
FAQs for Mediation and Moderation 

Sometimes, it is easy to confuse mediation with moderation. In advance of Jacob Coutts’ 

presentation on this topic, we would like to provide an FAQ that provides a review of basic 

knowledge of these constructs. QMC hopes this information will be helpful. 

Q: What variables are involved in meditation or moderation?  

A: There is a minimum of three variables involved in mediation or moderation. Without 

mediation or moderation, there are at minimum two variables in the model: one predictor labeled 

X and one outcome variable labeled Y. X is considered to predict Y. There can be multiple 

predictors (Xs). However, if any of these predictors are labeled as a moderator or mediator, then 

they take on a new label (Z), an indication of a special role in the model.  

Q: What is mediation? 

A: Mediation is about why and how two variables (i.e., X and Y) are related with the inclusion of 

a third (M) variable. 

Q: What is moderation? 

A: Moderation is about the extent to which Z changes the strength of the influence of X on Y. A 

different term for moderation is interaction.  

Q: How do I know when to use mediation or moderation? 

A: It depends on your study purpose and research questions.  

Mediation can be conceived as an approach either to explaining a causal effect where the third 

variable (i.e., mediator) labeled M serves as an explanatory variable or to examining a mediated 

effect where M is an intervening variable (Pek, 2021). More specifically, for the former, M 

explains the underlying mechanism accounting for the causal effect between X and Y. In 

comparison, the latter does not need such a causal effect to be established; instead, the goal is to 

examine a change that X brings in M, which in turn brings about a change in Y.  

Moderation is conceived to examine the extent to which the effect of X on Y depends on the level 

of Z. The effect is generalizable across Z when the effect of X on Y is the same across different 

levels of Z. 

Q: Are mediation or moderation tied to a specific statistical approach? 

A: No, mediation and moderation are not tied to a specific statistical approach. For example, 

mediation and moderation can be modeled in multiple linear regression (MLR), path analysis, 

and structural equation modeling (SEM). 

Q: What are the assumptions needed to use mediation? 

A: There are two sets of assumptions associated with mediation (Fairchild & McDaniel, 2017). 

One is a set of statistical assumptions required for proper inference, and the other is a set of 

causal assumptions. The former includes normality and the correct model. The sources of the 



incorrect model include incorrect functional form between variables, omission of key variables, 

and imperfect measurement. Causal assumptions are required for an interpretation of 𝑀 as the 

explanatory variable or 𝑀 as the intervening variable in a chain of effects unfolding over time. 

Causal assumptions include the following: the temporal precedence, no confounding of the 𝑋 to 

𝑌 relation, no confounding of the 𝑋 to 𝑀 relation, no confounding of the 𝑀 to 𝑌 relation, and the 

effect of 𝑀 on 𝑌 does not vary across levels of 𝑋 (i.e., no interaction of 𝑋 and 𝑀 affecting 𝑌).  

 

Q: What are the assumptions needed to use moderation? 

A: Researchers are always advised to use regression diagnostics to check for outliers, 

multicollinearity, and statistical assumptions for MLR. Here, when examining moderation in an 

MLR framework, such checks, except for multicollinearity, are even more important. Recall that 

multicollinearity refers to the degree of association among independent variables. For 

moderation, not only is multicollinearity a non-issue, the association between the focal predictor 

(X) and the moderator (Z) could facilitate the detection of moderation (Whisman & McClelland, 

2005; McClelland et al., 2017).  

Q: What other critical things should researchers attend to when using mediation? 

A: Mediation is about processes that unfold over time (Pek & Hoyle, 2016). Some 

methodologists, such as Fairchild and McDaniel (2017), Pek and Hoyle (2016), Maxwell and 

Cole (2007), argue against using cross-sectional data to examine mediation effects because of 

biased and misleading results associated with cross-sectional data. Particularly, when the data is 

cross-sectional (i.e., non-longitudinal) and observational (i.e., non-experimental), this type of 

data is correlational in nature, failing to offer insight into the directionality of a relation between 

variables (Fairchild & McDaniel, 2017). Thus, beyond the one hypothesized model, there are a 

set of equivalent models (e.g., variables that seemingly serve as mediators could be 

confounders), meaning that they are mathematically indistinguishable from one another in terms 

of goodness-of-fit (MacKinnon et al., 2000). 

When adopting experiment and longitudinal design is not viable because of potential practical or 

ethical issues, researchers could eliminate alternative plausible explanations of the effect by 

using alternative statistical methods such as comprehensive SEM models, instrumental variables, 

principal stratification, inverse probability weighting, and sensitivity analysis, among other 

methods (MacKinnon & Pirlott, 2015).  

Q: What other critical things should researchers attend to when using moderation? 

A: When testing moderation, in addition to a product variable that needs to be constructed to 

carry the interaction effect, it is important to include both individual components, i.e., the focal 

predictor (X) and the moderator (Z).  

Before constructing the product variable, in order to aid in the interpretation of the regression 

coefficients for the focal predictor (X) and the moderator (Z) (i.e., conditional main effects), a 

crucial step that should be taken is to ensure that both of these independent variables have a 

meaningful zero point. The reason is that when interaction terms are present, these regression 

coefficients for the focal predictor (X) and the moderator (Z) estimate the effect of one when the 

other is fixed at zero. Usually, in cases where independent variables do not have a meaningful 



zero point, it is important to solve this problem. For example, centering could be implemented 

for continuous independent variables without substantively meaningful zero points.  

A finding of a significant interaction is evidence that the effect of the focal predictor (X) on the 

dependent variable (Y) depends on the moderator (Z). Then, it becomes essential to interpret, 

understand and communicate the meaning of the interaction effect. There are two approaches to 

probing this significant interaction: spotlight analyses and floodlight analyses (Spiller et al., 

2013).  

Q: Is it possible to model hypotheses combining mediation and moderation? 

A: Yes, there are typically two ways of doing so: mediated moderation or moderated mediation 

(Muller et al., 2005). 

 
Q: What is mediated moderation? 

A: Mediated moderation is concerned with the mediating process responsible for the 

moderation/interaction effect of X and Z on Y (Muller et al., 2005). Examples using mediated 

moderation include Feng et al. (2019) and Bae (2019). 

Q: What is moderated mediation? 

A: Moderated mediation occurs when mediation relations depend on the level of a moderator 

(Muller et al., 2005). Examples using moderated mediation include Samayoa et al. (2021) and 

Roma et al. (2020). 
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