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@ ZE ARTPAREE B R R TEE R, (HVF 2R R IR A P T AT AT R, PRI R IR
s, BEATON R R 0. RS TR T AU S AR | 22PN BRI i) il 4 r S T i M
HWUA KR BB, HARINIBEN EARAL, AELE AR RN AR REUERL, ST, ARSI, AnBENLEONM 5
SUAF G AR AN Z2 22 1 TR A e, 5=, BRI, B SUH S TS 5 2K SR S 22 2% I A
S, PRI RA R, AU Bootstrap AT UL HURAE TN B A 0T . G — DA B A AT R AR 4

HAHRLIY Mplus BT o S RS T G i i A 3BT 8 R 7 1o
KEER QUndE AR SRR 22K

hi4 (mediation ) At 2Rl A0FSE b BB
S, WS A AR Xl AR MO R AR
Y AR, WM TR X Y Z AR
YER, MR M i As i (LB 1) o 3E =4k,
A2 0T, AT RN S B i RS B
SRR SR H H A 8800 4B 3 20 S A
(cross-sectional data ) , & 1f Z s o A3 BT iy
R RS G AT PR HE W, W rp A 7
h 2 /DA AN A 1 2 (A s e VR D D iy, 75
BTN GEER) hamrsy CIEAEEE, 2017)
R (a] By — B B[R] XA o0 G s A I [ A8 o, oy
At AR AR, FRAS DI BRI %5 8 (longitudinal
data) , FEATHIEIER AN 0T, EAER, YA
BAE R b A 2 2 U A ST AR (B
BT, 2017; MacKinnon, 2008; Preacher, 2015 ) . 7K 3¢
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1.1 FET 2 AR AL B oA

A& S e T MR Y (cross-lagged panel model,
CLPM) M Fk 2N B 1] 5 4 55 8 (autoregressive
mediation models ) , ‘BRI ZE 2 [A] 52 R 2 T
AP, )k ) s I A AR 2 DG 2 (I
K1) (Cole & Maxwell, 2003 ) ., A 45 8 &2 &2 19
BN, 32 S o AR R Rl o Ml — o
Z/DE S =R B s CLPM (X, —M,— Y,
, WL Ca) ), y—Fhd R I ki)
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— Bl CLPM (X, — M, FIM, — Y,, WEI1(b) )

( Cole & Maxwell, 2003; Wang & Zhang, 2020 ) . &
WA D 2R, IS CLPM 2 A
B CWE 1 (@), Mplus FEFEULRESR ) Al h

Xr+l = ﬂxXt +gx(r+l) ( 1 )
Mr+1:ﬂMMr+aXz+gM(z+l> (2)
Y,=p5Y.,+bM +C’X{ &) (3)

AR v 18 A RO T Ay 81 28 8 1) S
HACE, SRR T AR e T I EKE REAAE
0] A RS B ) [T RR Ry e 80 ( lag effect ) (]
F¥a, b EKR) , B EHTE A SR
NFRA B [FHEHZN (autoregressive effect ) (4351 FH
FE Py Pu M By TR ) o BT ab FTRYN RN
¢ FORHEINL, e FORFRZE, Thre, o1l Rl 2 %
7~ 5 I (AR TE] 5 —Bivie s CLPML( LI 1 (b))
Hifr 2k A= (3) B0

Y, =061 +bM, +c'X, + Ey () (4)

Maxwell Fil Cole (2007, 2011 ) FHXCA4E SR,
TSR ) P A BE PR IR U (s k) B
HEEIE A (X, My, Y,) , R £
A BT R A RN B0 AR A R4 e ( ab/
) GERAXS TP s R E AR A8
WA 2E, e 22 00 R A3 BT AR AR 5 s ) ABE Y
BOEAIE],  BUPTIESZ e 2G4 RS2 0 o0 T
JiA, WAL (1) ~ (3) HdH BER, (U
B G RN, FROM P H13ETT ((sequential design )
RIAFE o (a) A e R AT F S 5 X I &, IR G 1
AT S B M, BN &, ] 2 AT R
Y, 100 5 A 90 1) BF 52 B3t (Cole & Maxwell,
2003 ) . Mitchell £l Maxwell ( 2013 ) FIBAESHIERA
bl aapisENCL i TEAE i N AT V€ i
IO EE RS, TER MO H IR T 2
1.2 BT 2K b

WA GEER ) BdEFE St HE N EiRE

(a) ZHr¥if5 CLPM

TR RS (2 1 hEEES ¢, )22
SOEIMANA ), AT RS 22K AR (multilevel
model, MLM ) #4751 443#T (Kenny et al., 2003 )
PLAZER X, A M, MIRAS R Y, #RIE)2 148
i (RS B TR A8 Ak ) S, R RN AT R
ANHNARK (5) ~(7) (Huang & Yuan, 2017) -

WK (1) -

Mtjzrj+ath+thj (5)

Y,j:51+c’X,j+bMy-+thj (6)

MEKFE (Z2) -

=Tty 6, =0+ uy, (7)

FRE ab FoR AL, o FoR AN 1y F
8 FRIE | AR, ey, Tl ey, 22 1 ]
ATTRRER 22 r 10 3R 2 2 [ D7 R Y A
tog T gy RARJZE 2 T RERY IR 22 . A SRR 22 8B
BWRMIEZS 3. (HAEL (5) ~ (7) S E R0
MLM 58, IS A i 22 [A] 520 (a b AT ¢')
AR 2284, P —fch, PR R % a, b
1 B HBEHAN (g, bR ), LE AR M
ezt (WA (8) ~ (10) ),

M,=r+aX, +¢, (8)
Y,=0,+c X, +bM +¢, (9)
PRI

rpEr by 0,=0+u, a =a+u, b =b+u,
c=c+u, (10)

TR RN SAER ab TN b a, F0 b, N5 22,
BV AIIEN ¢ (Kenny etal., 2003 )
1.3 BTl s KA th A b

AR SRR (latent growth model, LGM ) J&
TELAE Jy R R AR o SO f Bt 1] 1Y) 2 g i
P, XN T—A LGM, BAZRA — IR KE a
F— AR SR T AR (ERASE, 2017) o H
AR LGM. H /75 LGM RIS B LGM 25 4 1

(b) —Kr¥ifE CLPM
B 1 EF CLPM W EEHER &S
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—g, @ HET LGM AR, G iR K
A ay— ay— oy BRI A (S — S, — Sy )
( UL 2, Mplus #2 ¥ WL Bff % ) (Cheong et al.,
2003 ) . KT LGM myH ARG R0/, HiTT 3
MRV ZRIAOC R, ST 3 MR bR
ZIRIRFR (u sl ChFk2Em) .

a){ =/LIX11+§X11

(11)

Ay = My, 10 +Cy, (12)
Ay = [y, 10, F 10+, (13)
Sy = Hys TG (14)
Sy = Hys +aS, + 5 (15)
Sy = pys +¢'Sy +bSy +Eys (16)

WG 7K R RN vy, ELAERUNH rss
AR A P AR N ab, BEIZENN o FRELIR
WM IE S 5341 HAR E 57 . Von Soest 1 Hagtvet

(2011) 48, QROFSE HARA 0] 1 KF i
RN, R T R R T AR B R AR IR ay,
HEBCHE I oy XS, B 1 H, KA (16) B Sh
Sy = py +¢'S, +bS,, +r,a, +¢,, O'Laughlin % (2018)
FHSE B ) 9 1) 50805 ) sk 244 48 i v A 2o B A0
LGM Mot RIPFP a5 Rk, 5
Maxwell 1 Cole (2007 ) HI45HR—EL,

v v v 4

2 ET LGM K mEiEr R A &2 ( 2547 5 Mackinnon,
2008 )

2 YEBRAPN DRI ENRRE

2.1 FEFBE AR BEH LSO,
2.1.1 FEFREYL Y CLPM 15438

Wu 45 (2018 ) #8H B f5 CLPM (&l 1 (a) )
— DAL RE (a. b, . Py Bu K1 By) K
FE R EERON CREL) , B REO AR 2E 5
Wu SE B A (1) ~ (3) dil & 8e ]

BlEAA j AR BEPLEN ( a5y by ¢y By Pug FI
By) . AR (10) —HE, FEVLESON AR LS pl—
AERON FAR L, ik 2E IR ZITIES
Sy, FIFHBEPLAN. (random effect) Y CLPM 2k
IR TR AR50 ( Mplus F2F LR ) o

B, Wu 25 A H] Mplus 2074 BEBLAUN 5 68

WAz 5r, FIF EM (expectation maximization ) 5. 15

i A AN, BRI T 250 A0 1 35
ENBENLREL o b, IISME (a F1 D) HYFEFUN | g
b BRI 250 BRI IIE I BENL R AR ¢/ 1YY
fHcs

Wu 55 NIRRT L3 T BEAILRAON 5 [ 2 4L
N B s CLPM (B 1 (a) ) ZEFR AR5 HT
TR, FREM, MFEEa. b . By Bu
py HOERE AR, PIFRARIRZER 3, YR58
TERERLRON N, TCe LA A& IE S5 A i 2 dE 1
B, BRI, BEPLAUN Y CLPM By rh4
SIHTTEARRMR 22 . B X R R 3 . Gei TP
1 At AR 2 D0 T [ SO0 i o Wu S8 N
G H BE LAV 1) CLPM 19 AIC ( akaike information
criteria ) Fll BIC ( bayesian information criteria ) $§ 5
ANTEERS, S FHFEHLAL N ) CLPM #4749 1]
HA RN ST o

Wt AL R Y CLPM A7 74 A 2 (Wu et al,
2018) o #F—, HAERHH SRV A [0 U800 B
HBENLRN . GRS A RIELL, A (1) ~(3)
JIE7R 1A 5 R 04 i RSO JC A B AR, 5
AGE T s i O 2B iy
2.1.2 BT Z)E A RIHT AR R A8

Zhang % (2018 ) JiRFEELE, 14 MLM #l CLPM
giafE—i, HZEARHPAEE (multilevel
autoregressive mediation models, MAMM ) #1714
b CULE3) , AT .

X, =y ¥ By X, 800 (17)
M(/+l)j = ZM/ +ﬂM/Mz/ +a/er +5M/(r+1) ( 18 )

Yoy = by + By¥y +0,M; + ¢, X+ &y, (19)

Hr S E s E 00 1, 1, M, B IRIERL
BE By Pog B By, ISR @, b Fl ¢/ FIAZL(10)
— K, BATERTT LLE B E RO L5k 22 I I
Ko RAVELEBI BN e, =a+u,, b =b+pu,
A ="+ p1,,, Zhang 2 A FH DUy b A 740 )
TR, e, QA RN R BIE R ab 5
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Cain 5 (2018 ) FHBLHIITFE LA T i £ 1)
HIAMERL . — i e CLPM (1 (b)) ) | P4l
A MLM (A2 (8) ~ (10) ) FMZJZE A g
I BALEGN B A A TR R 25 R
TS | R MG ol b, 2)2 A WlH /s
RIRRI A 2)2 A BEh A BRI R R Z—FE
TREREP R, Zhang 25 N BIBUWTIE &I, 24
FEMEED SR (r>5) HA 50 AL () 250)0f,
ATLIAS BIERRY ab {8 ANARZEAS R MER I /2000
B, WFF%:>10H>1008% > 20H /> 50 ( Zhang
etal., 2018 ) .

Person j:

E 3 ZEAMFHRNER (%% B Zhang etal., 2018)

HAFE RIS, 22 EHE R AR FIREH L
JV; ) CLPM [ H A R0 B R AR fiE 7% 5% JR BBl AR
AL BEALRNY (RIAMAZE R ) |, (HZF 2 =
WEB AN TE, G, SR R AE T FEAIL S0 Y
CLPM JEHJR 1Y, BT, 51 5 TRV EFI R
Hk, Z)2 8 REP AR AR S ( Zhang
etal, 2018 ) , —J27RHH[H] O F HAT RS ] AR E 1
(LA By A, X0 % X, FLXG X6 X, B A A R EHHSE )
RNk [R] P A E] M) PR AR S, (HBEHLASON 1) CLPM
WA XTSI, 5=, Z2 A REP AR
AT DA 500 1, R Ly R BRI, (B BB
(1) CLPM ASAT AICREARL
2.2 FHEEBEN AR A R0
221 HLM B o 3 AT

AWTEE TR, 2 R AR (DL 1)
(RSN S Y N NS =R =R N < WA A )
A5 Ak 1 7% b (Cole & Maxwell, 2003; Maxwell et al.,
2007, 2011 ) , fHAE S5 AR — I H ARG 215
—ANHE IR A ¢ BRI AR, HRE T A IR
ME L, JCIE BRG] b A 2808 /N2 dn e Bt fs
SR T AR AR, PRI SRR A g A ) ASE A ( discrete
time model ) ( Deboeck & Preacher, 2016; Voelkle et

al., 2012 ) . Deboeck #ll Preacher (2016 ) i JH i %2
At [E] 45 ( continuous time model ) & i ke B i [H]
FARIAS A2 o
1 SN (A AC A A JEAC R R, (R A ¢ TCBR
T 0, LRI T RGP T FE RN A
dx(t) AW (1)

g rG—y (20)

x(f) A& 3x 1 I, B0 3 FoRTEm %) g
AR AR RIS i, A 2 3% 3 A A
F e AONEE R C IRl R08 W R R X 4R ) o
A R B RN 5 B8 2 T R R, G
L, @%Eﬂ?&éﬁ]ﬁﬁz ( Wiener process, f&—771i%
LR AL R, WA IE S ) P AR 5k 250

( Deboeck & Preacher, 2016; Voelkle et al., 2012 ) . %
SR (BASEHRAfT FH RT 2 A [ S AR ] 9 B 261 T
[ FR A a3, A S T R R e U A
JERN R A, SRIGTHR R E W S BT A ¢ 5%
TGN R AU e A, S T — WA 3 e
Ji B TR] U G L [ Lo Luer 1 T T AT RE RGN 1] H A1
ROV, AH LY BT SR RE AR T 2 IR R 4
B UEARER R A o GAAAR R B 1] v 00 1 R
FHIEDE EDULHEAG 2 G\ 1) A 35007 K/ INBE i B 1)
M S AAREEE, I 68 & B0 I s ] U (A
B, A FR AR USSR (B ( Deboeck & Preacher,
2016) o {HARIEREAIE, ELEN RIAIA P Hi b2
&M, —RAEREFXREAERB MRS, —2
ML R AGE T —Fr CLPM (WL 1 (b) )

( Deboeck & Preacher, 2016; Wang & Zhang, 2020 )
222 ZJZME RIS A

Huang 1 Yuan (2017 ) 45 55T MLM 194 [
B A (A (5) ~ (7)) WAFHEAR
HZEMOCR (AN RE a 1 b) BEEEZE
ROV, PRI, B ARG R YOG R R A AR R 2
2 B AR R BRI (multilevel time-varying coefficient
model ) BN Z)Z TR ( dynamic multilevel
mediation model ) (/AZ( (21) ~(23) ),

JZ-1:

M,=r®)+a®)X,+e,, (21)
Y, =06,t)+c'()X, +bt)M , +¢,, (22)
JZ - 2:

r@)=r)+uy;  6,()=00)+ uy (23)

HREL a(t) . b)) F1 () BACURBAIF (A
(5)~(7) ) fHEMRE a. bR, FREREZ
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(8] 192 A R ) A8 4k, JZAE] ¢ B pRERL,  a()b(r) 3%
NN, c(t) RN HAZRUY . Huang F1 Yuan 2f
FAESTIRE S ( penalized spline ) V36 AR s ] R (4
a() M b(r) ), BVHZIEREL (FEAS) RiE IR E]
PRAL, T AZESIHURAR sRE 2t (B pR %Ki
LRSS ), (EeRECE I (TR SRER
TR SCEAE, 2020) o SRR E] BREGH A
2w (21) ~(23) , FHDUHEESE Tk m 5l i
IR o

Huang F1 Yuan (2017 ) FEHMHSEILER T2 )2
IS RBAEIL S MLM (A (5) ~ (7)) fEar
BN AT HT R I, 4 SR R I T A 28O AN B s ]
AT, PRSI A ZS R 3 2 rh A RN B[R]
AR, Z2 R AR BB A AT TE AR 2% |
Y7 R R AT SEIX ()4 55 %8 LA L T MLM 1943
Mrati, Z2 2R REER A R AE T Z
= IR B %, Huang F1 Yuan (2017 ) ZBIRE R
AEE I 10 LB H T 2208 R A0 A
5187

HARE RN R, 22028 RECBIR R LT [A]
155 Y B AR AR 158 75 25 vh /i 00 Bl B 1) A2 Ak i AL AR
BRI G . 22048 REER A5 581 2
X, — M, — Y, B AR BB E EERON
T 22 I (AR AL S X, — M., FIM, — Y, 1)
SRR VAR ST A= N CIVSE VAR C EBUES din | 51k e
BT BAR R AR R R AR 2 [R] ERE
MG 2R o
2.3 RN B EE ARG VA B LA

I ) 5 %) A 5O A k2 A Bk A
R EIE KA (LGM ) FJFR. Cheong (2011)
FRLHUBEIE FL A T B IE SIS LT, Sobel A1
BN EAERET LGM W AR AR A i A 2000 ( LR
2 MRS L ) R, 45 R,
i B GE 3 IR T Sobel ¥ . Koo %5 (2016 ) ik
— L R AT LU T R IR IEAS S LT, Sobel
e AR I A 22 4% 1E ) Bootstrap 75 7E J& T
LGM BYZE AR A TR A 8O 40 B Fh R, 45 5%
WY, B AR ISR A ) A R0 AT 5 e A
K, WZERIER) Bootstrap 2 R B, TR0 10
IR Z, Sobel ¥ifiw 25, Koo 55 (2016) A ELE
Tk LB A VW AR IE /) Bootstrap 5. KA
TEBEAE ) P A i Lo B, AR 24 1
1Y) Bootstrap J7 iL7E L 25 N S il s 1 2855102

%, HEFXEE SRR MR E R Bootstrap
s, UUE R AL 1IE B9 Bootstrap 15 E AT HH A
BN 53 #1 (Falk & Biesanz, 2015; Fang et al., 2019;
Fritz et al., 2012) o 534k, KP4 (2019) 5l
DU 5 AR A T LGM #5880 s HLAG T 5 {5 b ke
KA. B TREPEIR AR . EARSAGTTE
FAR R B T MRS 2 A, H DLk
7E LGM WA i R Bl , A itk — 2R
AW

3 BRI PR ERNEE TR

G 1) B 1) A BON; 3 AT — o RERHEA T D e
ROCHEUEEE, 2017) #Egm? BREA—E, R
A E RECFIBEPL R Z0 CLPM., £ 2 A a1
P A Y 3 2 I () A5 Y A BB R AT Iy s R 2R 4
1B, BRI = AR AR T T ek DR SR 4 0 oy
=GR E S = G L e - S R EI TSR 92

( MacKinnon, 2008; Preacher, 2015 ) .

MLM Fl 2 J2 i} 728 22 0158 4 7E A 48 ok 2 v,

WA 7% S8 AR 1 22 [ 52 ) S 5 W, He A o iy

(X, —M,—Y,) A 588 go
5, AR RS IR A S DA e (IR
B, 2017 ) o Cain 55 (2018 ) B B 1 20 1 4K
P 1Y) MLM Hra 43 PR o8 22 2 800 Y (multilevel
cross-sectional mediation ) 34T, (HASEREMNRE, T
Sk, WFRE @ 2 2858 7 BT (multilevel
structural equation modeling, MSEM ) #4171 443+4T,
4 MSEM iRk T MLM RSEEAT IR ZZ A AL
{0 MSEM 19 B A5 FRATS SR I AT 25 TR AR 1 2 (] 1) 5
Ja R AR, PIHGRIEE LI AT Dy I P e %) R SR A 12

( Zhang & Phillips, 2018 )

LGM A0 T A28 i sl th Ze sl A=
. P, LGM FUE YN Es disr 14L&
AR PIGRAAL, FECEBGS AR, AR R E Y
M SEHR (FIERACER T Cay— o — ay ) FIAELL
R (Sy— S, —Sy) ) IFEARRSEE Y
T CWE2) , B A BT b 2 A
AT, EAR N RS R 2 Gt LA A R

( O'Laughlin et al., 2018 ) .,

EA IR EISIE T LGM 5 MLM 7 Zh B9\ 1h)
BEET HA MM, LGM AR AL i i 3 Az i e T
MLM HPRBENLEON (i, 5em b, 2018; Curran,
2003 ) o {H LGM BEXTIA ) it i) i AR EA 7 Bl
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RIGHARE, fian, & 2 Frse) LGM BELE DL g
PR R SO AL ( RIERR B, angk
PR ) TR, AR A RS R AR S B RN
Z B, MIEUT HZ B B A HEAREL( piecewise
growth mixed model ) ( E4FE, 2017) .

4 YEEHEH T TR R E

A0 — A\ ) 5 1 A 8O A BT AT 55, IFSE
NS A HEA T ARYE AT TS, AT
—EY\ B PR TR (UL 4) i

1. B S R SR S g s s S B £
DAY S i B AT DT R SRS . R,
HEAGEER 2 GnARs , WA LGM 5 MLM #4707

2. B BB LSRN . WA, W
SEIFRIRRIEA 70T s WoRA, WIHEALTE 3,

3. M EH AR o R = A TR AL
SRR 1 A8 S I AR Y (CLPM ) 822 )2 [ [
WAL IEA T A0 AT, SRS, DB R I RN A
CLPM #1750

T B AT I R SR A 1 2
v
[ I
= &
v v
T S BRI AR RN 2 LGM B MLM
v
| I
= i
v v
TSR AR T B SRR ZE S 2
v
| |
2 o
v v
FEHLACS ) CLPM SERLN ) CLPM

2 )2 E AR A A
B 4 RPN IIRE

5 INGS

G 1) B 1) A 2800 AT AR AR S A (A
Wr ) S TE Ak T O 22 () L, Ay 48 7 A% £ 1] 7Y
PRy A A L A IR S0, E 2K
A A IE 5T B B #4005 ( MacKinnon, 2008; Preacher,
2015) o HAT, g b o ik my R A

PUAcF2k, B2k FLIE I RI7ED £t 1y v
Ao BVERT PRS00 ), B 22 i T A AL
ZJARAR RBP4 LR RN R R
255, CLPM R I E BENLAUN 85 227K PRl
FRSE G AR TZ BRI & e 22 5%, MLM i 1) 2
[ 1 77 7 1) 5 2 Ok S WA ) 22 57, LGML i 4]
G- RS AR A 5 28 S AR TR I 1 22 5
W= R RAER ARG, R RIAE CLPM I
MLM B5 N2 )2 H RO, RS AR
TR IR 22 A AR BELSON Y
CLPM % H 5 Ze i [ BRI g TR &, LUGE T[] i)
2255 R A [ I AR (W et al., 2018; Zhang et al.,
2018) o SEPUSRELIE P BRI E, )2
I [T AR 22 22 I AR 2R SR A A A3k D
AT A8, LGM 8 13Ufd FH Bootstrap 32 i
gt
BNk €7 R VB2 S B S e
BrBe. B, AR R BJZ A 300, Zhang Hil
Phillips (2018 ) ¥ 2 )2 A HIA R/ BERIE 2| £ 2
A BYIESL, 2R A EH R AR T 2-2-1 &2
ERA ot ( AR A R ARAETIZ ) o Zhang
S5 (2018) MHF 22 H A BB e 24
AR BOS BaTR  SLIn, ARSCH) CLPM 380 %
JEMEER 2%, Zhang I Yang (2020 ) U5 HR
(ENZA1EPR AR A RI(E ) P72 B [ AR
CLPM KA G G222 . FRAN, AU Ko
IRFE B AYTE O, Huang 55 (2019 ) K22 JRHAZ R 8K
BAME R BIFHA S BT SO, 20 TS (latent
class ) N2 /ZHTAE REAEY (Huang et al., 2019) .
FIAN R T AT BN s ) A S AR AL A
AR 2 [E A ( state space model ) ( Gu et al.,
2014 ) FEHEEFR T exponential decay model ) Fritz,
2014) | AT (latent change score model )
( Preacher, 2015 ) %5, ikt A/ s H 4L T
— IR B AN FHIN 1 B i A SO L2
FAAR BEE DI G A A T R IR A, 22
ANWITHEIRRAT TR o) 5l 8y A T S A
1. B 5% T https://www.researchgate.net/profile/Jie
Fang34/research T %
SR
JESCH L SRR | 57 . (2020). NSRS R K AR R AR R S A Y
REH] O PAFLZE, 43(2), 488-497.

I G L SRR | SKkSCHE L FILET . (2017). ZHBIR A AR )y
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Abstract Over the past 30 years, most efforts on testing for mediation have been based on cross-sectional data, which may not get causal inference. A
possible solution for this could be to collect longitudinal data and perform a longitudinal mediation analysis. There are three causal arrows in a simple
mediation model for analyzing a system of causality. If there is at least one causal arrow where the effect arises sometime after the cause, a longitudinal
mediation design will be necessary for effectively observing the causation. There are three types of longitudinal mediation analysis approaches: (1)
cross-lagged panel model (CLPM); (2) multilevel mediation model (MLM); (3) latent growth mediation model (LGM).

There are four types of development of longitudinal mediation analysis. First, time-varying effect of mediation effect is tested. Continuous time
models (CTM) would illustrate how mediating effects vary as a function of lag. Multilevel time-varying coefficient model (MTVCM) can capture
direct and indirect effects over time. Second, individuals-varying effect of mediation effect is investigated. Random-effects cross-lagged panel model
(RE-CLPM) and Multilevel autoregressive mediation model (MAMM) should be adopted to analyze longitudinal mediation. Third, during integration
between different longitudinal mediation models, the outstanding performance is the integration of CLPM and MLM into MAMM. Fourth, the method
testing mediation analysis is compared. Bayesian method should be adopted in mediation analysis of MAMM and MTVCM. Bootstrap method should
be adopted in mediation analysis of LGM.

In the present study, we propose a procedure to analyze longitudinal mediation analysis. The first step is to decide whether it is necessary to make
a causal inference. If the aim of research is to make a causal inference, then proceed with the second step. Otherwise, LGM or MLM should be adopted
to analyze longitudinal mediation. In the second step, we decide whether it is necessary to test time-varying effect of mediation effect. If the aim of
research is to test the time-varying effect of mediation effect, CTM should be adopted to analyze longitudinal mediation. Otherwise, proceed with the
third step. The third step is to decide whether it is necessary to investigate the individuals-varying effect of mediation effect. If the aim of research is
to investigate the individuals-varying effect of mediation effect, RE-CLPM model or MAMM should be adopted to analyze longitudinal mediation.
Otherwise, CLPM should be adopted to analyze longitudinal mediation.

Key words longitudinal data, mediation effect, cross-lagged panel model, multilevel model, latent growth model
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FF 1. EERBIN CLPM R4

DATA: File = 1.txt;

VARIABLE: names=x1-x4 ml-m4 yl-y4; Ix, m,y #S5&ME 9K

ANALYSIS:  bootstrap is 5000;

MODEL.: X2 on x1; X3 0N X2; x4 onx3; m2onmlxl; m3 on m2 x2; m4 on m3 x3;
y2onylml; y3ony2m2xl; y4 on y3 m3 x2 x1withmlyl; mlwithyl;

MODEL INDIRECT: y3ind x1; y4 ind x2;

OUTPUT: CINTERVAL (BOOTSTRAP) SAMPSTAT STDYX;

E: AREFAEEL RS R BRGNS 0] MR E M. WIRERFFE RN R AMRRENE, rTHNREITERIES, 41 x2 on x1(8x); X3

on x2(Ax); x4 on x3(Bx); ! (B x1-x4 [ 5] U5 2R B M S

FFF 2: BEHIBIRIN CLPM B AT
DATA: File = 1.txt;
VARIABLE: names=x1-x4 ml-m4 yl-y4,
ANALYSIS: type=random;
MODEL.: X2 on x1; X3 0on x2; X4 on x3; m2onml; m3onm2; m4 on m3;
y2 onyl; y3 onyz2; y4 on y3; x1withmlyl; mlwithyl;

bily2onml; b2ly3onm2; b3|ydonm3; BRI

allm2onx1; a2lm3onx2; a3m4onx3; clly3onxi; c2|y4 on x2;

[al] (am1); [b2] (bml1); alwithb2 (covalb2); 'BEHLZN al Fl b2 FI¥{E A aml Al bml, H3J7 % 4 covalb2

[a2] (am2) ; [b3] (bm2) ; a2 with b3 (cova2b3) ;
model constraint:  new (mabl mab2) ;

mabl=aml*bml+covalb2; mab2=am2*bm2+cova2b3; ISR 4RN;

TE: ARER A BN BON B E RN GRE G, SURAT BN BONRENLN, AN I8 AR B (8] 5% 22 B B N 18] FO 7
SEVE. WRELRFFR RS RIARENE, WHEINRRHERTES), 40 a1l m2 on x1; al| m3 on x2; al| m4 on X3;

B 3: T LGM KBRS (NEIEEF L AHEES)
MODEL.: IX SX | x1@0 x2@1 x3@2 x4@3;

IM SM | m1@0 m2@1 m3@2 m4@3;

1Y SY | y1@0 y2@1 y3@2 y4@3;

IM ON IX; IY ON IX IM;

SM ON SX; SY ON SX SM;

IXWITH SX; IMWITHSM; 1Y WITH SY;
MODEL INDIRECT: 1Y IND IM IX; SY IND SM SX;
Ee IX SRR X IR, SX R, DA,



