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i X, - A M, AR Y, ) BRI
HiEEAE (B 1, B (a) ), AT
R
JZ 1 M=y + &y (la)
S22 Buoy =Vwot+aX, +dZ,+gX Z  + 1, (1b)
JZ 1. Y, = :BYQ;' +bW(Mij _Mj)—‘rtW(Zij _Zj) +éy (2a)
JZ 20 Broy =t by M+ X +1,Z + kM Z  +hX,Z  + pty,, (2D)
ot B 1 Broy FRIE T IERER, 00 Fl ppo T2 2
MIRREE, ey Al ey FORIE 1VIR2ZE, ppgy T gy RN
25%2=, RiR)Z 1 A2 2 5k 2ZAHH B N7 HABR M IE
BA . b, FRPAAERE M, AN M, —M
MR, (AR AR NRN ), by RE RN =
M, TGRS M Hs0s (AR RIRRGLIION )
ty %‘%i‘lﬁ%@i Z,, EI"JZEV\]%K%Z,, - Z,E"Jﬁiﬂj , Ip ’fiﬁ
TNV Z, AR Z 5505

MFZER, REAA R, PR AR
AR —ANER 2, MZ R e R AR 2005
AN, IR, 2014 ) |, PRCIAT AR A L RR IR Y
22 BrP AR (LK 1) o AR R AR R
BT R a + gZ )by + kZ YRRy s fsden, s
(a+gZ )by + kZ WEZ ftyHUEIX 7 A (6 e AR
F/MEMZERBE, Fomh sz 2T R
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W, MHEUE , 2014) o BN ke +hZ,, B b
HEAET 0, SO B0 Z 2T (O, 5kl
REE | 2014; 1R , A5 |, 2014; Hayes, 2013 ) o
BUAEH# FH Monte Carlo 155 & 15 X A FEA 7RG (7
A, TS | 2014; Preacher & Selig, 2012) , IR
RO BT, W ET7F (26) 3
WihX ,Z BT,

Wb, AARJE 1A AR R Z, HE 2-1-1 Ry
YR PR AN g (RS 2, K1 (a) Zfifk
k), WIZpidrfe (2b) BY3RFBILM Z BinT, 1t
A A R g (a + 9Z )by, IR gby 1 A5 X 11]
G 0, AR PO Z BT (A, KR
4 ,2014; Hayes, 2013 ) . AR 1 35285 Z;, HiM
T 2-1-1 A PSR R R B AR (AL 3, [ 1

(a) ZWHZRe) , WFEN 24 5F (1b) 1dZ,
FlgX Z JUnl, st 5ios ha(by +kZ)), i
ak W EAF X AEEE 0, BR800 52 20
( Kim & Hong, 2020 ) .
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JZ 1: My =Py, + ey (la)
JZ 2: ﬂMOj:7M0+an+d£j+ngZj+luM0j (3b)
JZ 1. Kj:ﬁyoj""bW(ij_M_j)"'gyy (4a)

JZ2: Broy =VvothyM ,+ X+ 1,2, + kM ,Z, + hX ,Z, + piy,; (4b)
T AN (@+eZ)bsthZ), A7 5]
JZ 2785 Z AT AR TR ST R AEZE 1 Ny
WAL, CE BN ke + A2, B b R
ST 0, WU RN Z BE T, AR R AR
AP, WX (4b) RSP hXZ BT,
W 2 AT AR Z, HATT 2-1-1 R R
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PRACA B (B S, B 1 (b) Femiigie k) ,
W] Z: 45777 (4b) IOFRFATILM ,Z BITFT, Lty rh
Wi h(a + 8Z )by | i gby BB X A AAE
0, BF/RPARAZENNT . WERE 2 AR E Z
HAT 2-1-1 By Ja R B Rt (B 6,
K1 (b) Ewipgitg) , MIFERZHT7 (3b) /Y
dz; ® gXzZ BI], BList i AR08 8 a(bytkzy), n
ak ) B 5K A ARAHG 0, whF R AR %7 5
%5 (Kim & Hong, 2020 ) .
22 AW 1-1-1 ZEPNH
221 WA EEZEA
A1 AR X, NN, - X ) =X,
J2 1A R M, AT M, - M ) =M, JZ1
A i Z, AN Z, —Z ) = Z,, WJE 1
ARG Z; RINHRAAT 1-1-1 thAy ( AAR R X, s
M, AR Y, ) R AR B (B 7,
K2 (a) ), ROBRILFE TR
B M, =By +ay Xy +dy 2,48, Xy Zy + 6, (5a)
)= 2. ﬂMOj =Y mo +a8)?_j +dBZj +g3)?_ij + Mo, (5D)
JZ 1: Y, = Bro, +by My + 1,2+, Xy +ky My 2y + hy X, 7, + &4
(6a)
L+ hyX Z+ 1ty
(6b)
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7, FE R S P A0 (Ryw, 2015; Zyphur et al,
2019) . e, 2 VIS Z, TN AR,
S B 2 P9 A S R (ay + 23 Z ) )by + Ky Z ),
e (ay + gwZy by +ky Zyy) 15 Z,, B9 BUAE X ]
A B4 B B /ML 2 52 B, FoR L Ay
RN A2 BN R T OB, HE R, 2014) o R
(94 N B BB Ry + Py Zy, TSR By BB (S IX
IR AL 0, 38 7% 2 A TR 2 B9 .
W, S EAS AR R Z, PR AL A O, R
2L 1) P A R R (ag + 852 )by +hpZ ) i IR
(ay + 257 )by + kyZ JEZ X 0] 9 B SRR
/MBI 22 55 8, FEme ] v 280 52 5
CHELAEE | TS0 L 2014 ) o I A2 ] B 4980 o
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[N 224057 (6a) AR oy X, Z, FIT R (6b)
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WARJZE 1A & Z, R 1-1-1 R R e
R RS (B9, K2 (a) Kfig, M
gs) , WL (Sa) BRI g,.X,Z, F1J7
B (5b) TR, X ,Z BIAT, CEF AL A2k
I Ray by + kyZyy), G025 ayk, W EAE X RSSO,
SRR AL A RO AZ BT 5 A AL A AL
I hyag(by +kpZ ), UG aghy HE (5 IX R DA 0,
BRI PR ZFIRTY (Ryu, 2015) .
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WARRZ 2 WAL Z [RINRAY 1-1-1 o (A
At X, P e My - AR V) BT AR
HAR (A 10, B2 (b)), WPUTIF iR
J= 1 M = oo, +ay Xy + &y (7a)
2 2: ﬂM;)j =Vwot aB)_(.j +dBZj +g3)_(,ij + Hy0,(7h)

y; =y + 8yl + My (7c)
J21: Y, = By +byM,, + ¢ Xy, + &y (8a)
JZ2: By =vyo+beM  +1,Z, + &, X+ kM Z, + 1, X | Z, + 11y,

(8D)
ij =b, + kWZj + Ly (8c)
Cy = Cop + Py Z 4 toy (8d)

W ESE %) 2 18] R A RO R (atgaZ)(bsthsZ) , LN
NIEILH (aytgnZ)bythknZy) +0,, s G, FE ayy T by FY
5% %15 )5 2 (Hayes & Rockwood, 2020 ) , ZH [&] il
N RN A2 B ZE 2 A8 Z 3877 I ik
S AR RAE)E 1 BRI R] . BUR 4 Py B
BN Hey, + hy Z,, LRI N Ry + heZ s, R
By T CEC) hy B X EANLEE 0, #EFRosdl Al
(=) dHim) B RO 2 BT . AN AR AR A,
P, WEE R (8d) Y hyZ FIJ5HE (8b)
({3 FATGih, X Z HIT] (Hayes & Rockwood, 2020 )
Song (2018) FI#AY 10 (1812 (b) ) XA LAL
S EEAEIEAT T AT 1-1-1 s, B2
29 ( BRI ) [RIEHES 1-1-1 Hp
PIHIT S A AR TN B AR
WAL, WR)E 2 A R Z HE 1-1-1 Ty

PRI ER AR B (B 11, 812 (b) Kk
il ky) , WIS 224805 (8b) TRk, M 2,
FFE (8c) 1 kyZ BIAT LGB A ZH P9 A 35007
(aW+gWZj)bW+Ua, b PUES Swbw BB X AR 0,
SLFR AL ARV AZ BN 5 I A ZE ] TR Ak
BLH (agtesZ)by, AR gpby 1Y EAR XA ALEE 0,
EATRAL R R AR AZ BN AT ARE 2 AT AR
Z FAA 1-1-1 R 10 5 2 B AR N B Bk AR (B
12, B2 (b) i g Ml gy) , WEM 457572 (7b)
(TR Iig, X, Z A5 FE (Tc) ) guZ W], LR
HNPABENL R afbythkyZ)to, ,, AIF ayky, (7 EAS
X AALEE 0, SRR N TR AR 32 B9 775 1k
I AL A RN R abytheZ), QAR agh, HYE{FIX
FIALEE 0, BEFTRALE A 2400 32 09845, SPSS
% MLMED ( www.njrockwood.com %% ) AJ {47 Z
PAATAHY 2-1-1 F1 1-1-1 450471 (Hayes & Rockwood,
2020 ) .
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A ERF T 2 [ S RF (colleague support )
ok H B PR R Y TE AT I (felt obligation for
constructive change ) M 51 T A 2 5 ( promotive
voice ) P/t , 22 WA (subgroup
formation ) FYIE T, HAkM, HAARFEFZEE, F
A AR R TR, AR i R A2
21 AR, RAL 1-1-1 AL, BB TR Y [
FEFZE, 0T XA A TR IRA SRR, 5
THAERUW S . B2 2 AT AR 4T R (B
TEA R NERIE B INATA ) 25977 (ks ) 1-1-1 gy
PIETE AR RS SR> JR AR SRR )
Wit RUl, AR AN EZE, TR
BRIy, e TR RIRE, JEs Xt
SEI SRR, MA@ F5 17 ke ARBITA
A B G S AFE], 162 A0 ) ¥k A
Xie % NHUHIFSY (Xie et al., 2015), F/H Mplus 8.3 3
TR T Z2 )2 MR B AT B AR B T 1Y 1-1-1 vh

F1 ETSREMNRBNATLBERATE 1-1-1 FASRER

% AR HNH R R A

- B t B t
a(x—m) .68 1.98" 1.49 223"
b(m—y) 82 1.73 30 1.70
¢’ (x—y) -32 -96 22 1.00
d(z—m) 31 63
gxz—m) -.08 =71 -49 236

TE: p<.05,"p<.01,"p<.001, FPRECHIEbRENE.
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bt R 11, RRFP IR SE ) o Rt iy e,
Xie %5 AR HF 58 BE 15 A X2 148 &8 pE AT bk Ak
B, WEAKE 1 AR ANEE T2 2 8l R
o FAVKIEHFE (7) F1(8) (HFES (b) Ffd
1,2, + kM, Z +hyX (7, 8 (¢) RS (d) 5353
k,Z +p, fh,Z + ., ), BEXHZE 1 A8 A g 4
OEAREE, SOR)Z | AR R E T2 2 BlE
FErf, PG TR
HE AR 1 1-1-1 TP IS S5 R R 1,

1# 17 R 44 B9 RMediation 4% 43 #4417 Monte Carlo
) HR A SOV S 5 (Tofighi & Mackinnon, 2011), 4%
LW, guby (-49x.30) 1Y 95% (K EAF X [H] [-.40,
02], f35 0, KNP AT 555,
gsbs( .08 x .82 )1 95% I B {5 X [H] [-.35, .14], 11f5 0,
AL R AR AR T, FRATAEE RS Xie %

(2015) AN, Xie S5 AL I 1-1-1 ARG AR
BEUEAT, RO TR S R R R A RE SR AE T, Xie 55
NIEA N 1 AR TP b B, A K2
1 A BMEE T2 2 B,
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T 2 )2 AR A B A I Y Y 8808 A A
) e RS JE 2 AR T A A8t 79 T AN A7 A T
W25, X o B A AR TR0 B ARA (Preacher
et al,, 2010, 2016), £ )2 &5 7 R AL 22 A 5l Ay
218w (M) 53RN (M) I [a]
WAy (My) PG (RS, 2018, 57K, IR
A% 55 | 2014; Preacher et al., 2010, 2016), 4] 40,
AL (M, — M VAR I My, 05, LI S3
M AR My, 68, BER I 15 ) M 1o ik R AR
25 (W3, PEWEZEARTTANSE , 2018; T, il OBk
4, 2014), CAPIRERL TR T 22850 )
FEBAY A PR B A o3BT s, 43 i TE AL 5

(orthogonal partition, OP ) 7%, BfAILZRELHN ( random

coefficient prediction, RCP ) ¥ . 55454777 (latent
moderated structural equations, LMS ) % il U1 i34 & B
{H ( Bayesian plausible values, BPV ) 5, 2T ¥f DA
HI B AR G2 2 AT AR IR TR 1-1-1 Ay (R
11, K2 (b) Eifslhky Fl k) 1, FASE T 454
DRI T Z Z TR T
31 IEASrENE

Ryu(2015) #& i T35 TIEAC /0% (OP) 147 14

WZEPA . R 3 R, JE 1 AR M,
MY, Ao NS s (M, F Y,,) FIZH AT
At (My Fl1 Yy) (1 Mplus SE8L) , {H2 X, 212
FHMERX, — X FIX A EIE S0 AR, 9%
J5 WA RX 5 A Z TR AR X 7,
BEHE =AY | Z X Z B R AR RS
Xy Zy W XyZyo RN (agtgsZ)bs, AR
b B S IX B ALAE 0, w3 m 20 18] A 2% 2
ESlpE R

B3 ET OP ERYATHEEEWIATE 111 AE P s

3.2 Bl R BN ANVE 15 A5 48 7 Rk

TEZE 53 HIE R I AN R AR T A5 2 T8l AR e
WX ,Z,) O THRANK AR, BT E R
TG T AR, w1, KRG
Bl A A oI A i, BARHL (DLET4)
JRAA MR 1 AR5 X,. M, F Y, #5 B 30 o0 i o 20 1
A ( Xy My F1Yy,) I EITE AR (X, My, Al
Yy) (H Mplus 5538 ) , )22 AZ8 & Z & 4R
PRI AR Zy o HOKR, HARNE A (X, Mg, Yy
1 Zg ) ARl 2P L B A 538, [R]EZH T
i (X My B Y, ) (805 Z0T (VR AR 5 Z,
FEJZ2) WANTA G, X TEZREAY, gl
JHEEHLRELA (RCP) ¥, BREREHLREE ay) 9
A, AREEHLRNE ), X JE AR I Z,, 1R (O
TP kR (7c)), HHN I BLA (ay +guZy Yow, U1A
by WELAR X BUNELEE 0, SRR TR A 200 52
PP (F77REE , 2018; Preacher et al., 2016 ) , HARHE
TE Mplus H1, FHiER] “awj | mW on xW” & ay; 4
BEHLARER; FHIE4) “awj on zBj” SKEHHLAIR a,, Xt
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PETT AR I Zy, (IRl

SEFRVZVEAT (UL 4) , n] LA AR Y 4%
R (LMS) %, RPEESHHEmnah, %
AR AU — A FRAIR & A, B
Gy ATER R SRA IR A, H A R X £ EM
7% (expectation maximization algorithm ) #F 17
TR A Hr (TR, 2018; R ELBE , XI4L =,
2020) , HAHEL, 7E Mplus H, iE%) “XZB | XBj
XWITH ZBj” 18 SO e P INEE i Xy, Fl Z,
PRI XZB o SRJR AT LA A “My; on Xy Zy,
XZB” TS (on BZE AR &, on A4
MRAAER) o AR ENH (ag +8s2)bys, UNH
gpbs BVEASIXBIANALHG 0, 5k 2 21 6] rh A 300 %2
N

B4 EF LMS AMBTEBEMITTHH 1-1-1 HiER A EE
3.3 DImHrn BEfE L

TR EER R (LMS) AU E R REA &
K, HitFEEWAEK, JEFHFER, FXhxeng,
Zyphur 55 (2019 ) $2 T 5 4 1 DU 37 & BEAE
(BPV) ¥, ZJrik LS s By DU vkok i
I KAERA T (Mplus B WLRFF %) o DUnF &
BETE 0 =200k, 0, A A A B
B XPE IR TA T UAMEE (1110000 7K ), M
7T A= b A8 £ ) DU SRSB4 43 ( RP DL 5
PRAE ) DXAE A FE— e 228 52 20 YR B Z( Rubin,
1987; Schafer, 1997 ) , 53] 20 AR s R A5 MEL
Pt DOPMETE AR TR A S (R A T 2
AL, B, mFEER (X, MZy) HER

HAEE— e =, HEEETI (W X,2Z,)
YiE O AR B (A0 X, R Z, ) A B AR, X
FERTA (VAR A T 45 A AHR I A 3E . 5 —
H, HCRAUAG T 7 ok T SR 3 &
B AR A TR R A 20 AR
£, IR RRBA TSR S800 20 MbTHE,
20 METHEMIEVE N LA S B THE. 76
Mplus SEIRET, J5 AN TR IE FH— R P S
Zyphur 5¢ (2019 ) A DMl RE(EIAMIGE T2 2 4
AR (M) X 1-1-1 H Ay (BG4t S &
B—EE ST ) BRI S T B AR B B AR R
TR
34 URITER

Kim F1 Hong(2020) L #% T 1E 3¢ 43 #13% . RHAL
FRECTAI RNV P T S5 RS 1 R AR R
2-1-1 AT AN 2 2 PR AR Y 2-1-1 Ao irh
2B, Kim F1 Hong =77 (0 FH VS 8 15 2544 7 FR i
HEATAA PR Y 2-1-1 o, BRI T S5 R
TR i 2 0 DX (0] 7 25 R 8 bm L3RI A . AR
Hi, M)2 2 B4 200 N HAFAH 50 ALLERT,
T PR 254 AR T2 1 IR AR A 2-1-1
AT 2402 2 B0 200 N4 HARH 30 AL E
BF, AR PV R Y S50 R A T2 2 R AR
() 2-1-1 HRA 0T 3N GG SRR AT A Y i 2
ZEA i b B 45 R —2L ( Cheung & Lau, 2017;
Feng et al., 2020 ) ., Cheung 1 Lau(2017) H45% 1 B%4%
Sy BITI R VA 15 548 5 R A e B AR e A 1 ) B
JEHARON TR SRR, FEIES R
T, R AR R AR T SR R Y TR RO 1Y)
bootstrap 5 X [H] . Feng 5 (2020) LK T #4250
ik, FeBHahRik (AFRICAF I k) ARGy
SER T RREAE G AR R I B Z A T R
P, SEREH, KIS RESHEEEIFESNh A
TFT, WREN SR R R B S i

Kim 1 Hong 9 Bff 5% i& & B, BPAH =2 &=/
£ 200 2 HAB:4H 50 ALL L, JfH ICC (intraclass
correlation ) FCHF, 1E 343 E VLA SR A7 A2 S KAl 1
i 22 KA TR R, i B AL R B VA AT SR A 7E 2 4K
T A ARIE DR 22 K FORIRSICR B m ), b7
WAgH, EASHI . FEAL R AL A a1 2
R 5 FRR AR = WA ) S UG TR T BE R AR
— > AT RE ) i e Ak 2R DL A 3, PR D
I S T R a2 i e A A a0 R AN WAL A0 ) i) A8
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®2 ETHETDENAEENWRATH A-1-1 hAoER

2% 218 R A A TR A
B A4 X ] 5 41X 7]
a(x—m) 1.08 [-52.449, 59.018] 44 [.267, .657]
b(m—y) 2.37 [-2.797, 8.379] 42 [.163,.613]
¢’ (x—y) -54.87 [-144.708, 28.911] .06 [-.173, .310]
d(z—>m) -.004 [-413, 431]
glxz—m) 45 [-16.186, 17.321] -20 [-.350, -.035]

. R RBOVIRRIEILR

Asparouhov 1 Muthén(2021) H % T D1 3r i 3 A9
VR SRy RR R (RO S Oy ARk T

PR AT, (RS EE T A DU,
ER USRI ). DB B ETEAEZ 1 R AR
Y111 i (B 7, B2 (a) ) Wiy
Mo ZERKRI, ERZERIX R 3R hr L, Dlnt
AT E TR 1 25 A RO DU S A BB
Asparouhov Fl Muthén TAH, DUt & FRAE 7L 3R 81
AL ] RE IR PR TE stepl Hh 20 732 HIR ( HAA
DURRESRRRIT ) o AT s fe A DLt o i v
SR RREIA TR VR RO 43T

35 il

X} 2.3 o30S, R Mplus 8.3 #fFit 12
JE GG 7 AR Y (R P B AR R R T 1Y 1-1-1 R4
BT (CF2F DLRRE SR )

351 UIHHEHbT;. LMS #il RCP ZiAHLE &

W DUnE At R 25y R (LMS, 4y
MIRZ AR g5 ) FIBEHLREME (RCP, 437
PSR gy ) =B S A TR B AR R 1 Y
1-1-1 AR, KBRS ER 2. gyby (-20x 42)
) 95% AIFEIX[A] [-.166, - .006] AR 0, FKHIZH A
BRI . A BN (awtgnZ)by= .19-08Z,
BEE T AR R Z (WADE R ) ks, R Hmmid
MR A ) TRAT BN 5 TR A 5 A A N R A sk
NN, BIE AR R Z W A TR AL
RERIRING FAN, @by (45 x 2.37 ) AT SEIXJA] [-30.632,
46.672] €345 0, FEHALH A0 AR Y

352 DIt EHEHL

DUt 3 5 BRAE VA AU A B AR M 5 1Y 1-1-1
kB4 R L3R 3, JE T R #F1Y RMediation %X
34T Monte Carlo 2 119 HP A %00 A5 56 (Tofighi &
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Abstract In recent years, multilevel mediation and multilevel moderation have been frequently used in social sciences. However, if integrated, there
are totally 12 kinds of multilevel moderated mediation models: 2 (multilevel mediation type) x 2 (level of moderator) x 3 (moderated mediation path).
First, there are two types of multilevel mediation when two-level data is involved. One type is 1-1-1 multilevel mediation in which all variables are
measured at Level 1, and the model includes between-cluster and within-cluster mediating effects. The other type has at least one variable at Level 2
(e.g., 2-1-1 multilevel mediation), and the model includes between-cluster mediating effect only. Second, there are two types of moderators. One is
the moderator at Level 1, and the other is the moderator at Level 2. Third, there are three types of moderated paths: the first-stage (i.e., independent
variable—mediator), the second-stage (i.e., mediator—dependent variable) and the dual-stage, which includes the paths of the two stages.

All of the above-mentioned multilevel moderated mediation models are briefed in this paper, so that empirical researchers could know which
kind of multilevel moderated mediation model meets their need and how to analyze it. It is worth noting that all predict variables of Level 1 are
centered at the cluster mean, and then observed cluster mean is used as a Level-2 predictor. In this way, the effect of the predict variable of Level 1 can
be divided into within-cluster and between-cluster effects.

However, using observed cluster means as the proxy of the true cluster mean might result in a bias of mediating effect, and a multilevel structural
equation model (MSEM) is more precise. In MSEM, a variable measured at Level 1 is orthogonally decomposed into a Level-1 latent variable and a
Level-2 latent variable. There are four methods with regard to modeling moderated mediation in MSEM: the orthogonal partition (OP) method, random
coefficient prediction (RCP) method, latent moderated structural (LMS) equations method, and Bayesian plausible values (BPV) method.

The core issue of these four methods is how to deal with the latent interaction term. In the OP method, the interaction term is manually
calculated. In the RCP method, the random slope at Level 1 is considered a latent variable at Level 2, and the latent variable is used as an outcome
variable to test the interaction effect. In the LMS method, the joint distribution of the indicators is approximated by a finite mixture distribution, and the
expectation maximization algorithm is applied to maximization of the log-likelihood function of this distribution, which results in maximum likelihood
interaction estimates. In BPV method, the key to this estimation is that it allows generating a Bayesian analog of factor scores for latent variables by
sampling from their posterior distribution some number of times.

When the sample size is large enough (i.e., the number of groups is over 200 and the group size is over 30), LMS method based on Bayesian
estimation is recommended to analyze the multilevel moderated mediation. An empirical example is employed to demonstrate how to conduct
multilevel moderated mediation analysis with multilevel models and BPV method by Mplus

Key words multilevel model, multilevel structural equation model, multilevel moderated mediation, centering, bayesian estimation



