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Dr. Iacobucci addresses the important topic of the most accurate mediation analysis when
the mediator and outcome variable are categorical (Iacobucci 2012). There are many
categorical mediating and outcome variables in marketing and other research that are most
accurately modeled using logistic regression, Poisson regression, and survival analysis
methods. A categorical independent variable is less critical because the independent variable
is a predictor in all equations and coding procedures for X as binary or categorical are easily
implemented. A general mediation analysis strategy for mediation models with any type of
measurement scale for the mediator and the outcome variable would simplify analysis for
researchers.

Mediation is fundamentally composed of two parts, one part representing the relation of the
independent variable to the mediator and another part representing the relation of the
mediator to the dependent variable; the a and b coefficients in Equations 2 and 3 in the
article. In ordinary least squares regression or maximum likelihood estimation for
continuous measures, both paths are in the same metric so the coefficient measures the
change in the dependent variable for a one unit change in the independent variable. In this
model both estimators of the mediated effect, the product of a and b, ab, and the difference
of c and c’, c-c’, are algebraically equivalent (MacKinnon, Warsi, and Dwyer, 1995). The
equivalency of ab and c - c’ does not hold for categorical models such as logistic regression.
It does not hold in logistic regression for example, because the error variance in logistic
regression is fixed at π2/3 for any logistic regression equation. Because the error term is
fixed, the regression coefficients across equations, such as c and c’, cannot be directly
compared because the c’ coefficient, for example, measures the change in the relation of X
to Y after adjustment for X plus an adjustment to keep the error variance fixed to π2/3
(MacKinnon and Dwyer 1993).

One solution to this problem is to standardize regression coefficients prior to estimating
mediation so that they are the value they would be if the error term was allowed to vary
across equations as it does in continuous variable regression analysis (MacKinnon & Dwyer,
1993; Winship & Mare, 1983). When this is done, simulation studies have shown that the
discrepancy between ab and c-c' is no longer substantial (MacKinnon and Dwyer 1993;
MacKinnon, Lockwood, Brown, and Wang 2007). Methods based on the distribution of the
product and resampling methods such as the bootstrap yield the most accurate confidence
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intervals for the mediated effect and tests of hypothesis regarding the mediated effect for
categorical data analysis (MacKinnon, Taylor, Yoon, Lockwood, and Thoemmes 2008).
More on mediation in logistic and probit regression along with examples can be found in
MacKinnon (2008, Chapter 11).

Another approach to the scaling problem that is now widely used in structural equation
models is to model any categorical variable as an indicator of a latent continuous variable,
such as Y*. In the sample of the data, the sample measure of the categorical variable is
modeled by dichotomization of values at a threshold on the Y* latent variable. In this case,
there is a model relating the observed categorical measure to the latent measure and the
structural relations among these latent measures is estimated using a program such as Mplus
(Muthen and Muthen 2010). Mplus is a general program that allows for accurate estimation
of models with combinations of logistic, Poisson, continuous and other distributions. The
use of Mplus is an excellent choice for the estimation of structural equation models for
variables that differ in measurement scale. Methods also exist that do not assume a latent
underlying continuous measure for observed categorical variables as described in
MacKinnon et al. (2007). This application of structural equation modeling in Mplus for
mixtures of continuous and categorical variables is the current method of choice.

The Distribution of the Product, ZaZb, test
Iacobucci (2012) proposes a solution to the problem of estimates from different analysis
methods such as logistic and ordinary least squares regression. The idea is to obtain the
values of Za=a/sa and Zb=b/sb for each estimate and divide this by the variance of the
product of ZaZb. The formula in Iacobucci (2012) is for the second order solution for the
standard error of ab. The formula in Equation 1 for the first order multivariate delta standard
error (Sobel 1982) is given below in Equation 1 and does not include 1 in the denominator.

(1)

As mentioned in the article, the ratio in Equation 1 is algebraically equivalent to the ratio of
the mediated effect divided by the multivariate delta standard error. As a result, the Z is
tested for significance by comparing it with tabled values of the normal distribution or
confidence limits may be calculated using the normal distribution. However, the ZZaZb does
not always have a normal distribution and more accurate statistical tests and confidence
intervals may be obtained by using the distribution of the product (MacKinnon et al. 2002;
MacKinnon et al. 2007; Tofighi and MacKinnon 2011). The mediated effect is the product
of regression coefficients and ZaZb is the product of Z scores so the correct distribution is
the distribution of the product. The distribution of the product provides more accurate
confidence limits and statistical tests as demonstrated in several statistical simulation studies
(MacKinnon, Lockwood, and Williams 2004). So the test described in the article would be
improved by using the distribution of the product to conduct significance tests and create
confidence intervals. These tests can be conducted using the PRODCLIN program and an
improved program, RMediation, available here http://www.amp.gatech.edu/RMediation. For
both programs, the user inputs the values a, standard error of a, b, standard error of b,
correlation between a and b, and Type I error rate for the confidence intervals usually .05.
The distribution of the product method has been evaluated in an extensive statistical
simulation study for logistic regression and the method provided the most accurate tests and
confidence limits for logistic regression analysis tests for mediation (MacKinnon, Taylor,
Yoon, Lockwood, and Thoemmes 2008). Bootstrapping has also been proposed for
significance testing and confidence limit estimation because it also more accurately models
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the distribution of the product (MacKinnon, Lockwood, and Williams 2004; MacKinnon,
Chapter 12 for more on computer intensive tests).

Another important issue for the test that uses separate values for Za and Zb is the possible
presence of a correlation between the two coefficients. In the continuous case for ordinary
least squares or maximum likelihood, the correlation between a and b is zero (Tofighi,
MacKinnon, and Yoon 2009). In many analyses there is a correlation between the
coefficients so this correlation should be included in the standard error as shown in Equation
2 for the mediated effect. For example, latent variable mediation models can have nonzero
correlation between the a and b coefficients as described in MacKinnon (2008, Chapter 7).
Note that the distribution of the product program described above allow for a correlation
between the a and b coefficients. If there is a correlation between the a and b coefficients,
and the test based on Z values is preferred, then Equation 3 should be used, where r is the
correlation between a and b.

(2)

It is possible that a and b paths from different forms of analysis may be correlated. If Za and
Zb are estimated in separate equations the correlation will not be available (note that the
correlation between the estimates is available from structural equation modeling programs
such Mplus with the TECH3 option). If the two coefficients come from different analyses
then it may be difficult to obtain an estimate of the covariance necessary for the standard
error but there may be analytical solutions for this problem. That is, it may be possible to
derive this correlation for certain types of analyses and this correlation may be inserted in
the equations above.

(3)

There is another issue related to categorical variables in mediation analysis that is related to
the nonlinear nature of statistical models for categorical variables. The nonlinear nature of
these models indicates that the value of the mediated effect depends on the values of the
variables studied. That is, the mediated effect is likely to differ at different values of the
mediating variable. As a result, a more general solution is needed that would integrate the
effect across all values studied. Such formulas are beginning to appear and are based on a
causal perspective (Pearl 2011; VanderWeele 2010)

Though the statistical issues described in Dr. Iacobucci’s article and discussed above are
certainly important, they assume that the true underlying mediation model is correct. There
are many additional assumptions of the mediation models that are critical including no
omitted variables affect the relation of X to M and M to Y and correct functional form for
relations among variables (MacKinnon 2008). In many respects, the hardest parts of the
mediation analysis do not depend on statistics but on the substantive background to justify
the mediation theory. In marketing and social sciences this background has typically been
based on strong theory which provides the rationale for the model tested. The specification
of these models and the comprehensive and sustained investigation of their implication
remains the most challenging aspect of the scientific study of mediating variables.
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