj'f‘gX,j (37) %E, ﬂiﬁﬁ%ﬁ&%%ﬁﬂ*ﬁ% 1-1-1 %%iﬂﬁ

Hrp Iy RIR X1y = 0 B, Xy =1 BIBEES; Lo+ By Fom
Xoy=1BF, Xy =1 BIRESE; [ RN By #0215 1HL o exy
MMM 0, J5722°0 oy BIIERIM . — 43251 A
T Xy Aot BERAWA . — D REECE
Asparouhov 1 Muthén (2019)f0RIAFFE M, *f
F oA, BIHEP AL 2
55—~ JE A & McNeish fil MacKinnon (2025)/H—4>
SRR, X A2 E AR E R T A e O R
1-1-1 BB ER R RN 00T, SR BZE 2 Bl
RN 7 25 R R o n SR A R A S A
Can ), DR R T AR B g fis ol 0 Fn 1 RIRT, ARl
JH 3 2275 B ) U 1 8 vh A RO B O 2 3R AT
Bro Hik—2, CA B E R I AR R 280
AR 5 1 S A G50 7 RSB 53 M J7 72 (Asparouhov et al.,
2018; McNeish et al., 2024), K =432 5] K A5
T RS AR Ry, BRI Probit [EIH AT 44T o
H GA] sFE AT — 53 28 1 PR AR 155 0978 I 19 168 v A 2800
G3, TR A
5, A ST R Y B A 880N A3 B T TR AR
BB RN YT m o feinEl 2 A
), K 53 il kg A A PR AR (AN Y ) RS AR ()
A (AN 1y)o RIS & bR 8 B TR XE R T
DA E S, FRATE DO AR 1 o Al 2
e RIIN N A C W P N S MW E R 4
(multilevel autoregressive model)i#E4 74 #1757 11 H 4
SN AT (Zhang et al., 2018), LI#E)ZE 2 ZF w15 Y
1-1-1 A ER TP A RO o i Rl 22 K-F B mlH
TR B A 254 Jy PR A AU AL 2 22 2 Oy R (B 7 78
A~(6)), HZ 1 F()~B)EN
JZ 1 (Xy=Xj)= By (X-n; — X)) +exy (38)
(M =M.;) = B (M) —M.;) +
aj(Xa-j = Xoj)+emy
(Y = Y.) = Py (Y —Yj) +bj (M) —
M.j)+ 5 (X)) = Xoj) + évy
(40)
Horp, X o Mo FUVYRREARARIE . Wi AR
n YA oAk, 2 1 TR
JZ1: Xy=Ly+ByXu, +&Exy (41)
My =l + BrpM-nj +a; X1 +emg - (42)
Yy =y + PyYu-1); +biM-1); +
cjX-2)j + vy (43)
HoH L Ly T 1y R R (A1) ~(43) AR BRI, AN
FETRE(D~3) AN {E (Zhang et al., 2018).

(39)

T RIS BR B S B e R, B A
Xy W5 AR5 Y, — > B 8] ] B (McNeish &
McKinnon, 2025), WRIE HAZ & X, i 5 RS
Y, — I T [ B ) 1-1-1 H A 28807 A 78 (B A 25z
AT B Xy My T BB M-y —Y),
HFR R — B 5 B A A (Fang et al., 2024), A<
SCHEH BB Y 1-1-1 AR E B A ROV i T
AT DAE) B — B Ja AR T i A s BLR
H, KT RE G Xmay UM Xim1yo

S, AR TR EE 1 R Z,
P 1-1-1 BARBER AR S ik T
ATHET B S 2 B AR T Y 1-1-1 B AR ER TP A
R AT o HAR R, SR iR A 19 )5 2 B AR B R T
W SEHhE MG R Z5, ¥ 2 5342 R 02 1 X0 AR &
M W F1 Z W, F-FIH Mplus ZA4H “define” i#4)
AW — AR & intmz; = M_W*Z_W. K5, FIH
SIS LER T R RLEE intmz,; 53 R PR 1) 7 A7
Linamsy FVAS R P ¥ A% 4 intmzf;  (intmzf = intmz,; —
Linimzj)o ¥R, FGHN A 01 J7 7 (44)

JZ 1z intmziy = Bmzintmz, ) ; + Einmzg (44)
wJa, HRRE8)N N

Y5 = ByXiy; +biMG ),
JiZG oy +kjintmz(, ) + hjint,_y)  + vy (45)

2 2 895 2 (46)
JZ2: fj=f+pn;

’ C
+ch(t_2)j +

kj=k+psj  hj=h+ o
(46)
BIAT BEA T I 2K B AR R 1 B TR O T T RAL
k FR7R)RE 1 AR Z A TR A OV B SR R A, R AL
h FoR)2 1 AE R Z, W HEERR A . SR AT A RN Y
PMEWTTRE) (F2RE Z o 2 W), HFA 8oz
AP AT AR 3.1 AR TR
Hen, BT ah A G T AR ) A Y 1 2 AR
BB AR USR5 PR, WSS AT ARYE Y
AP KEOKF 1 8K 2) A a2
(1-1-1. 2-1-1 A1 2-2-1), BV A9 A B AR (TP
BB 5SS E . = REEH
BRI RER 5 ok AR AT Y Y
RN 2, WRAE & AR S ®
WOURTT, R REIEATHT . SRR, I ]
VAZH b RIT; 2R 25 PR T e 2 A, e
BERAE AL p RVAT; QR R AR AR,
G B IR S R E S R AT L
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x5 WATHERERPNRELCER

PO R A B A

AL 5 B AR R AR T S A R 1 AR Je 2 B AR R B B AR
Z; 1-1-1 FEE(1)-(7) KIS kZ; LI H DN dz, MBS gZ;
2-1-1 JrRE(13)-(19) FA T RE(L6)HY klyZ, ZATTRR(15)W dZ, Fl gX;Z;
2-2-1 T (20)-(24) ZAETT QDI kM Z, EHITFRQHI dZ; M gXZ;
Z; 1-1-1 JiRE(25)-(26) . (29)-34)FI(44)-(46)  EITREMEHN kjintmz, ), KITREGHIN d,Z ), B gjint, ),

Z % X #
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Dynamic structural equation models. Structural Equation
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Abstract

Intensive longitudinal data (ILD) is increasing in fields such as psychology and management, yet research
on analytical methods for ILD remains relatively scant. Traditionally, the ILD is statistically modeled as a
two-level structure, with Level 1 being the time and Level 2 being individuals. Especially, existing analytical
methods treat longitudinal moderated mediation as multilevel moderated mediation, without considering the
lagged relationship between variables. A possible solution is to use dynamic structural equation modeling
(DSEM) for ILD moderated mediation analysis.

DSEM has recently been used for analyzing intensive longitudinal mediation (ILMed; Fang et al., 2024;
McNeish & MacKinnon, 2022) and intensive longitudinal moderation (ILMod; Speyer et al., 2024). However, it
remains unclear how DSEM can be employed in analyzing intensive longitudinal moderated mediation (ILMM).
The purpose of this paper is to combine ILMed and ILMod based on DSEM and propose a method of moderated
mediation analysis that takes into account the temporal order between variables.

For the 1-1-1 ILMed model where all variables are measured at Level 1 (i.e., all variables are ILD), it might
be moderated by variables of Level 1 or Level 2. However, for the 2-1-1 ILMed model (i.e., only the
independent variable is measured at Level 2) and the 2-2-1 ILMed model (i.e., only the dependent variable is
measured at Level 1), they could only be moderated by variables of Level 2. Therefore, there are four basic types
of ILMM models: 2-1-1 ILMed moderated by a level 2 moderator, 2-2-1 ILMed moderated by a level 2
moderator, 1-1-1 ILMed moderated by a level 2 moderator, and 1-1-1 ILMed moderated by a level 1 moderator.

This paper describes in detail how to construct the above four ILMM models with DSEM, so that empirical
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researchers can understand which kind of ILMM model meets their needs and how to analyze it. Mplus codes for
analyzing all these ILMM models are provided.

A simulation study is conducted to examine the estimation accuracy of the 1-1-1 ILMed moderated by a
level 2 moderator, with the following factors taken into account: sample size (N), number of time points (7),
indirect effect sizes, and Level-2 variances and covariances. Results show that the estimates for the average
mediation effect components (¢ and b) and the average mediation effect are generally accurate when N > 100
and 7 > 10. However, a sufficiently large N and T (e.g., T > 20) are required in order to obtain accurate
estimation of Level-2 variances.

Lastly, we discuss assumptions and the extensions of ILMM based on DSEM. As usual, the models used in
this paper are based on the assumption that the time series is stationary. Otherwise, residual DSEM can be
employed to detrend in ILMM analysis.

Keywords intensive longitudinal data, moderated mediation effect, dynamic structural equation model
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1. BIE M EEREIEE 2 AR R G 1-1-1 PR T R EL 1) Mplus BfF
DATA: FILE = 111mome.dat; !t F< A% X050
VARIABLE: NAMES = Z Y X M day PERSON;
USEVARIABLES = PERSON X M Y Z day;
BETWEEN=Z;
Lagged = Y(1) M(1) X(2); '3& Fi— B ZI M BUNAS I Yimyy s Mory Fl Xy
CLUSTER=PERSON; !X 4 2 2 Y4
TINTERVAL = day(1);
DEFINE: CENTER Z(GRANDMEAN); 1Z # s {8 o4k
ANALYSIS: TYPE = TWOLEVEL RANDOM; i HILAH 114 W5 12 5048 43 B
ESTIMATOR = BAYES; !Jf] Il -7 5 %
BITERATIONS= (20000); 3% 1% 2 /1> 20000 ¥k
MODEL: %WITHIN% )2 1 #4>
BETAL | Y ON Y&I1; 1R [ [HIHRLY By
BETA2 | X ON X&1; 1R [ [HIHEL By
BETA3 | M ON M&1; 3R [ HEZUY By
GAMAL | Y ON X&2; IR— il 5 ¢
GAMA2 | M ON X&1; LR—Filf G20 a;
GAMA3 | Y ON M&1;  1sR—Biilif J5 240 b,
LogV1|Y; 3R ey, BJ7 229X £k
LogV2 | X; ! 3K ey, I Z XL
LogV3 | M; | 3R ey, M7 22 HXHEL
%BETWEEN%
M ON Z(d);
Y ON Z(f);
GAMAZ2 ON Z(g);
GAMA3 ON Z(k);
GAMALI ON Z(h);
YL [X]; [MD; 13K Iyy Iy Iy
[BETA1]; [BETA2]; [BETA3]; [GAMAL1]; 3K By. By Bu- ¢’
[GAMAZ2](a);
[GAMA3](b);
[LogV1]; [LogV2]; [LogV3]; R oy, oyl oy
GAMA?2 with GAMA3(cab);
Y X M BETAI-BETA3 GAMAI-GAMA3 LogV1-LogV3 with Y X M BETAI-BETA3 GAMAI1-GAMA3
LogV1-LogV3;
Y, X; M; DR Iy Ly Ly PRZEI T 2
BETA1; BETA2; BETA3; 13K By By« Bay WIIRZEN I 22
GAMAL; GAMA2; GAMA3; 1R ¢\ a;. b IIREM 7 %
LogV1; LogV2; LogV3; R g gy W5 22
model constraint: new(ind1 ind2 ind3);

ind1=(a+g*0.92)*(b+k*0.92)+cab; !Z, I 4 A0
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ind2=(a-g*0.92)*(b-k*0.92)+cab; 17, i 5P A 50
ind3=ind1-ind2;
PLOT(indirect); ! & (A A4 #5 2 indirect
LOOP(moderator,-1.6,2.1,0.1);
indirect = (a+g*moderator)*(b+k*moderator)+cab;

OUTPUT: techl; %5t 24 e 43 1
tech8; 44 PSR {ER % Markov £ /2 75 L 8L
cinterval(hpd); %4 H fiw = J 3 %% B 1 A 5 X (]

PLOT: type=plot2; !

¥ : “LOOP(moderator,-1.6,2.1,0.1)” 2/ il [ 8§ AL A7 & moderator(BI T A5t Z), “-1.6, 2.17 FI/R Z BUEK)
T /ME AR, 0.1 Ko i K, FER% 0.1 H— Ay A2 R .

DYANSR SR oA B2 B AR A R AR (B 2), I 2 3“GAMA3 ON Z(k)”, “ind1=(a+g*0.92)*(b+k*0.92)+cab”
A “indl1=(a+g*0.92)*b +cab”, “ind2=(a-g*0.92)*(b-k*0.92)+cab” 2k & “indl1=(a-g*0.92) *b+cab”, “indirect =
(a+g*moderator)*(b+k*moderator)+cab” B "N “indirect = (a+g*moderator)*b+cab”Hl A ,

2) SR FUE N R A B JE G AR R R AR (B 3), D L M ON Z(d)” Ml “GAMA2 ON Z(g)”,
“ind1=(a+g*0.92)*(b+k*0.92)+cab” & & “ind1=a*(b+k*0.92)+cab”, “ind2=(a-g*0.92)*(b-k*0.92)+cab” I N “indl= a*
(b-k*0.92) +cab”, “indirect = (a+g*moderator)*(b+k*moderator)+cab”{ 4 “indirect = a*(b+k*moderator)+cab”Hl A] ,

3R AR, W 235 “GAMAL ON Z(h); i), B 7R Bl A B

HURIEHIZE 2 BT — B R 1-1-1 sP A RO, WP “Lagged = Y(1) M(1) X(2);"HHI“X(2)" sk A
“X(1)”, “GAMA1 | Y ON X&2;” 71 [ “X &2 M F“X& 17 BI 1 ,

5)E 2 MR AR i Z AT ASCE IR R GIANEE R Z A AN ERR(Z1 . Z2 BN Z3), WAE“%BETWEEN%” & 43
W<z by z1-z3;”, B, “VARIABLE”# 2089 Z 4k z1. z2 # Z3; M4 “DEFINE” # 43 ) “CENTER
Z(GRANDMEAN) & /] ,

2. BTGB R M B R EEEZE 2 R ET M 2-1-1 A48 (B2 98 Mplus &7
R I Ly WE, DRAE 505K
DATA: FILE =211.dat;
VARIABLE: NAMES = Z X Y M day PERSON;

USEVARIABLES = M;

CLUSTER=PERSON;
AUXILIARY = Z X Y day; 85 Z X Y day $ 53 RS AL /A 7E 211mome.dat 3L
ANALYSIS: TYPE=TWOLEVEL RANDOM;
ESTIMATOR=MLR;
MODEL = NOCOVARIANCES; !MODEL H ¥4 48 B B A B Jr 2280 E 2 4 0
MODEL:
%WITHIN%
M_W BY M@1; M@QO; ¥ M A4 N5 150 B v A i
%Between%

SAVEDATA: FILE = 211mome.dat;

SAVE = FSCORES; 477 4 [ 743 %k

FORMAT = free;
TE: TERARAFE) 211mome.dat SCUF PRI A BAKRCE ML Z, X, Y. day. M_W. B_M(8 /,). B_M_SE,

PERSON,,

oL
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DATA: FILE =211mome.dat;

VARIABLE: NAMES =M Z X Y day M_W B_M B_M_SE PERSON;
USEVARIABLES =X M B_M Y Z PERSON day MZ XZ;
BETWEEN=Z X B_M;

Lagged = Y(1) M(1); VB3 Al — I 20 A9 T AR 5 Y10 Moy
CLUSTER=PERSON; #{i& N2 2 14l
TINTERVAL = day(1);
DEFINE: CENTER X Z(GRANDMEAN); X il Z #% B4 {H F 04k
MZ=B M* Z; & X158 MZ
XZ=X*Z; E SCFTTI XZ
ANALYSIS: TYPE = TWOLEVEL RANDOM; !B LA () 195 J2 B8 43 B
ESTIMATOR = BAYES; !Jf Il M-85 &
BITERATIONS= (20000); !3%4% % /> 20000 &
MODEL: %WITHIN% )2 1 %4
BETAI | Y ON Y&I; 13K [ [WIJHALN By,
BETA3 | M ON M&1; 1R [ [EHELR By
bw | Y ON M&I;
LogV1|Y; 13K ey, M7 22Xk
LogV3 | M; K ey, M77 22 A9 X £
%BETWEEN%
M ON X(a)
Z(d)
XZ(g);
Y ON Z(f)
X
B_M(b)
XZ(h)
MZ(k);
[Y] [M]; LK Iys Iy
[BETA1]; [BETA3]; [bw]; 3R fy. Bu. by
[LogV1]; [LogV3]; 13K wy Ml wy
Y, M; DR Iypo Ly IR 2209 T 25
BETA1; BETA3; bw; 13K By By by IR ZEMN T 22
LogV1; LogV3; UK py g W7 22
Y BETA1 BETA3 bw LogV1 LogV3 with Y BETA1 BETA3 bw LogV1 LogV3;
M with BETA1 BETA3 bw LogV1 LogV3;

model constraint: new(ind1 ind2 ind3);
ind1=(a+g*Zhigh)*(b+k*Zhigh); HEBREHREN Z)0 EIBALAZH “Zhigh”
ind2=(a+g* Zlow)*(b+k*Zlow);  FHEPREIEN Z,,, HEUCAKFH “Zlow”
ind3=ind1-ind2;

PLOT(indirect);

LOOP(moderator,Zmin, Zmax,0.1); VHSZFREIEN Z,0r (EF Z,5 (HHAL “Zmax” Fl “Zmin”

indirect = (a+g*moderator)*(b+k*moderator);

OUTPUT: techl; tech8; cinterval(hpd);
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PLOT: type=plot2;
TE: DRI AR, WXz Bin] o 2 2 A8k X, Z 800] LABE i A, B iR R R 5 1 i TE
W(S)o

2) A0SR H R P R AR R AR (B 5), W K4 “MZ(k)” ,  “ind1=(a+g*Zhigh)*(b+ k*Zhigh);” N
“indl=(a+g*Zhigh)*b; ” , “ ind2=(at+g*Zlow)*(b+k*Zlow); ” & & * indl=(at+g*Zlow)*b; ” , “ indirect =

(a+g*moderator)*(b+k*moderator)+cab” B A “indirect = (a+g*moderator)*b” H[IT],

3)VHNER AT A 1R AR A R AR (B 6), W58 Z(d)"F1 “XZ(g)”, “indl1=(a+g*Zhigh)*(b+k*Zhigh);”
KA ¢ indl=a*(b+k*Zhigh); ” , “ ind2=(atg*Zlow)*(b+k*Zlow)” & & “ ind2=a*(b+k*Zlow)” , *“ indirect =
(a+g*moderator)*(b+k*moderator)” B & “indirect =a*(b+k*moderator)” E[H],

3. HiE M BB REEE 2 BB FET K 2-2-1 PR (R 7)8) Mplus B)F
DATA: FILE =221mome.dat;
VARIABLE: NAMES =M Z X Y day PERSON;
USEVARIABLES =M Z X Y PERSON day MZ XZ;
BETWEEN=M Z X;
Lagged = Y(1); "BI3ERT— B 2B S AS 5 Yo,
CLUSTER=PERSON; #iX N2 2 A
TINTERVAL = day(1);
DEFINE: CENTER M X Z(GRANDMEAN); M. X fl Z ¥ 54 {g h.ofb
MZ=M*Z; 1ESLJEHTI MZ
XZ=X*Z; E AT XZ
ANALYSIS: TYPE = TWOLEVEL RANDOM; !B HLA} 2 (%) 5 J2 548 43 7
ESTIMATOR = BAYES; ! D1 IH-#7 )5
BITERATIONS= (20000); 3% 182 /1> 20000 ¥k
MODEL: %WITHIN% )2 1 %4}
BETAL | Y ON Y&I1; =R [ [HIH%LY By,
LogV1|Y; 3R ey, 7 22 % £
%BETWEEN%
M ON X(a)
Z(d)
XZ(g);
Y ON Z(f)
X
M(b)
XZ(h)
MZ(k);
[Y]; [BETAL]; [LogVl1]; DRIy, By. oy
Y; BETAL; LogVl; UK Iy, By wy (HIRZER T2
Y BETA1 LogV1 with Y BETAI LogV1;
model constraint: new(ind1 ind2 ind3);
ind1=(a+g*Zhigh)*(b+k*Zhigh); HEBREIRN Z)0n EHHAL A HH “Zhigh”
ind2=(a+g* Zlow)*(b+k*Zlow);  HSEBREUE Zp,, (ALK H “Zlow”
ind3=ind1-ind2;
PLOT(indirect);
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LOOP(moderator,Zmin, Zmax,0.1); HSEFREIEH] Z,0 (HF Z,5 (EEAL “Zmax” Fl “Zmin”
indirect = (a+g*moderator)*(b+k*moderator);

OUTPUT: techl; tech8; cinterval(hpd);

PLOT: type=plot2;

TE e [RIRA SR 2 #9TE

4. BPEBEENE 1 FRATH 1-1-1 PA RN AT (R 10)6) Mplus P
AW SR XE ) M Z0 T, AT T
DATA: FILE =111.dat;
VARIABLE: NAMES = X M Y Z day PERSON;

USEVARIABLES = X Z;

CLUSTER=PERSON;
AUXILIARY = M Y day; £ # MY day ¥ )53 AR s AR 7 7E 111 mome.dat 3L
ANALYSIS: TYPE=TWOLEVEL RANDOM;
ESTIMATOR=MLR;
MODEL = NOCOVARIANCES; 'MODEL {4 1§ B i i A P 7 2248 & %2 4 0
MODEL:
%WITHIN%
X W BY X@1; X@O0; U X B4 N2> BB i As B
Z W BY Z@1; Z@O0; W Z B4 NI B8 BN A B
%Between%

SAVEDATA: FILE = 111mome.dat;

SAVE = FSCORES; 4§77 4 [ 743 %k

FORMAT = free;
e ERLRAED 11lmome.dat SRR RKIKE X, Z. M. Y. day. X W, Z_ W. B_X. B_X_SE.

B Z. B_Z SE. PERSON,

L.
DATA: FILE =111mome.dat;
VARIABLE: NAMES =X ZM Y day X WZ WB _XB X SEB_ZB_Z SE PERSON;
USEVARIABLES =X ZM Y X_W Z W day PERSON XZ;
Lagged = Y(1) M(1) Z(1) X(2) XZ(1); 013 BT —BF 2 B AE B Yooy . Moy Za-1y~ Xo-ay~ XZoo1y
CLUSTER=PERSON; #1522 B4
TINTERVAL = day(1);
DEFINE: XZ=X W*Z W; % XTI XZ
ANALYSIS: TYPE = TWOLEVEL RANDOM; !BE#HLAF i W5 )2 5048 43 Br
ESTIMATOR = BAYES; !JH] Il -3 J5 %
BITERATIONS= (20000); %18 /b 20000 ¥
MODEL: %WITHIN% )2 1 %4>
BETAL | YON Y&I; LR H [ By
BETA2 | X ON X&1; 2R [ [HIEHRLLY By
BETA3 | M ON M&1; LR [ [EHELR By
BETA4 | Z ON Z&1; 1R A BIHZY By
XZ ON XZ&1; ! Bl “XZ ON XZ&1@0;” 7w A 18l YA %% R [ 52 9 0
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GAMA2 |[M ON X&1;  UsR— Bt J5 5400 a;
GAMA4 | M ON Z&1; 13R—rilfiJ5 20 d;
GAMAS | M ON XZ&1; R—Bif 5 sk g;
GAMAL | Y ON X&2; 1R—Friffi 520 ¢
GAMA3 | Y ON M&1;  SR—B it J5 54 b,
LogV1|Y; 13K ey, M7 220X
LogV2 | X; ! 3K ey, I Z WXL
LogV3 | M; | 2R ey, M7 22 HXHEL
LogV4|Z; ! 3K e, B ZERXEL
%BETWEEN%
(YL [X]: [MD; [Z]: BRIy Ly lys Iz
[BETA1]; [BETA2]; [BETA3]; [BETA4]; 3K fy. By Bu- Bz
[GAMA2](a);
[GAMA3](b);
[GAMAL];
[GAMA4];
[GAMAS](g);
[LogV1]; [LogV2]; [LogV3]; [LogV4]; K wy. wuy. oyl v,
GAMA?2 with GAMA3(cab);
Y X M Z BETAI-BETA4 GAMAI-GAMAS5 LogV1-LogV4 with Y X M Z BETA1-BETA4 GAMAI-GAMAS5
LogV1-LogV4;
Y, Xo My Zy DRy g Ly Ly PRZEMTT 2
BETA1; BETA2; BETA3; BETA4; 15R By;. By Buj. Bz MIRZEMJ5 22
GAMAL1; GAMA2; GAMA3; GAMA4; GAMAS; 13K ¢ a;. by, d;. g (IR2ZEIJT %
LogV1; LogV2; LogV3; LogV4; UK wy g~ sy sz BT 22
model constraint: new(ind1 ind2 ind3);
ind1=(a+g*Zhigh)*b+cab; !Z),4 9514 H A 300
ind2=(at+g*Zlow)*b+cab; 1Z,,,, B 51 /%00
ind3=ind1-ind2;
PLOT(indirect); ! & B9\ AL HR /2 indirect
LOOP(moderator,Zmin, Zmax,0.1);
indirect = (a+g*moderator)*b+cab;
OUTPUT: techl; 45 S5 Je 56 4 Aii
tech8; 451} PSR {H 45 Markov i /& 75 I 8
cinterval(hpd); %4 ) fiw /=5 Ji 36 %5 B 14 1 5 X (]
PLOT: type=plot2; !imj[&]
T AR IR 2 AR S 0 — B S 0 1-1-1 /e RO 2 A, MIKE“Lagged = Y(1) M(1) X(2) XZ(1);"H9“X(2)”
BN “X(1)”, “GAMAIL | Y ON X&2;” HH “X&2” Bth “X&17 BiF],



