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Liu et al., 2012; Muller et al., 2005; , 2019; ,2019; ,2020)
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(Hayes, 2018; Kwan, & Chan, 2018; Ng et al., 2019; , ,2013)
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meMO meMO

meMO

( American Education Research Association, 2006; Cumming, 2014; Funder et al., 2013;
Rozeboom, 1960; Wilkinson & American Psychological Association Task Force on Statistical

Inference, 1999)
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(Aikenetal., 1991)
Kelley & Preacher, 2012
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meMO moderated mediation moME
Baron  Kenny(1986)
meMO moME (Edwards &

Lambert, 2007; Liu et al., 2012; Muller et al., 2005) Hayes (2018)

meMO  moME PROCESS

moME meMO meMO moME

( , Gonzalez-Mulé et al., 2016; Liang & Chi, 2013; Park & Searcy, 2012; Tang, 2016; Tang &

Naumann, 2016; Zacher et al., 2012; , 2019)
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2meMO
(Wang & Preacher, 2015; Muthé & Asparouhov, 2012;
Asparouhov & Muthén, 2020) 2meMO
meMO
Markov Chain Monte Carlo, MCMC Gibbs
(Gilks et al., 1996) Gibbs Gelman-Rubin potential
scale reduction, PSR Brooks Gelman(1998) PSR 1.05

25% 97.5% 95% Credibility Interval CI

Song & Lee, 2012
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4.1 =N

2 -5 Wen (2010) Liu (2019)
1 r 3 0 02 04 2 0 ”
3 0 025 05 3 4 100 200 500 1000 ” 0
Y meMO
r r 0 WO W WO ®WOLO®W WO 0.4
I I f f M ® Q% ® 02 T ]
W w Q Q N(0,1) 36
500 2meMO R (R Core Team, 2016) 10 -
15 ; 1
P 0 0.2 0.4
) 0.25 0.5 0 0.25 0.5 0 0.25 0.5
%o 1 1 0.6622 0.6622 0.6622 0.4475 0.4475 0.4475
%o 1 1 0.3378 03378 0.3378 0.1381 0.1381  0.1381
%o 0 0 0.0541 0.0541 0.0541 0.0884 0.0884 0.0884
%o 0.1379 0.7410 0.6622 0.2128 0.1268 0.4475 0.2402  0.1641
%o 0.1379 0.7410 0.3378 0.1086  0.0647 0.1381 0.0741  0.0507
%o 0 0 0.0541 0.0174 0.0103 0.0884 0.0474 0.0324
4.2 BURS AT AR
2meMO meMO JAGS(Plummer, 2015) R (R Core Team, 2016)
“ R2jags” 15000 5000
(burn in) 10000
(e.g., Song & Lee, 2012; Wang & Preacher, 2015) A
R R R R R AR a
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2 95%
meMO 2meMO
r ! 100 200 500 1000 100 200 500 1000
Bias 0 0 0 0.002 0.001 0.000 -0.001 0.002 0.001 0.000 -0.001
0.25 0 -0.002 -0.001 0.000 0.001 -0.001 -0.001 0.000 0.001
0.5 0 0.003 0.000 0.001 -0.001 0.003 0.000 0.001 -0.001
0.2 0 0.08 -0.002  -0.002 0.000 0.001 -0.002 -0.002 0.000 0.001
0.25 0.08 -0.006 0.000 0.000 0.000 -0.006 0.000 0.000 0.000
0.5 0.08 -0.002 0.002 -0.002 0.001 -0.001 0.000 -0.002 0.002
0.4 0 0.16 0.000 0.001 0.001 0.000 0.000 0.001 0.001 0.000
025 0.16 -0.004 -0.001 0.002 0.000 -0.004 -0.001 0.002 0.000
0.5 0.16 -0.002 -0.004 0.000 0.002 -0.002 -0.003 0.001 0.002
MSE 0 0 0 0.002 0.001 0.000 0000 0.002 0.001 0.000 0.000
0.25 0 0.003 0.001 0001 0000 0.003 0.001 0.001 0.000
0.5 0 0.004 0.002 0.001 0000 0.004 0.002 0.001 0.000
02 0 0.08 0.002 0.001 0.000 0000 0.002 0.001 0.000 0.000
0.25 0.08 0.004 0.002 0.001 0000 0.003 0.002 0.001 0.000
0.5 0.08 0.005 0.002 0.001 0001 0.005 0.002 0.001 0.000
04 0 0.16 0.004 0.002 0.001 0000 0.004 0.002 0.001 0.000
0.25 0.16 0.005 0.002 0.001 0000 0.005 0.002 0.001 0.000
0.5 0.16 0.006 0.003 0.001 0001 0.005 0.003 0.001 0.001
0 0 0 0.952 0.942 0.942 0.942 0.952 0.956 0.944 0.940
0.25 0 0.908 0.920 0.918 0.872  0.940 0.956 0.942 0.932
0.5 0 0.912 0.874 0.852 0.870 0.948 0.952 0.936 0.948
0.2 0 0.08 0.962 0.950 0.966 0.924 0.968 0.954 0.972 0.926
0.25 0.08 0.920 0.918 0.922 0.908 0.930 0.944 0.956 0.946
0.5 0.08 0.894 0.882 0.884 0.882 0.928 0.946 0.936 0.944
0.4 0 0.16 0.960 0.948 0.958 0.950 0.962 0.950 0.958 0.946
0.25 0.16 0.935 0.937 0.930 0.933 0.960 0.948 0.942 0.962
0.5 0.16 0.926 0.928 0.896 0.882 0.946 0.954 0.940 0.940
0 0 0 0.048 0.058 0.058 0.058 0.048 0.044 0.056 0.060
0.25 0 0.092 0.080 0.082 0.129 0.060 0.044 0.058 0.068
0.5 0 0.088 0.126 0.148 0.130 0.052 0.048 0.064 0.052
02 0 0.08 0438 0.762 0998 1.000 0.399 0.760 0.996  1.000
0.25 0.08 0.390 0650 0970 1.000 0.314 0.606 0.950 1.000
0.5 0.08 0.362 0.600 0.882 0994 0.269 0488 0.838  0.990
04 0 0.16 0.938 1.000 1.000 1.000 0.926  1.000 1.000  1.000
0.25 0.16 0.834 0996 1.000 1.000 0.808 0.952 1.000 1.000
0.5 0.16 0.794 0970 1.000 1.000 0.730 0.964 1.000  1.000
0.9 8% r T
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%0

95%

moME 2moME

F " 100 200 500 1000 100 200 500 1000
Bias 02 0 0.054 0014 0006 0.002 0002 0015 0006 0.03  0.002
0.25 0054 0015 0009 0004 0001 0016 0010 0004  0.001
05 0054 0023 0013 0003 0003 0022 0012 0003 0.003
04 0 0.088 0.003 0001 0.001 0001 0004 0001 0.001 0.001
0.25 0088 0000 0001 0002 -0.001 0000 0001 0002 -0.001
05 0088 0001 -0.002 0002 0001 0002 -0.002 0001 0.001
MSE 02 0 0.054 0.003 0001 0.001 0000 0003 0001 0.01 0.000
0.25 0054 0003 0002 0001 0000 0003 0002 0001  0.000
05 0054 0004 0002 0001 0001 0003 0002 0001 0.000
04 0 0.088 0.002 0001 0.000 0000 0002 0001 0.00 0.000
0.25 0088 0003 0001 0001 0000 0003 0001 0001 0.000
05 0088 0003 0002 0001 0000 0003 0001 0001 0.000
02 0 0.054 0962 0940 0956 0926 0958 0944 0954 0922
025 0.054 0958 0926 0922 0914 0970 0950 0.962  0.948
05  0.054 0958 0902 0.882 0.874 0980 0954 0952 0934
04 0 0.088 0.968 0952 0948 0954 0966 0952 0948  0.950
025 0.088 0964 0944 0948 0952 0964 0944 0948 0952
05 0088 0932 0908 0914 0874 0950 0940 0956  0.932

0.9
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4 2meMO %0 95%

[ N 100 200 500 1000

Bias 0 0 0 0.040 0.024 0.013 0.007
0.25 0 0.030 0.016 0.005 0.002

0.5 0 0.023 0.009 0.003 0.001

0.2 0 0.0541 -0.002 -0.005 -0.006 -0.004

0.25 0.0174 0.021 0.016 0.006 0.002

0.5 0.0104 0.020 0.010 0.002 0.002

0.4 0 0.0884 -0.009 -0.008 -0.005 -0.004

0.25 0.0474 0.013 0.011 0.006 0.002

0.5 0.0324 0.017 0.007 0.003 0.002

MSE 0 0 0 0.003 0.001 0.000 0.000
0.25 0 0.002 0.001 0.000 0.000

0.5 0 0.001 0.000 0.000 0.000

0.2 0 0.0541 0.002 0.001 0.000 0.000
0.25 0.0174 0.001 0.001 0.000 0.000

0.5 0.0104 0.001 0.001 0.000 0.000

0.4 0 0.0884 0.002 0.001 0.000 0.000
0.25 0.0474 0.002 0.001 0.000 0.000

0.5 0.0324 0.002 0.001 0.000 0.000

0.2 0 0.0541 0.932 0.936 0.948 0.922
0.25 0.0174 0.978 0.954 0.954 0.936

0.5 0.0104 0.976 0.964 0.940 0.948

0.4 0 0.0884 0.946 0.946 0.950 0.932
0.25 0.0474 0.962 0.946 0.936 0.936

0.5 0.0324 0.960 0.962 0.932 0.948

2meMO 0 0
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5.1 BiRFIEE

2meMO meMO Kwan Chan (2018)
http://dx.doi.org/10.1037/met0000160.supp 2012
OECD (Organization for Economic Cooperation and Development) PISA the Program
for International Student Assessment, PISA) Kwan Chan (2018)
3047 (MATH)
(MEFF) (ESCS) (HRES)
ESCS MEFF MATH ESCS MEFF MATH
ESCS MEFF MATH ESCS MEFF MATH
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HRES ESCS HRES MEFF MATH

4 meMO 2meMO
MEFF ESCS HRES
Mplus8.3 ( 1)
Mplus 2meMO
cluster
ESCS
W

HRES

-

v

MEFF MATH

4 REHERFENHLEFMUSHEBRMESHFERS B P M ATHYMRE
5.2 DhER
meMO 2meMO PSR
1.00 1.02 3
6
2meMO DIC (Deviance Information Criteria) 78000.4 meMO
DIC 78069.2 DIC ADIC=68.8 2meMO DIC Cain
Zhang(2019) ADIC>7 2meMO meMO
5 meMO
2meMO -2.019 -2.165 95%ClI
(-3.439,-0.614) (-3.757,-0.673) ClI 0 2meMO

OAD 1 Yg o W%
CI (229.158,737.546)
r rr wow [,
46.643 95% CI (13.412,83.211) %o %o
%o 0.059,0.025 0.010 95% CI (0.007, 0.122)  (0.000, 0.068)

(0.000, 0.023)
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5.9% 2.5%

1.0% )
%0 . %o ‘ %o 0.637 0.275 0.106
95% CI (0.296,1.000) (0.000,0.667) (0.000,0.206) -
0
63.7%
27.5%
10.6% %0 %o
2meMO 0o ©
&5 meMOFI2meMOFR RIS H 45 R
meMO 2meMO

ESCS—HRES ) 0.484*%** 0.011 0.484*** 0.011
MEFF—MATH ( 46.438*** 1.385 48.436***  1.571
ESCS—MATH ( 14.621*** 1.687 14.368***  1.676
HRES—MATH ( 3.492% 1.672 3.418* 1.644
ESCSXMEFF—MATH ( 2.911* 1.501 -3.284* 1.640
HRESXMEFF—MATH ( -4.171%* 1.478 -4.471%* 1.631
ESCSxMEFF—HRESxMEFF (f 0.484*%** 0.011 0.484*** 0.011

" 6197.923 160.921 5668.715 189.195
., 0.749 0.019 0.749 0.019

" - - 484.239 130.388

meMO

rr -2.019 0.718 -2.165 0.791
%o - - 0.059 0.032
%0 - - 0.025 0.022
%0 - - 0.010 0.007
%o 0.623 0.193 0.637 0.192
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%o ‘ 0.261 0.203 0.275 0.206
%0 0.110 0.057 0.106 0.056
2meMO
10 - 15
o ® meMO
13 15

Kwan Chan(2018)

2meMO

2meMO

meMO

(Liuetal., 2019)

2meMO

WO W0 W O

meMO

meMO

X Y

Monte Carlo

2meMO

meMO

2meMO

2meMO

meMO

1998; Alexander & DeShon, 1994)

2meMO

2meMO

meMO
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95%

(Yang & Yuan, 2016)

(Aguinis & Pierce,



2 var(c)

13 X Y ”
meMO
(e.g., Kelley & Preacher, 2012) 3 2meMO
4 2meMO Gibbs
2meMO JAGS (Plummer, 2015) WinBugs
(Lunnetal., 2012) Mplus 5
meMO
2meMO
meMO moME
2meMO moME-II 2meMO
moME-II
moME 1 a b 2

0 W Q
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Lachowicz, Preacher Kelley (2018)

2meMO 0o

Preacher, 2012; Preacher & Kelley, 2011; Wen & Fan, 2015)

1 meMO

%o 0 1

0 1

& Bakker, 2001; Tzelgov & Henik, 1991)

-Y M
d? var(c)
Y var(c)
meMO

0
(Kelley &
2
Cl 3 %o
%0 %0 %o %0
1 (Lutz, 1983; Maassen
Z XY [ M X

suppression effect

var(c)

meMO X

var(ci)

('Yuan & MacKinnon, 2009)

(Browne & Draper, 2006)

Zondervan-Zwijnenburg (2017)
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(van de Schoot
et al., 2017; Zondervan-Zwijnenburg et al., 2017)
z M

Y meMO

1 ”ow ”ow ”
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BisK 1: meMO N 2meMO 452U DIRHR {411 HI Mp lus 1]
1. meMO 1&E#Y
TITLE: mediated moderation model
DATA: FILE = memo.csv;
VARIABLE: NAMES ARE ID MATH ESCS HRES MEFF CESCS CHRES CMEFF XCESCS XCHRES;
! CESCS CHRES CMEFF A#{EHIMLIEE;
I XCESCS= CMEFF*CESCS, XCHRES= CMEFF* CHRES;
USEVARIABLES = MATH CESCS CHRES CMEFF XCESCS XCHRES;
ANALYSIS: ESTIMATOR IS BAYES; POINT=MEAN; CHAINS =3; PROCESSORS =3;
THIN = 10; BITERATIONS=(10000); BCONVERGENCE = 0.025;

MODEL:

MATH ON CMEFF (rc0);

MATH ON CHRES (rdy1);

MATH ON CESCS (rdy2);

CHRES ON CESCS (rml);

MATH ON XCHRES (rcl);

MATH ON XCESCS (rc2);

XCHRES ON CMEFF (rm0);

XCHRES ON XCESCS (rml);

[CHRES MATH] (rm0 ry0);

CHRES MATH (sig_em, sig_ey);

CMEFF WITH CESCS;

CMEFF WITH XCESCS;

CESCS WITH XCESCS;

MODEL CONSTRAINT:
NEW(var z vl v2 v3 v5 phi_fl phi f2 phi 3);
var z=0.935; !z f9T=E;
vl = (re2+rc1*rm1)*(rc2+rcl*rm1)*var z;
v2 =rc2*rc2*var z;
v3 =rcl*rml*rcl*rm1*var z;
v5 =vl+rcl*rel*sig_em;
phi_fl1 =vI/vS;
phi_f2 =v2/v5;
phi_f3 =v3/5;
MODEL CONSTRAINT:
NEW(memo memol memo?2 dif);
memo = rcl*rml;
memol =rcl*m1*0.967; !z BIFRAZE A 0.967;
memo2 = rc1*rm1*(-0.967);
dif = memol-memo2;
PLOT: TYPE = PLOT2;
OUTPUT: CINTERVAL (hpd) TECHS;
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2.

2meMO 1RE! 1] Mplus 15/4]
TITLE: two-level mediated moderation model with single-level data (2moME)
DATA: FILE = memo.csv;
VARIABLE: NAMES ARE ID MATH ESCS HRES MEFF CESCS CHRES CMEFF XCESCS XCHRES;
USEVARIABLES = MATH CESCS CHRES CMEFF XCESCS XCHRES;
CLUSTER=1ID; 'WTHBEEHES—NMARE—BHI
WITHIN = MATH CESCS CHRES CMEFF XCESCS XCHRES; 'BEEXIETIEEMETENENTE
ANALYSIS: TYPE IS TWOLEVEL RANDOM;
ESTIMATOR IS BAYES;
POINT =MEAN;
CHAINS =3;
PROCESSORS =3;
THIN =10;
BITERATIONS=(10000);
BCONVERGENCE = 0.025;
MODEL:
%WITHIN%
¢ | MATH ON CMEFF;
MATH ON CHRES (rdy1);
MATH ON CESCS (rdy2);
CHRES ON CESCS (rm1);
MATH ON XCHRES (rcl);
MATH ON XCESCS (rc2);
XCHRES ON CMEFF (rm0);
XCHRES ON XCESCS (rm1l);
[CHRES] (rm0);
[MATH] (ry0);
CHRES (sig_em);
MATH;
CMEFF WITH CESCS;
CMEFF WITH XCESCS;
CESCS WITH XCESCS;

%BETWEEN%

[c] (rc0);
¢ (sig2_uc);

MODEL CONSTRAINT:

NEW(var_z v1 v2 v3 v4 v5 phi_1 phi_2 phi_3 phi_f1 phi_f2 phi_f3);
var_z =0.935; ! the variance of z;

vl = (rc2+rcl*rml1)*(rc2+rcl*rml)*var_z;

V2 = rc2*rc2*var_z;

v3 = rcl*rml*rcl*rml*var_z;

v4 = v1+rcl*rcl*sig_em+sig2_uc;
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v5 = vi1+rcl*rcl*sig_em;
phi_1 =v1iv4;

phi_2 = v2/iv4,

phi_3 = v3/v4,

phi_fl = v1/v5;

phi_f2 = v2/v5;

phi_f3 = v3/v5;

MODEL CONSTRAINT:
NEW(memo memol memoz2 dif);
memo = rc1*rmil;
memol = rc1*rm1*0.967;
memo2 = rc1*rm1*(-0.967);
dif = memol-memo2;

PLOT: TYPE = PLOTZ2;

OUTPUT:

CINTERVAL (hpd);
TECHS,;
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Abstract

Mediation and moderation analyses are commonly used methods for studying the relationship
between an independent variable (X) and a dependent variable () in conducting empirical research.
To better understand the relationships among variables, there is an increasing demand for a more
general theoretical framework that combines moderation and mediation analyses. Recently,
statistical analysis of mediated moderation (meMO) effects has become a powerful tool for scientists
to investigate complex processes. However, the traditional meMO model is formulated based on the
homoscedasticity assumption, which is most likely to be violated when moderation effects exist. In
addition, routinely reporting effect sizes has been recommended as the primary solution to the issue
of overemphasis on significance testing. Appropriate effect sizes (ES) for measuring meMO effects
are very important in reporting and interpreting inferential results. However, there does not exist an
effective measure that allows us to answer the question regarding the extent to which a variable Z
moderates the effect of X on Y via the mediator variable (M) in the meMO model.

The article is organized as follows. First, the two-level moderated regression model proposed
by Yuan, Cheng, & Maxwell (2014) was extended to a two-level mediated moderation (2meMO)
model with single-level data, the statistical path diagram was structured according to the conceptual
model and the equations. Second, several effect sizes were developed for the 2meMO effect by
decomposing the total variance of the moderation effect. Third, to estimate the parameters of the
2meMO model and the ES measures of the meMO effects, we developed a Bayesian estimation

method to estimate the parameters of the 2meMO model. Fourth, a Monte Carlo simulation study
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was conducted to evaluate the performance of the 2meMO model and the proposed ES measures
against those with the meMO model. Finally, we illustrate the application of the new model and
measures with a real data example.

The simulation results indicate that the size of bias and MSE for parameter estimates are small
under both meMO and 2meMO models whether the homoscedasticity assumption hold or not. The
results of the coverage rate of the 95% C Ifor Q"'Q"Q following 2meMO is comparable to those
following meMO when the variance of moderation error is zero, which is the assumption the meMO
model is based. However, when the moderation-error variance is nonzero, 2meMO yields more
accurate estimates for Q 'Q"Q  than meMO does, the advantages of 2meMO over meMO become
more obvious as the moderation-error variance increases. The results of Type I error rate indicate
that 2meMO controls Type I error rather well, and the rates are close to 0.05 or below 0.05 under
all the conditions. However, the Type I error rates of meMO tend to be higher than 0.05 when the
moderation-error variance is nonzero. The power rates following the meMO and 2meMO models
are comparable for the medium or large sample size, or when there is a large difference in meMO
effects. While the value of power following 2meMO is slightly lower than that following meMO at
small sample size, this result is mostly due to the inflated Type I error rate of meMO, and larger

sample sizes and the smaller moderation-error variances correspond to more accurate estimates of

%o . The results also indicate that, when the homoscedasticity assumption of the meMO model

is satisfied, the effect size estimates following the two models are about the same. However, when
the moderation-error variance is not zero, the results following 2meMO are more accurate than those
following meMO.

In summary, the article developed a 2meMO model with single-level data and proposed several
measures to evaluate the size of the meMO effect explained by moderator variables in total, directly,
or indirectly. The performance of the 2meMO model is compared against that of the traditional
meMO model via Monte Carlo simulations. Results indicate that, when the assumption of
homoscedasticity holds, 2meMO yields comparable results with those under meMO. When the
homoscedasticity assumption is violated, estimates under 2meMO are more accurate than those
under meMO. More importantly, the measures of the size of the meMO effect proposed in this article

can be used as a supplement to the test of meMO effects and will meet the needs for reporting ES
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in practice. Consequently, the 2meMO model is recommended for the analysis of mediated
moderation, and the effect sizes (ESs) for the interpretation of the effect according to the questions
of interest are better reported.

Ke y w m¢didtesl moderation; heteroscedasticity; effect size; Bayesian estimation
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