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Multiple Mediation Analysis and Binary Mediators:  

A Methodological Brief 
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Abstract: The paper briefly reviews mediation analysis and provides a 

detailed review of newly available estimation techniques dealing with 

categorical variables. The focus of the paper is on dealing with binary 

mediators.  It discusses some recent methods such as marginal mediation 

analysis in detail highlighting the theoretical underpinnings of these 

techniques.  It also describes the strengths, weaknesses and step by step 

illustration of each method.  The paper is helpful in understanding the 

mediation analysis, the issues involved in estimation while dealing with binary 

mediators. The paper is pedagogical in nature and give quick and clear 

understanding of some recent mediation techniques. 
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Introduction 

Mediation Analysis is a widely used statistical technique in variety of 

academic disciplines including psychology, management, economics and 

health sciences.  It is a powerful tool to analyze the complex relationships and 

to quantify the indirect effects.  However, inclusion of binary mediators in 

mediation models poses significant challenges both for estimation and 

interpretations.  This paper aims to discuss and to provide comparative 

analysis of some recent techniques available to deal with binary mediators. 

Specifically, this methodological review synthesizes and compares various 

approaches, offering researchers a practical guide for selecting the most 

appropriate method for their specific research context. Each method is 

discussed in detail for the underlying principles, methods, strengths and 

weaknesses.  This paper begins with a brief review of mediation analysis, 

followed by a discussion of traditional estimation methods. Subsequently, 

recent techniques are discussed individually, along with their methodologies 

in detail. Towards the end of the paper, a summary table is provided to offer a 

concise overview of the discussed methods.
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Mediation Analysis 

Mediation analysis investigates the relationship between the exogenous and 

dependent variable keeping in consideration the third variable i.e. the 

mediator. Hence, a mediator is an intervening variable that is expected to 

affect the dependent variable and get affected by changes in the independent 

variable. M variable is said to be a Mediator in X and Y relationship if the 

impact of X on Y variable get affected by its introduction in the model as well 

as if it is established that X significantly affects M and M considerably impact 

Y variable in the presence of X variable (Judd & Kenny, 1981; Barron & 

Kenny,1986). The following figure shows a simple mediation model. 

Figure 1 

 

Simple Mediation Model 

Introduction of intervening variable splits the effect of X on Y into two parts 

the direct and indirect effect. The indirect effect is the effect of X variable 

which is transferred into Y variable through the intermediating variable M ( X 

→ M → Y). As changes in X variable brings changes into variable M and 

when M changes it impact Y variable. So M provides a path through which X 

variable transfer its impact to variable Y.  

Mediation model is called a simple mediation model when there is a single 

mediator in the model. While it is called a multiple mediation model when 

there are more than one intermediating factors in the model. Full mediation is 

when the introduction of mediating factor or factors makes the direct path 

M 
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insignificant. It means that in full mediation model all of the effect of X to Y 

is through mediator M.  Partial mediation is when the mediating factor(s) 

reduces the direct impact of X on Y but the direct path remains non-zero and 

significant.   

Preacher and Hayes, (2008) recommended using a multiple mediation model 

when there are more than one mediating factor between X and Y variable 

instead of using a simple mediation model for each intermediate factor 

separately. It helps in reducing omitted variable bias, comparison of different 

indirect effects becomes possible,  testing the significance of total indirect 

effect helps in concluding whether the mediators included in the model are 

jointly mediating the effect of X on Y or not.  

Methods of Estimation 

This section will illustrate different techniques available for estimating and 

testing mediation along with their pros and cons. The focus will be on 

strategies available for performing multiple mediation analysis. The following 

general model and coefficient names are used to discuss the methods of 

estimation. 

Ŷ  =  k1   + c X                                                              (a)         

M̂i  = k2  +   ai Xi                                                                                       (b) 

Ŷ  =  k3   +  c’ X    +  Ʃ bi Mi                                       (c) 

Where X is the explanatory variable, Y is the dependent variable and Mi 

symbolizes mediators, subscript i is indicating number of mediators e.g. (M1 

is the first mediator, M2 is a second mediator and so on). Similarly, a1 a2 a3   

are representing the paths from X to respective mediators while b1 b2 b3 are 

denoting coefficients of respective mediators in an equation containing all 

mediators and X variable as predictors of Y.  

The causal Steps Approach 

Causal steps approach follows the steps prescribed by (Baron & Kenny, 1986;  

Judd & Kenny, 1981) that are the basis of mediation analysis. This method 

derives information from the estimation of equations mentioned at the start of 

this section. This criterion requires for a variable to be the mediator if the path 

coefficients a, b and c are all significant and introduction of the mediator(s) 

significantly reduces the direct effect of X on Y.  So this approach basically 

investigates whether the change between c and c’ is significant after the 

introduction of the mediator(s) holding that paths from X to M and M to Y are 

significant. The flaw with casual step approach is that it does not directly test 

the mediation effect. It cannot test how stronger the impact of the mediator is 
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or how large the indirect effect is. And whether the indirect effect is 

significantly different from zero or not. It is discussed in (MacKinnon et al., 

2002) that this approach is not powerful enough to discover an indirect effect. 

While (Holmbeck, 2002) reported that the causal approach may have 

inconsistencies in its results. For example, ‘a’and ‘b’ paths may be significant 

in a model but still, it does not reduce the direct effect of X to Y, which will 

lead to an inconclusive result. Moreover, this approach also does not provide 

standard errors and confidence intervals for indirect effect and in the case of 

multiple mediators, it could not split the effects of mediators. (Preacher & 

Hayes, 2008) concluded regarding casual step approach that it is of less utility, 

especially in multiple mediation analysis.  

Product of Coefficients Method  

Product of coefficient approach is an extension and substantial improvement 

of the causal step approach nullifying most of the flaws in it.  This method 

ascertained that the product of paths from X to M and then from M to Y 

represents, the indirect effect. In terms of notations in the above-mentioned 

model, the indirect effect is the product of ‘a’ and ‘b’ in a simple mediation 

model. While in case of multiple mediators the specific indirect effects are 

represented by respective a and b paths and total indirect effect is Ʃaibi. This 

method also provides tools for testing these mediation effects, in case of 

simple mediation the most popular method for testing the significance of the 

indirect effect is the Sobel test. Sobel test assumes that ab follows the normal 

distribution and the significance of this indirect effect can be tested by the 

following formula  

𝑧 =
a ∗ b

√𝑏2 𝜎𝑎2  +  𝑎2 𝜎𝑏2
 

Where denominator shows the standard error of indirect effect (ab) which is 

based on the work of (Aroian, 1947) and also illustrated by (Mood et al., 1974) 

using the 2nd order Taylor approximation of product of coefficients ab. The 

formula of Standard error of ab by Taylor approximation also includes the 

cross product of variance of ‘a’ and variance of ‘b’. It is dropped in Sobel test 

formula knowing that this cross product is too small to be included 

(MacKinnon & Dwyer, 1993; Sobel, 1982)  mentioned that this cross product 

of variances are not required to be included because it does not appear if 

standard error of ab is derived through delta method. (Preacher & Hayes, 

2008) discuss the Sobel test and delta method for specific indirect effect in 

case of multiple mediator models. It is proposed that these methods can be 

extended to find indirect effects and the standard errors to test the mediation 

effect of each mediator. For instance the indirect effect of the third mediator 

(a) 
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in the model 𝑀3 will be equals to 𝑎3𝑏3. Test of significance will be performed 

by the formula given below where the term in the denominator is a standard 

error of indirect effect.  

z =
𝑎3𝑏3

√𝑏3
2 𝜎𝑎3

2 + 𝑎32 𝜎𝑏3
2
                                                  (b) 

The main shortcoming of the product of coefficient method is that it assumes 

the product of coefficients distribution to be normally distributed which is 

contradicted by studies of (Aroian, 1947; Goodman, 1960;  Mackinnon et al., 

2007) stating that the paths a and b even if individually follow normal 

distribution their products are not normal and are skewed.  

Use of Structural Equation Modelling (SEM) for Mediation Analysis 

Structural Equation modelling for estimation of parameters in the mediation 

model is usually preferred for a variety of reasons. SEM is theoretically 

stronger than OLS technique because it estimates all the related variable 

coefficients simultaneously. It makes the estimation and interpretation of 

complex models easy.  It deals easily the multiple exogenous variables, 

mediators and outcome variable. Handling of missing data is also easy in 

SEM. It is also preferred for its information given on model fit. It is especially 

more useable in complex mediation models where there are multilevel 

mediation processes, when the effect of X transmits to Y through many in-

between nodes, when there is a mix of latent and observed variables or when 

all or most of variables are latent variables.  

However, SEM although preferable for all the reasons mentioned above 

requires specialized techniques while dealing with binary mediators as it 

assumes that all the variables are continuous and have a multivariate normal 

distribution. Binary variables often violate this assumption. 

Bootstrapping Technique 

Bootstrapping technique is preferable and recommended particularly in small 

and moderate samples because it does not assume the distribution of indirect 

effects (ab) to be normal; these methods do not require to make any 

assumptions about the distribution of parameter estimates to be tested 

(Lockwood & MacKinnon,1998; Shrout & Bolger, 2002; Preacher & Hayes, 

2008).  (Bollen & Stine, 1990; Stone & Sobel, 1990) using bootstrapping and 

simulation studies respectively found that distribution of the product of ‘a’ and 

‘b’ paths i.e. of indirect effect is skewed, they used small sample sizes of less 

than 400 observations.  So it is more appropriate to utilize non-parametric test 

instead of the conventional tests for testing mediation e.g. Sobel test which 
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assumes the distribution of indirect effect to be normal. As not only it does not 

make assumptions about the distribution of the test but also has a higher power 

of the test. 

Bootstrapping in its general sense means a self-executing process that does not 

require external input.  In a statistical view, it is a resampling method to re-

estimate a required summary statistics some large numbers of time (usually 

thousands). The method of bootstrapping is equally applicable to calculate 

Standard errors, p-values, and confidence interval of direct, total indirect and 

specific indirect effects in mediation analysis. Bootstrapping method do 

resampling, based on the original sample some thousands of time. From each 

generated sample the required statistics is calculated e.g. specific indirect 

effect. In this manner, there are thousands of estimated values for the required 

parameter to be tested. Based on these estimated values then standard errors, 

p-values and confidence interval are calculated.  Furthermore, point estimates 

can be calculated by averaging all the estimated values of a parameter.  

Discussion on some complexities involved in mediation analysis 

This section will discuss some of the complexities involved in mediation 

analysis and the proposed methods in literature to deal with it.  

Categorical Variables 

Iacobucci, (2012) in the article “mediation analysis and categorical variables: 

the final frontier” discussed the definition of a categorical variable in the 

mediation analysis context. It is clearly stated in the study that 5, 7 and 9 point 

scale variables are treated as continuous and the variables with binary 

outcomes e.g. yes or no and nominal categories like ethnicity groups and 

brands like A, B or C will be considered as categorical variables.   

Estimation of the mediation model with categorical variables 

 It is illustrated in (Iacobucci, 2012) that if mediator (M) or outcome Y is 

binary then it is not optimal to use traditional approaches to estimate mediation 

model equations. It is stated that “OLS regression is better suited for 

continuous response variables and logit model are better suited for discrete 

response variables”. It is also indicated that SEM is difficult to implement in 

case if the mediator or dependent variable is binary. It is described in the 

following words “It seems daunting to ask that Eqs. (1)–(3) could be 

reformulated such that all parameter estimates be estimated simultaneously 

when they comprise a mix of regression and logistic regressions, with their 

variant requisite assumptions”.  Similarly, it is quoted that “For our purposes, 
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this issue means that we cannot fit the equivalent of a structural equation 

model wherein one path is a logit link and another is OLS regression”.  

Method proposed by (Iacobucci, 2012) 

It is advocated to use Structural Equation modelling, if all X, M and Y 

variables are continuous. However, if the Mediator or Y is categorical, after 

comparing and listing shortcomings of different techniques available e.g. 

Neural Networks, generalized least squares and using R2 instead of β, the 

following procedure is recommended to test the mediation. 

Step 1:  If the dependent variable Y is continuous then equation 1 presented 

into mediation model given in the start of this section will be 

estimated through OLS otherwise logistic regression will be used for 

estimation. 

Step 2:   If Mediator is continuous equation 2 will be estimated by OLS and if 

it is categorical then estimations will be done by logistic. This will 

give parameter estimate of ‘a’ and its standard error. 

Step 3:  If Y is continuous then the 3rd equation will be estimated by OLS 

otherwise logistic regression will be used. This will give the 

parameter estimate of ‘b path’ and its standard error. 

Step 4:   Using information collected in step 2 and 3, the standardized elements 

can be found.                

                  𝑧𝑎 = 
â 

 𝑠̂𝑎 
                                                             (a) 

 

    𝑧𝑏 = 
b̂ 

 𝑠̂𝑏 
                                                                           (b) 

their product will be             za  x b  = za zb                                                               (c) 

and standard error is given by        

      √𝑧𝑎2   +  𝑧𝑏2 + 1                                                        (d) 

 

Step 5:  Finally the test of mediation proposed in the study is given by the 

following formula which is equally applicable to whether a and b both 

are from OLS or ‘a’ is from logistic and ‘b’ is from OLS or whether 

both are from logistic. 

𝑧𝑀𝑒𝑑𝑖𝑎𝑡𝑖𝑜𝑛 =
𝑧𝑎𝑧𝑏

√𝑧𝑎
2  +  𝑧𝑏

2  + 1
=

𝑎

𝑠𝑎
х 

𝑏

𝑠𝑏

√𝑧𝑎
2  +  𝑧𝑏

2  + 1
  

A mediator is significant at α = 0.05 if its value exceeds 1.96 in absolute terms. 

The critical values at a different level of significance in a normal distribution.  

(e) 
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Method of standardization of coefficients from the logit model 

In this method, the indirect effect is found by multiplication of standardized 

coefficients. Indirect effects are calculated by standardized ‘a’ and ‘b’ because 

both are coming from different regressions one from logistic and other from 

OLS if M or Y is binary. When mediator (M) is a binary variable ‘a’ path will 

be standardized by the formula proposed by (MacKinnon & Dwyer, 1993) that 

is given by  

𝑎∗ = 
â 𝑆𝑥

 𝑆𝑀 
                                                                           (a) 

But if M is binary its standard error will be equal to 𝑆𝑀 = √𝑎2 𝑠x2  +  
 𝜋2

 3 
  

while b path will also be standardized if Y is also binary.  

Method proposed by Li et. al (2007) 

Li et al, (2007) by performing Monte Carlo study claimed that the method 

proposed by them for finding mediation effect is consistent as compared to 

four other estimates that turned to be inconsistent in presence of a binary 

mediator. The following model is used for the analysis to capture the effect of 

X variable through binary mediator M on dependent variable Y where z 

represents covariate. 

             𝑀 = 𝐼 (  𝑐𝑀 + 𝛼𝑜X + 𝛾𝑧𝑀Z + 𝜀𝑀 > 0)                            (a) 

Where I (·) is representing binary mediator in terms of the indicator function. 

Whereas the equation for Y is given by 

                             𝑌 =  𝑐𝑦 +  τ X + 𝛽𝑜M+ 𝛾𝑧𝑦Z  +  𝜀𝑦                               (b) 

Error terms in both models are assumed to be mean zero random variables. 

The subscripts of coefficients are providing information about variable with 

which it is associated and about whether it is from the equation of mediator or 

dependent variable Y. For example 𝛾𝑧𝑦 is the coefficient of variable Z in the 

equation of Y.  

Taking the definition of mediation effect, that it is changed in the mean value 

of Y which is transferred through M due to change in X variable, it could be 

summarized as 

                                                
𝜕 {𝐸 (𝑌⃓  𝑋,𝑍)−𝐸(𝑌⃓ 𝑋,𝑀,𝑍) }

𝜕𝑋
= 𝛿𝑜                                   (c) 

Where 𝐸 (𝑌  𝑋, 𝑍) denotes the conditional mean of Y given X and Z while 
𝐸(𝑌 𝑋,𝑀, 𝑍) is conditional mean of Y given X, Z and M. Utilizing equation (b) 

𝐸 (𝑌  𝑋, 𝑍) can be written as 
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           𝐸 (𝑌  𝑋, 𝑍) =  𝑐𝑦 +  τ X + 𝛽𝑜𝐸(𝑌 𝑋,𝑀, 𝑍) + 𝛾𝑧𝑦Z            (d) 

                           𝐸 (𝑌  𝑋,𝑀, 𝑍) =  𝑐𝑦 +  τ X + 𝛽𝑜𝑀+ 𝛾𝑧𝑦Z                   (e) 

  

Plugging equation 4 and 5 in equation 3 will give the following equation  

𝛿𝑜 = 𝛽𝑜  
𝜕 {𝐸 (𝑀  𝑋, 𝑌)}

𝜕𝑋
 

= 𝛽𝑜
𝜕 {Pr(  𝑐𝑀 + 𝛼𝑜X + 𝛾𝑧𝑀Z + 𝜀𝑀 > 0)   𝑋, 𝑍 }

𝜕𝑋
  

It could be seen that equation (f) is representing the mediation effect which is 

also equivalent to the product of coefficients. 

 

• Estimation  

For estimation of mediation effect through utilizing the above theoretical 

derivation, equation 1 could be estimated through logit or probit regression 

and equation 2 will be estimated through Ordinary Least Squares (OLS).  

When 𝜀𝑀 follows a logistic distribution, the mediation effect presented by 

equation (f) can be written as  

𝛿𝐴𝐿 = 𝛼𝑜𝛽𝑜  
𝑒  𝑐𝑀+ 𝛼𝑜X + 𝛾𝑧𝑀Z

(1+𝑒  𝑐𝑀+ 𝛼𝑜X + 𝛾𝑧𝑀Z) 2
                                                (g) 

The estimated 𝛿𝐴𝐿 can be calculated by plugging the estimated values of the 

coefficient given in eq (g).  Getting from following equations  

                𝑙𝑜𝑔𝑖𝑡 (𝑀̂) =  𝑐̂𝑀.𝑋𝑌⃓ + 𝛼̂𝑋𝑀.𝑍X + 𝛾𝑧𝑀.𝑋Z                                   (h)

  

𝑌̂  =  𝑐̂𝑌⃓.𝑋𝑀𝑍 +  τ̂𝑋𝑌⃓.𝑀𝑍X + β̂𝑀𝑌⃓.𝑋𝑍X + 𝛾𝑍𝑌⃓.𝑋𝑀Z                        (i) 

Finally  

𝛿𝐴𝐿 = 𝛼̂𝑋𝑀.𝑍β̂𝑀𝑌⃓.𝑋𝑍  
exp( 𝑐̂𝑌.𝑋𝑀𝑍+𝛼̂𝑋𝑀.𝑍 X +𝛾̂𝑍𝑌.𝑋𝑀 Z)

{(1+exp( 𝑐̂𝑌.𝑋𝑀𝑍+𝛼̂𝑋𝑀.𝑍 X +𝛾̂𝑍𝑌.𝑋𝑀 Z)} 2
                        (j) 

Estimated mediation will be the average of 𝛿𝐴𝐿 for each observation in the sample. 

Bootstrapping could be used to construct the C-I and test its significance. 

Karlson, Holm and Breen (KHB) method 

Karlson et al.; (2012, 2013) addressed the problem of comparing coefficients 

of non-linear regression e.g. logit and probit models with coefficients of linear 

(f) 
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regression models. They proposed and justified a new method to deal with a 

binary outcome variable or binary mediator. The method is briefly discussed 

as follows. The article uses y to denote continuous outcome variable, x for 

predictor variable and z for mediating variable(s) and y* is used to represent a 

binary outcome.  The following two models are specified  

𝐻𝑅 : 𝑦
∗ = 𝛽𝑦𝑥𝑥 + 𝑒                           (a) 

                            𝐻𝐹 : 𝑦
∗ = 𝛽𝑦𝑥𝑥 + 𝛽𝑦𝑧.𝑥𝑧 + 𝑣                                              (b) 

Where R stands for reduced model and F for the full model. 

Moreover, let x is linearly related to z and could be presented as 

                              z = 𝜃𝑧𝑥 + 𝑤                                                                      (c) 

They introduced a new method that utilized the residual term from z on x 

regression represented by z.̃  Equation ‘c’ given below is the full model with 

z ̃while equation ‘b’ is a full model with z 

𝐻𝐹
∗ ∶   𝑦∗ = 𝛽

𝑦𝑥.z̃
𝑥 + 𝛽𝑦z̃.𝑥z̃ + 𝑘,           𝑠𝑑(𝑘) = 𝜎𝐹 

 π

√3  
                                        (d) 

  They proved that  

                                   𝛽𝑦𝑥 = 𝛽𝑦𝑥.z̃                                                                             (e) 

They proposed the following three measures to capture the mediating effect 

(confounding effect) holding rescaling effect constant 

The difference measure 

                   𝑏𝑦𝑥.z̃ − 𝑏𝑦𝑥.𝑧 = 
𝛽𝑦𝑥.z̃   

   𝜎𝐹
∗ −

𝛽𝑦𝑥.z 

𝜎𝐹  
=

𝛽𝑦x

𝜎𝐹  
− 

𝛽𝑦x.z

𝜎𝐹  
=

𝛽𝑦x −𝛽𝑦x.z 

𝜎𝐹  
                (f) 

 Ratio measure  

                                      
   𝑏𝑦𝑥.𝑧
 𝑏𝑦𝑥.z̃

=  

𝛽𝑦𝑥.z 

  𝜎𝐹
∗  

𝛽𝑦𝑥.z̃   

𝜎𝐹  
 
=

𝛽𝑦x.z
𝜎𝐹  

 
𝛽𝑦x
𝜎𝐹  

= 
𝛽𝑦x.z

𝛽𝑦𝑥.z̃
=

 𝛽𝑦x.z 

 𝛽𝑦x
                                      (g) 

Percentage measure 

 𝑏𝑦𝑥.z̃ −  𝑏𝑦𝑥.𝑧

 𝑏𝑦𝑥.z̃
х 100% =   

𝛽𝑦𝑥.z̃ − 𝛽𝑦𝑥.z 
𝜎𝐹 

 

𝛽𝑦𝑥.z̃   
  𝜎𝐹

∗ 
 

╳ 100% =
𝛽𝑦𝑥.z̃ − 𝛽𝑦x.z

𝛽xǀz̃
╳100 

                                            =
𝛽𝑦x− 𝛽𝑦x.z 

 𝛽𝑦x
╳ 100%                                                    (h)  

• Implementation of KHB method to the binary mediator and 

continuous outcome 
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Karlson et al., (2013) clearly discussed the case of a binary mediator and 

continuous outcome variable and summarized it by equations 26a, 26b and 

26c in their article  

                              𝑦∗ = 𝛾𝑦𝑥.𝑧𝑥 + 𝛾𝑦𝑧∗ .𝑥𝑧
∗ + 𝜎𝑛𝜔                                     (i) 

Where 𝑧∗  is representing mediator with a binary outcome.  

                                              𝑧∗ = 𝜃 𝑧∗ 𝑥𝑥 + 𝑚     (j) 

The total effect 𝛽𝑦𝑥 for the binary mediator and the continuous outcome is 

transcribed in the following way  

                                    𝛽𝑦𝑥 = 𝛾𝑦𝑥.𝑧∗  + 𝜃𝑧∗ .𝑥𝛾𝑦𝑧∗ .𝑥                                                       (k) 

Karlson et al. (2012, 2013) not only proposed a new method but also provided 

a KHB package for STATA. This package has the ability not only to 

implement the method proposed but also to calculate Average Partial effects 

(APE).  

Latest Approach: Marginal Mediation  

Marginal mediation is the latest approach to deal with binary mediators and/ 

or binary outcomes and to get effect size of each mediator without any 

interpretability issues. (Barrett, 2018) discussed the existing methods and their 

limitations to deal with categorical outcomes and mediation. The study 

discussed five current approaches i.e. estimation of each path by logistic 

regression which lacks estimation of indirect effect size, polychoric 

correlation in SEM, the method proposed by (Iacobucci, 2012), the sequence 

of logistic regression models and the fifth one is ignoring the distribution of 

outcomes. The pros and cons of each method are discussed in detail and the 

conclusion is drawn in the following words 

“ In the end, none of these approaches can flexibly handle 

categorical variables of various kinds (e.g., binary, multinomial) 

or other non-normal distributions (e.g., costs, counts); none can 

produce intuitive and meaningful effect sizes and confidence 

intervals across these variable types; and none can consistently 

combine two different types of estimates (e.g., binary mediator 

with continuous outcome, count mediator with binary outcome). 

Although the current approaches are useful in some situations—

particularly the SEM approach—a more complete framework is 

needed” (Barrett, 2018). 

Barrett, (2018) proposed a new technique named “Marginal Mediation 

Analysis” by the integration of Average Marginal Effects (AMEs) proposed 

by (Bartus, 2005) in mediation analysis. It is illustrated in the study that the 

marginal mediation analysis makes the interpretation of indirect effects more 
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meaningful and simple in the models which were previously considered 

problematic (models with categorical mediators and outcomes). This method 

takes into account the marginal effect of each variable for each unit in the 

sample and then this marginal effects for every observation are averaged to 

get the meaningful number called Average Marginal Effect (AME). It is 

elaborated that AMEs are robust in case of model misspecification and 

unobserved heterogeneity and generally applicable to any type and mix of 

models.  

The process of marginal mediation analysis follows the following steps that 

integrate AME method to mediation analysis. First, the following equations 

are estimated, same notations are used as in (Barrett, 2018). 

𝑀𝑖𝑗  =  𝑎0 + ∑  𝑝
𝑘=1  𝑎𝑘 𝑥𝑘𝑖 +  𝜀𝑖        for j= 1 , ……..m mediators           (a) 

𝑌𝑖  =  𝛽0 + ∑  𝑚
𝑗=1  𝑏𝑗  𝑀𝑖𝑗 + ∑  𝑝

𝑘=1  𝑐′𝑘 𝑥𝑘𝑖  +   𝜀𝑖                                         (b) 

Where there are k= 1, 2 ….p predictors, 1 to m mediators, and a, b and c´ paths 

are the same as in the usual mediation analysis. These equations are 

representing mediation model as it is in practice, and estimation can be done 

keeping in view the type of outcome in each equation.  The novelty of marginal 

mediation method is in post-estimation steps and integration of AME with 

above-mentioned equations. For continuous predictor, AME of path a for the 

kth variable  is presented by the equation given below 

𝐴𝑀𝐸𝑘
𝑎 = 𝑎𝑘  

1

𝑛
 ∑  𝑛

𝑖=1   𝑓(𝑎𝑋)                                                   (c) 

Where 𝑓 is denoting the probability density function, linear combination of X 

variables (predictors) is represented by aX in the above equation. The above 

mention equation is identical to the equation given below.  

𝐴𝑀𝐸𝑘
𝑎 = 

1

𝑛
 ∑  𝒏

𝒊=𝟏   
𝑓(𝑎𝑿𝟏)−𝑓(𝑎𝑿𝟐) 

2ℎ
                                               (d) 

Where aX1 and aX2 are given by the following matrices 

 

  𝑎𝑋1 =  

[
 
 
 
 
 
𝑎𝑥11 𝑎𝑥12 …       
𝑎𝑥21 𝑎𝑥22 …      
⋮ ⋮ …      

𝑎𝑥1𝑘 + ℎ … 𝑎𝑥1𝑝
𝑎𝑥2𝑘 + ℎ … 𝑎𝑥2𝑝

⋮ … ⋮
⋮ ⋮ …      
⋮ ⋮ …      

𝑎𝑥𝑛1 𝑎𝑥𝑛2 …       

⋮ … ⋮
⋮ … ⋮

𝑎𝑥𝑛𝑘 + ℎ … 𝑎𝑥𝑛𝑝]
 
 
 
 
 

                               (e) 
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   𝑎𝑋2 =  

[
 
 
 
 
 
𝑎𝑥11 𝑎𝑥12 …       
𝑎𝑥21 𝑎𝑥22 …      
⋮ ⋮ …      

𝑎𝑥1𝑘 − ℎ … 𝑎𝑥1𝑝
𝑎𝑥2𝑘 − ℎ … 𝑎𝑥2𝑝

⋮ … ⋮
⋮ ⋮ …      
⋮ ⋮ …      

𝑎𝑥𝑛1 𝑎𝑥𝑛2 …       

⋮ … ⋮
⋮ … ⋮

𝑎𝑥𝑛𝑘 − ℎ … 𝑎𝑥𝑛𝑝]
 
 
 
 
 

                               (f) 

Matrices given above are the predicted changes in outcome due to very small 

changes h, where h = 1 х 10−7.  

While for dummy variable in “a” path, AME is   

𝐴𝑀𝐸𝑘
𝑎 =  

1

𝑛
 ∑  𝒏

𝒊=𝟏 [𝐹(𝑎𝑋ǀ𝒙𝒌𝒊 = 1) − 𝐹(𝑎𝑋ǀ𝒙𝒌𝒊 = 0)]                        (g)                                            

Where the 𝐹(𝑎𝑋ǀ𝒙𝒌𝒊 = 1) is ith obseravtion’s  predicted value when the 

dummy is one and 𝐹(𝑎𝑋ǀ𝒙𝒌𝒊 = 0) is predicted value at value 0.  Same 

equations can be applied to calculate AME for b and c´ paths. 

By following the above-mentioned procedure and reporting indirect effect 

sizes in the form of AMEs makes the results more interpretable.  It is explained 

in the study that the results of individual paths e.g. path ‘a’ are in metric of the 

dependent variable in the equation. For example, if a path for a mediator in the 

binary form will represent risk or probability while if the mediator is 

continuous then it will be interpreted as the results in ordinary regression are 

interpreted. The indirect effects are based on both a and b paths, and if 

mediator and outcome variable are in two different types (i.e binary, 

continuous or continuous, binary or any other mix) then a and b paths will be 

in different scale, but the reported indirect effects calculated through marginal 

mediation approach will be in AMEs and will be easily interpretable. Under 

marginal mediation approach, the indirect effects are in outcomes original 

metric and thus do not create the problem of interpretability. Similarly, direct 

and total effects are measured in the form of AMEs and interpretable in 

outcomes metric. Because each indirect effect, direct effect and the total effect 

is in the same metric (i.e. in outcome’s metric) therefore they are all 

comparable. Marginal mediation analysis is implementable due to recently 

developed and available package   “MarginalMediation”  in R software, that 

is easy to use. This package reports both standardized and unstandardized 

direct effects and specific indirect as well as the confidence intervals through 

the bootstrapping method.  

To provide a clear overview of the mediation methods discussed, Table 1 

summarizes their key features, strengths, and weaknesses, particularly in 

relation to handling binary mediators
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Table 1  

Summary of Mediation Analysis Techniques and Their Properties 

Method  Key features Handling Binary 

Mediators 

Strengths  Weaknesses 

Casual Step 

Approach 

The variable is 

claimed mediator if 

significantly reduces 

the direct effect.  

Inadequate for 

complex models 

Easy to understand It only tests mediation not its strength or 

coefficient value. Inconsistencies and 

inconclusive results are possible. 

Product of 

Coefficients 

Method (Sobel 

Test) 

Indirect effect is 

calculated as  the 

product of a, b paths 

Inadequate for 

categorical 

variables 

Directly tests Indirect 

effect. 

Estimates the strength 

of mediation effect 

It assumes the product of coefficients 

distribution to be normally distributed 

which is contradicted by studies 

Structural 

Equation 

Modelling for 

Mediation 

Simultaneous 

Estimation of Paths 

Necessitates 

specialized 

techniques for 

handling binary 

mediators 

Handles complex 

models and latent 

variables 

It assumes that all the variables are 

continuous and have a multivariate normal 

distribution. Specialized techniques add 

complexity. 
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Bootstrapping 

Technique 

Resampling to 

estimate mediation 

effects 

Flexible Requires no 

distributional 

assumptions 

Computationally intensive, though modern 

software significantly reduces processing 

time; while applicable to all sample sizes, 

its benefits are most obvious in small 

samples. 

Iacobucci (2012) Standardized 

coefficients from 

mixed models 

Addresses binary 

mediators 

Particularly designed to 

deal with binary 

mediators 

Relies on Standardization 

Possibilities of inconsistencies 

Li et al. (2007) Conditional Mean 

Approach 

Addresses binary 

mediators 

Consistent with binary 

mediators 

Assumes specific model specification, 

relies on assumptions of logistic/probit and 

OLS; can be complex to implement. 

KHB (2013) Compares 

coefficients between 

nested models 

Addresses binary 

mediators 

Addresses rescaling 

issues and making the 

coefficients comparable 

in non-linear 

regressions 

Computationally intensive 

Marginal 

Mediation (2018) 

Average Marginal 

effects 

Addresses binary 

mediators 

Interpretable effect sizes ---------- 
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Conclusion 

This study attempted to discuss the mediation analysis and different 

complexities involved in estimation of such models. The focus of the paper 

was dealing with binary mediators. Some recent methods were discussed in 

detail highlighting the theoretical underpinnings of the techniques. The 

strengths and weaknesses of these techniques were also deliberated in detail. 

The paper began with conceptual details of mediation analysis, followed by 

illustration of traditional estimation methods, and ended by elaboration of 

contemporary techniques available to deal with binary mediators. Key finding 

highlight that while traditional methods like product of coefficients have 

historical significance, they lack rigor in dealing with binary mediators and 

generate interpretation and comparison issues. Newer methods like (Li et al. 

2007; KHB, 2013; Marginal Mediation, 2018) are more efficient in handling 

binary mediators, with Marginal mediation being more efficient in its capacity 

to estimate comparable and efficient mediation effects.    

Practical implication 

The academic implications of this paper are significant. By thoroughly 

elaborating and comparing various methods in detail, this paper is a valuable 

source for researchers across disciplines.  It provides a valuable resource to 

understand the complexities involved in dealing with binary mediators, 

various techniques available to deal them and to select the most suitable one.  

Hence helping the researchers to choose the techniques more rigorously and 

accurately. 

Limitations and future research direction 

While the paper consists of a comprehensive comparison of existing methods 

it doesn’t include empirical analysis and simulations.  Future research is 

needed to provide empirical evidence of effectiveness and limitations of 

contemporary techniques discussed in this paper. 
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