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Mediation with Multilevel Regression
Mediation
A mediating relationship is a hypothesized causal chain of events that some predictor X predicts a
another variable M which in turn predicts an outcome Y. Generally, mediator relationships involve a
process by which some cause affects a consequence. An example might be that worker satisfaction
impacts motivation which in turn impacts productivity. Or, high school students of higher SES may
perform better on standardized tests and consequently get admitted to higher status colleges.
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The mediational hypothesis can be tested by conducting a significance test of the mediational pathway,
called an indirect effect. In multiple regression, the indirect effect is either the product of the regression
coefficients a and b obtained from two regressions, one in which M is predicted by X and one in which Y
is predicted by both X and M, or it is the difference between the coefficient for the simple regression with
Y predicted by X, ¢, and the ¢’ regression coefficient from the regression that includes the mediator, ¢ —¢'.
In multiple regression, the product a*b and the difference ¢ — ¢’ are equivalent. The indirect regression
coefficient represents the change in Y for every unit change in X as mediated by M. The standard error
estimates for indirect effect coefficients are somewhat more complicated by the fact that there have been
a number of proposed approaches. Percentile bootstrap and Monte Carlo appear to have the best
power and Type | error balance (see Tofighi & MacKinnon, 2015)."

Multilevel Mediation

The tests of indirect effects in multilevel regression proceed in a similar fashion, although the two
computational methods a*b and the difference ¢ — ¢’ will be similar but no longer exactly equivalent
because of unequal group-size weighting (MacKinnon, 2008). With multilevel models, predictor variables
can be from different levels. If all three variables are level-1 variables, then the mediation model is
referred to as 1 > 1 > 1. If the X variable is from level 2 but the other two variables are level-1 variables,
thenitis a2 > 1 > 1 mediation model (Krull & MacKinnon, 2001).2>2>1,1>2->1,and1> 1>
2, for example, also are possible, although the latter two would have to involve one regression that was
not truly a multilevel regression if the outcome from the regression is measured only at level 2. When the
outcome (either M or Y) is measured at the individual level, the fact that /; serves as a dependent
variable in level-2 of the multilevel regression equations suggests that it can be interpreted as a level-2
outcome. Where only level-2 measurement of the outcome variables exist, the indirect effect estimate
would use the coefficient and standard errors from one or more single-level ordinary least squares
regressions (Krull & MacKinnon, 2001). Random slopes can be included as theoretically and empirically
appropriate. Caution is needed in interpreting these models, because the accuracy of the estimates, their
statistical tests, and their interpretation depends on whether the appropriate level of measurement and
corresponding centering approach is used in the model (Rockwood & Hayes, 2022; Zhang, Zyphur, &
Preacher, 2009). Because level-1 measures may contain information about group context, effects may
be due in part to causal processes occurring at level 2 unless corresponding level-2 measures of the
constructs are also included in the model. For this reason, Zhang and colleagues suggest group-mean
centering of level-1 variables when the level-1 process is of interest. Conversely, interpretation of
variables measured at level 2 would not be appropriate if applied to causal processes that occur at level
1. For 1 > 1 > 1 models, Bauer and colleagues (Bauer, Preacher, & Gil, 2006) show that Monte Carlo
and a normal approximation method using Kacker-Harville adjustment to the covariance of estimates
provide generally accurate Type | error rates and coverage.

' See " Testing Mediation with Regression Analysis" handout from my multiple regression class page for an overview and references for
mediation analysis.
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Software Implementation

Software implementation for 1 > 1 > 1 models is available with the Monte Carlo method using Preacher
and Selig's (2010) online calculation tool http://quantpsy.org/medmc/medmc111.htm. Nicholas
Rockwood has a macro for SPSS for multilevel mediation, https://njrockwood.com/mimed.

Bauer and colleagues (Bauer, Preacher, & Gil, 2006) have a SAS macro for level-1 indirect effect
standard errors and Cls. The RMediation package (Tofighi & MacKinnon, 2011) uses a distribution of
products methods that allows for asymmetric sampling distribution of the indirect (a*b product)
coefficient, which performs well (Tofighi & MacKinnon, 2016). The R package multilevelmediation
(Falk et al., 2024) supports random effects with 1-1-1 models but plans to add other cross-level
mediation models, https://cran.r-project.org/web/packages/multilevelmediation/index.html. Mediation
analysis with Kenny’s actor-partner independence model (APIM) and be conducted with the help of an
online tool, https://davidakenny.shinyapps.io/APIM_MM/. For more complex models that involve some
level-2 variables (see Mathieu & Taylor, 2007, for some considerations), such as 2-1-1 or 2-2-1, the best
option likely is to use a path analysis/structural equation modeling package that also estimates multilevel
effects, such as Mplus (Muthén & Muthén, 1998-2017; see MacKinnon, 2010; Preacher, Zhang, &
Zyphur, 2016: http://quantpsy.org/pubs/preacher_zhang_zyphur 2016 (code.appendix).pdf; Preacher,
Zhang, & Zyphur, 2011; Zyphur and Zhang, 2010). Within this approach, Bayesian estimation approach
in SEM (Yuan & MacKinnon, 2009) is possible and may produce better standard error estimates than
maximum likelihood estimation if there are small number of groups (Zitzmann, Liidtke, Robitzsch, 2015).
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