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( JIRMARA NS ARBE, M, 510320)
(C AERITE A IR /BN AT ey, I, 510631)

R R AR S A ao R SR AR R R AR R T E R TR R AR AR T AR . KRl
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P 0T 05 7 e A T 5 250 53 BT ) B RS J AR i e
ARSI E A AR R 2, X b
YA 9 30 B9 Al (Cheung & Lau, 2008; Ledgerwood
& Shrout, 2011), 17 & 37 2% #4) J7 F2 A5 Y (structural
equation model, SEM) #4147 183 F18) A R 70 A 4
R TR E WA i, AR 2 22,
HERRAT T A R AONAE, & LR . B
AR SCERIA TR T AR A R R
SR AL PR A UM o B S B R RIS P T2 B (7R
85, 2014; IR, AR 2014), P, AW HE
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A B J A8 A AT 8 A RN I VAR
JEE ] SEM HES

HAFERE, FET SEM A R AN
SR EARA SR, HSEBR R I AN 2 (Cheung &
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FRAAHAT) L0 78 s RIS 3 v R 1 AR Y S0
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MR, B ETA IR R T SEM 438 208
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HO) I WLE 16 1 X2) it R, RFFEARIEAFAE
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[ () T B A A LR W v] B 2 = AR AN R S 8
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P FTUEARTER MG B, 5 T IES R n)
SRR e R 25, AR AR PR B )
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Sardeshmukh & Vandenberg, 2017). — Fift ] 7 (1) fift He
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H—EH/ TR SEM b rik; e, H—1
SEABUERH AR A A T B TR SEM 43#r, IE4h
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(b)E 2P
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1 SEM A58 (18] 1(b) 2548t XZ) HHUL GO0 2 75 n] 5
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2, HUEH Hayes (2013) 2 (10 RECR AL U T



455
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R, X BRI AR DX RLER AR 95% w22
1 1F bootstrap B {55 X 1], @:b49 & {5 X [6] 4 [-.16, -.03],
AEFE 0, IR RBERBUETTA, H/DER ST
T 280k R 3 HIAR I Fh A 00 52 B N 2 125 S F
TS . Ak H(a, +a,Z) b=2.04—.095Z, | Z
Ak TR AR AT A SR N, 2 Z YA -2.67( 3
HZ N 1AREZ ) B, shARONE R 229, EF
X [H] A [1.95, 2.62], AELHE 0, TR B E; Y
Z WUE R -07(¥MH ) BF, RSN E A 2.04, EiE
X[Hh [1.72,2.33], AMUdE O, HARUing; X2z
BUE R 2.53( M2 1 1 AheifEzs ) B, A RNE
180, EAFIXIAIN [1.44,2.12], AHEO0, T
R DL EZEIRERW], B TR i Z( At
SEHE ) W, AR A R 2R e 6T
FVERAY A 800 S 2 a0, BITR AR 5 Z 2T
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(), AR SCEESUf A LMS 5 2 A7 IR 1 rhoA
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Abstract The analyses of moderated mediation effects are frequently applied to the studies of psychology, education, and other social science
disciplines. A moderated mediation model is a combination of both moderation and mediation models. When a mediation effect is moderated by a
moderator, the effect is termed moderated mediation and the model is a moderated mediation model. There are three common types of moderated
mediation models: first-stage moderated mediation, second-stage moderated mediation, and dual-stage moderated mediation.

Researchers have been searching for the most appropriate analytical method for testing moderated mediation. The observed variable regression
approach has been the most popular. One critical limitation of regression approach is that regression analyses assume that variables are measured
without error, which result in biased estimates of moderated mediation effect. Structural equation modeling (SEM) method has been extensively
used to estimate moderated mediation effect because it corrects for measured errors. Product-indicator method was dominantly used to analyze latent
moderated mediation model. There are at least two weaknesses frequently found in moderated mediation effects by the product-indicator method. First,
the product-indicator method involves some types of multiplication of indicators to form the indicators of the latent variable that represents the product
of the two latent variables, the generation of product indicators make users feel difficult to use. Second, product-indicators are not normally distributed;
estimates based on normal assumptions may be biases. In order to improve the above shortcomings, the researchers suggest that moderated mediation
effects should be analyzed by Latent Moderated Structural Equations method. The purpose of the present study is to summary an effective procedure
for analyzing moderated mediation effects based on Latent Moderated Structural Equations.

LMS is a distribution analysis. Compared to analyzing moderated mediation by linear regression and product-indicator method, Latent
Moderated Structural Equations (LMS) has many advantages. First, LMS uses the raw data of indicator variables directly for estimation and does
not require the forming of any products of indicator variables. Second, LMS account for the nonlinearity in estimating the parameters of the model.
Thirdly, the simulation studies show that LMS generate unbiased parameter estimations and standard errors under the usual assumption.

At the present study, we propose a procedure to analyze the moderated model by LMS. The first step is to decide how well the model would
fit by running a baseline model where the latent interaction term is not included. If the SEM model is not fitted well, stop the moderated mediation
analysis. Otherwise, go to the second step. In the second step, AIC or log-likelihood ratio test is used to decide how well the model would fit by
running a moderated mediation model where the latent interaction term is included. If the SEM model is not fitted well, stop the analysis. Otherwise,
go to the third step. In the third step, the product of coefficients approach by Hayes (2013), which can be implemented easily by MPLUS and LISREL
software, is recommended to analyze moderated mediation effects. It shows that the moderated mediation effect is significant if a bias-corrected
percentile Bootstrap confidence interval of the targeted product of coefficients does not include zero. We use an example to illustrate how to conduct
the proposed procedure by using MPLUS software. MPLUS program is attached to fa cilitate the implementation of bias-corrected percentile Bootstrap
method to analyze moderated mediation effects. The programs can be managed easily by empirical researchers.

Directions for future study on moderated mediation are discussed at the end of the paper. In fact, the primary criticism of the LMS approach is
that it is computationally intensive. Researchers suggest that a simple model with smaller numbers of latent variables should be used. Another option
would be to use parceling to reduce the number of indicators per latent variable.

Key words moderated mediation effects, latent moderated structural equation, bootstrap, product-indicator



