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Abstract

Identifying causal mechanisms has become a cornerstone of experimental social psychology, and 

editors in top social psychology journals champion the use of mediation methods, particularly 

innovative ones when possible (e.g. Halberstadt, 2010, Smith, 2012). Commonly, studies in 

experimental social psychology randomly assign participants to levels of the independent variable 

and measure the mediating and dependent variables, and the mediator is assumed to causally affect 

the dependent variable. However, participants are not randomly assigned to levels of the mediating 

variable(s), i.e., the relationship between the mediating and dependent variables is correlational. 

Although researchers likely know that correlational studies pose a risk of confounding, this 

problem seems forgotten when thinking about experimental designs randomly assigning 

participants to levels of the independent variable and measuring the mediator (i.e., “measurement-

of-mediation” designs). Experimentally manipulating the mediator provides an approach to 

solving these problems, yet these methods contain their own set of challenges (e.g., Bullock, 

Green, & Ha, 2010). We describe types of experimental manipulations targeting the mediator 

(manipulations demonstrating a causal effect of the mediator on the dependent variable and 

manipulations targeting the strength of the causal effect of the mediator) and types of experimental 

designs (double randomization, concurrent double randomization, and parallel), provide published 

examples of the designs, and discuss the strengths and challenges of each design. Therefore, the 

goals of this paper include providing a practical guide to manipulation-of-mediator designs in light 

of their challenges and encouraging researchers to use more rigorous approaches to mediation 

because manipulation-of-mediator designs strengthen the ability to infer causality of the mediating 

variable on the dependent variable.
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Journal editors almost require mediation for publication, as noted by past Associate Editor 

of the Journal of Personality and Social Psychology (JPSP), Robert Cialdini (2009): “who 

could argue the importance of understanding what mediates the effects of interest to 
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psychologists? Mediation is about what research psychologists care about—locating 

causality—and sophisticated psychometric techniques now allow mediational accounts of 

our major findings…” (p. 5). Associate Editor of Journal of Experimental Social 
Psychology, Jamin Halberstadt (2010) stated in a Society for Personality and Social 
Psychology electronic mailing list email that he outright rejects manuscripts that fail to 

examine mediation: “I will desk reject all papers that are unlikely to survive the review 

process, or do not on their face satisfy the standards or goals of the Journal. This includes, in 

my opinion, […] studies with no insight into psychological mechanism.” Furthermore, in his 

editorial as incoming editor of JPSP, Eliot Smith (2012) identified mediation as a critical 

component of social psychology: An “explanation of observed effects in terms of underlying 

processes is almost a signature of articles that JPSP has historically published. Only rare 

articles demonstrate an effect without making at least some progress toward identifying the 

contributing processes. The most common approach to identifying those processes is 

mediation analysis. Thus recent developments in both the theory and the methods of 

mediation analysis are particularly significant for this journal” (p. 1–2).

Indeed, identifying causal mechanisms lies as a cornerstone of experimental social 

psychology. Many articles in top social psychology journals include mediation in at least one 

study: 59% of articles in JPSP and 65% in Personality and Social Psychology Bulletin 
(PSPB) from 2005 to 2009 (Rucker, Preacher, Tormala, & Petty, 2011); 41% of studies in 

PSPB within a six month period in 2007 (Kashy, Donnellan, Ackerman, & Russell, 2009); 

and 16% of studies in Psychological Science from 2011 to 2012 (Hayes & Scharkow, 2013).

In typical experimental designs examining mediation, researchers randomly assign 

participants to levels of the independent variable (X) and measure the mediating (M) and 

dependent (Y) variables—known as measurement-of-mediation designs (Spencer, Zanna, & 

Fong, 2005). (For clarity, we use M to reflect the measured mediator and M* to reflect the 

manipulated mediator). Researchers then perform statistical analyses to provide estimates 

for the models summarized in Fig. 1. Three regression equations comprise the single 

mediator model (shown in Fig. 1):

(1)

(2)

(3)

where X is the independent variable, M is the measured mediator, and Y is the dependent 

variable; i1, i2, and i3 are the intercepts in each equation; and e1, e2, and e3 are the residual 

errors reflecting misprediction and unobserved omitted influences. Eq. (1) regresses M on X 

and a represents the statistical effect of X on M. Eq. (2) regresses Y on X and c represents 

the statistical effect of X on Y, or the total effect. Eq. (3) regresses Y on X and M 
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simultaneously; c′ represents the statistical effect of X on Y, adjusting for M, or the direct 

effect of X (i.e., the effect of X not mediated by M); b represents the statistical effect of M 

on Y adjusting for X; and h represents the statistical interaction effect of X and M but this is 

often assumed to be zero. The quantity, ab, is the estimator of the mediated effect (also 

called the indirect effect), if a series of assumptions are met.

Inferring that M mediates the relationship between X and Y rests upon the following 

assumptions: (1) no confounding of the X to Y relation; (2) no confounding of the X to M 

relation; (3) no confounding of the M to Y relation; and (4) no effects of X that confound the 

M to Y relation (VanderWeele & Vansteelandt, 2009). Furthermore, the temporal order of 

the variables X to M to Y is assumed correct and X, M, and Y are assumed reliable and valid 

measures of the intended constructs (MacKinnon, 2008).

Baron and Kenny's (1986) causal steps approach to mediation article is the most widely cited 

article in JPSP (Quinones-Vidal, Lopez-Garcia, Penaranda-Ortega, & Tortosa-Gil, 2004) at 

20,326 times, according to Web of Science in June 2013. This suggests a reliance upon 

designs in which researchers measure the mediator and perform statistical mediation 

analyses (called measurement-of-mediation designs by Spencer et al., 2005)—particularly 

the causal steps approach—to provide evidence of a mediation relationship, over designs 

that randomly assign participants to levels of the proposed mediator, which we term 

manipulation-of-mediator designs (e.g., Smith, 2012). Measurement-of-mediation designs 

contain serious limitations (see for instance, Jacoby & Sassenberg, 2011; Spencer et al., 

2005; and Stone-Romero & Rosopa, 2008); we focus our discussion on their limitations to 

causal inference of the M to Y relationship.

The mediation model is a theoretical model implying causality: The independent variable 

causes a change in the mediator that causes a change in the dependent variable. According to 

Shadish, Cook, and Campbell (2002), three requirements exist to infer that one variable 

causes another. First, temporal precedence, such that the causal variable precedes the 

dependent variable in time. Second, covariation between the hypothesized causal and 

dependent variables, such that the independent and dependent variables vary together. Third, 

no plausible alternative explanations account for the relation between the hypothesized 

causal and outcome variables. Other approaches to causal inference exist that share some 

requirements of those outlined by Shadish et al. (2002), e.g., considerations for causal 

relations, Hill (1971), the potential outcomes model (Holland, 1988; Rubin, 1974, 1977), 

and related causal inference models (Pearl, 2000; Robins & Greenland, 1992) but the work 

by Shadish et al. (2002) remains widely used in social psychology. Therefore, we rely upon 

the classic Campbellian approach to causal inference (West & Thoemmes, 2010), which 

focuses upon a pattern of research results logically consistent with a research hypothesis.

Only well-designed experiments satisfy all three criteria of temporal precedence, 

covariation, and lack of alternative explanations: Researchers randomly assign participants 

to levels of the independent variable and significant differences between conditions on the 

dependent variable suggest the independent variable caused change in the dependent 

variable. The manipulation of the independent variable occurs before measurement of the 

dependent variable, which satisfies the temporal precedence criterion. An effect of the 
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independent variable on the dependent variable satisfies the covariation criterion. Finally, 

random assignment to conditions ensures that no pre-existing individual differences between 

conditions account for the differences between conditions. Assuming no confounds exist 

between conditions, no alternative explanations should account for the pattern of findings. 

Thus, in a study examining the effects of X on Y, an experiment satisfies the causal inference 

criteria, therefore enabling the causal inference of X on Y.

A mediation model, however, is a more complicated model containing three causal paths—

the effects of X on M, X on Y, and M on Y. In common social psychology experiments 

including mediation, researchers randomly assign participants to levels of the independent 

variable, measure the mediator and dependent variables, and perform statistical mediation 

analyses to demonstrate the ability of the mediator to statistically account for relationship 

between X and Y as shown in Fig. 1. However, providing statistical evidence of a mediation 

relationship fails to provide causal evidence of the mediation relationship. Random 

assignment of participants to levels of the independent variable enables causal interpretation 

of the X to M and X to Y relationships as it satisfies all three criteria for causal inference—

temporal precedence, covariation, and the elimination of alternative explanations. Although 

measuring M and Y satisfies the criterion for covariation between M and Y, it does not 

demonstrate temporal precedence of M to Y or the elimination of alternative explanations 

for the relationship between M and Y. This design cannot differentiate whether M causes Y, 

Y causes M, or some unmeasured confounding variable causes M and Y. Due to lack of 

random assignment to levels of the mediator, claims regarding the causal relation of M to Y 

are unjustified. Participants self-select to levels of the mediator; their values of the mediator 

are not randomly assigned. Other variables could confound the relationship between M and 

Y if not included in the statistical analysis. These omitted variables provide alternative 

explanations for the relation between M and Y instead of the hypothesized mediation 

process. The assumption that no omitted variables influence the mediation relation is called 

the no omitted variable assumption or no confounding assumption.

Some other variable could correlate and vary systematically with the mediator—a 

confounding variable. Using measurement-of-mediation designs, statistical analyses cannot 

differentiate whether the measured mediator or an unmeasured confound mediates the 

relationship between independent and dependent variables (Sigall & Mills, 1998). If the 

unmeasured confounding variable mediates the relationship between the independent and 

dependent variables, statistical mediation analyses could lead to the false conclusion that the 

measured mediator mediates the relationship. Accordingly, one cost to omitting confounding 

variables is that it is unclear whether the measured mediator is actually the true mediator. A 

second cost is that omitting confounding variables could bias mediation analyses by 

suppressing the relationship between M and Y and causing a Type II error, or bias analyses 

by spuriously increasing a mediated effect and leading to a Type I error. Additionally, as 

more variables are omitted (i.e., the more potentially confounded or omitted alternative 

mediators), the greater the likelihood of bias (Bullock et al., 2010).

Given the importance of detecting alternative explanations and confounds to experimental 

social psychology, it is surprising that the level of scrutiny typically applied to experimental 

manipulations has not yet been applied to mediation. Bullock et al. (2010) noted this 
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warning was raised over 30 years ago by Judd and Kenny (1981) and the problem of 

confounding variables in mediation has been repeatedly made in the psychological literature 

(Holland, 1988; James, 1980; MacKinnon, Lockwood, Hoffman, West, & Sheets, 2002, p. 

99–100; MacKinnon, 2008, Chapters 3 and 13; MacKinnon & Pirlott, 2015; McDonald, 

1997), but these warnings have been largely ignored.

Given these shortcomings, researchers and journal editors championed the use of 

manipulation-of-mediator designs when appropriate (e.g. Smith, 1982, 2012; Spencer et al., 

2005). For example in his editorial as incoming editor of JPSP, Eliot Smith noted, “Where 

appropriate, authors should consider adopting the experimental [mediation] approach, which 

is still underrepresented in the literature compared with measurement-of-mediation designs” 

(2012, p. 2). However, manipulation-of-mediator designs also contain challenges. Bullock et 

al. (2010) contended that significant challenges arise in manipulation-of-mediator designs 

that undermine its efficacy as a design.

Given the attention surrounding manipulation-of-mediator designs, the goals of this paper 

include describing new advances in manipulation-of-mediator designs while nonetheless 

reminding readers of the difficulties of these designs raised by Bullock et al. (2010) and 

others (MacKinnon, 2008; Chapter 14). In this paper, we describe types of experimental 

manipulations targeting the mediator (e.g., manipulations demonstrating a causal effect of 

the mediator on the dependent variable and manipulations targeting the strength of the 

mediator) and types of experimental designs (double randomization, concurrent double 

randomization, and parallel) while discussing their strengths and weaknesses and providing 

examples of research studies implementing those designs.

1. Types of manipulation-of-mediator manipulations

In this section, we detail two types of manipulations—one that experimentally manipulates 

the mediator to demonstrate an effect on Y and one that experimentally manipulates the 

effect of the mediator to either strengthen or weaken the effect of X on Y through the 

mediator.

1.1. Experimental manipulations demonstrating a causal effect of the mediator

Experimental designs that seek to demonstrate a causal effect of the mediator randomly 

assign participants to one condition of M*—either in a present versus absent or high versus 

low operationalization of the mediator—and measure the effects of M* on Y to demonstrate 

a causal effect of the mediator on the dependent variable. Mean differences in Y should 

correspond with the conditions of M*. Manipulating the value of the mediator in a 

dichotomized fashion (e.g., high versus low) creates systematic variance in Y corresponding 

with the levels of M*.

Note that Imai, Tingley, and Yamamoto (2013) argue that mediators typically cannot be 

manipulated to levels reflecting a true presence or absence of the mediator, and so 

differentiate between manipulations of mediators in an absolute sense (i.e., present versus 

absent) versus encouragement and discouragement manipulations (see also Holland, 1988). 
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In the encouragement condition, the value of the mediator is encouraged or increased, and in 

the discouragement condition, the value of the mediator is discouraged or decreased.

Consider including a manipulation check that measures the effect of the M* manipulation on 

a synonymous measured construct, i.e., measure the mediator. Mean differences in the 

measured mediator should reflect differences occurring as a function of the manipulated 

mediator M*. This demonstrates that the manipulation of M* affected the mediator in the 

theorized manner. This also provides evidence of the construct validity of the manipulation. 

In addition, measuring other mediators which the manipulation M* potentially could have 

also affected (i.e., confounding mediators) provides evidence of whether other alternative 

mediators actually drove the effects of M* on Y, rather than the hypothesized construct. 

These effects could be examined in a regression analysis which regresses Y on M* and the 

other measured potential mediators to determine which variables account for the effects on 

Y, whether M* or one of the other measured M variables, or a combination to determine 

whether M* affects Y.

To use an example of an experimental manipulation of the mediator from the literature, Li et 

al. (2012) conducted a manipulation-of-mediator design in which their manipulation sought 

to demonstrate the causal effects of M* on Y. Their theoretical model suggested that belief 

in a soul is a mediator of the relationship between religious affiliation (X: Catholic vs. 

Protestant) and internal attributions (Y), such that Protestants' greater belief in a soul drives 

their greater propensity to make internal attributions relative to Catholics. They manipulated 

Protestants' belief in a soul (M*) by randomly assigning them to either write an essay 

suggesting that souls do exist (encouragement condition) or do not exist (discouragement 

condition). The encouragement condition reflects an operationalization of the mediator at a 

high level—high belief in a soul, and the discouragement condition reflects an 

operationalization of the mediator at a low level—low belief in a soul. Li and colleagues 

argued that the manipulation strengthened or weakened the mediator, rather than fully 

changing the mediator. Thus, Protestants were not actually randomly assigned to stop or start 
believing in a soul, but instead encouraged to either increase or decrease their belief in a soul 

by writing an essay generating reasons why souls do or do not exist. As predicted by their 

theoretical model, mean differences in Y corresponded with conditions of M*: Protestants in 

the high belief in a soul condition made significantly greater internal attributions relative to 

those in the low or no belief in a soul condition. In other words, the means in Y significantly 

differed as a function of condition of M*. Although Li et al. did not report measuring the 

mediator (belief in a soul) as a manipulation check to demonstrate that the manipulation of 

belief in a soul (M*) actually affected belief in a soul (M), we expect that the value of the 

measured mediator M would be higher in the encouragement condition relative to the 

discouragement condition, which brought about the increase in internal attributions Y.

Note that the design used by Li et al. manipulated M* within one level of X to show the 

effect of M* on Y within Protestants. An alternative to this design is to examine the effect of 

M* on Y within both levels of X, or to concurrently manipulate both X and M* (see 

concurrent double randomization designs below). Whether M* demonstrates an effect on Y 

only within a certain level of X or across both levels of X might depend upon the substantive 

research question being answered.
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1.2. Experimental manipulations targeting the effect of the mediator

Manipulation-of-mediator experimental designs that manipulate the effect of the mediator 

(Mark, 1986, 1990; see also Jacoby & Sassenberg, 2011) seek to either increase or decrease 

the effect of the mediator, in conjunction with an experimental manipulation of X (see these 

concurrent manipulation designs discussed further below). By influencing the effect of the 

mediator, these manipulations also influence the effect of X on Y. This manipulation, which 

targets the effect of the mediator, occurs relative to a control condition that allows the 

mediator to vary freely. Therefore, experimental manipulations targeting the effect of the 

mediator manipulate the systematic variance in the mediator typically caused by the 

manipulation of X, by either increasing or decreasing the systematic variance in the mediator 

associated with X. This results in, minimally, a 2 by 2 design in which both X and M* are 

manipulated concurrently. The two levels of M* are either increasing or decreasing the effect 

of the mediator (i.e., increasing or decreasing the systematic variance in the mediator caused 

by X) versus allowing it to vary freely.

A blockage manipulation is one type of experimental design manipulating the effect of the 

mediator that seeks to block or “neutralize” the mediator to prevent the mediator from 

operating, or more probably, reduce the effect of the mediator. The blockage manipulation 

blocks the mediator by eliminating the systematic variance in the mediator created by X and 

shows a decreased effect of the mediator. To block or decrease the effect of the mediator by 

eliminating systematic variance in the mediator due to change in X, researchers create a 

setting in which the mediator is controlled or blocked across levels of X, i.e., unable to vary 

freely as a function of X. No mean differences should exist in Y as a function of X (due to 

the blockage of the mediator). Contrast this with the control conditions in which the 

mediator is allow to vary freely and the expected mean differences in Y exist as a function of 

X. In the blockage conditions, because the mediator is manipulated and not measured, this 

will result in a decreased effect of X on Y, i.e., smaller mean differences in Y as a function 

of X. A true blockage manipulation occurs when no mean differences in Y exist as a 

function of X and suggests that the entire effect of X on Y is through that particular 

mediator. However, a more likely scenario is that mean differences in Y still exist as a 

function of X, although to a lesser extent, because X still affects Y via additional mediators 

and/or X affects Y to an extent independent of the targeted mediator.

As an example of a blockage manipulation, the cognitive dissonance model suggests that 

counterattitudinal behaviors (X) increase arousal dissonance (M) which in turn causes 

attitude change (Y). Cooper, Zanna, and Taves (1978) targeted the variability of the mediator

—arousal—by administering a stimulant, depressant, or placebo to participants. The placebo 

condition allowed arousal to vary freely whereas the stimulant and depressant conditions 

blocked arousal from varying freely. Researchers then either asked or told participants to 

write a counterattitudinal essay pardoning Richard Nixon (X: dissonance manipulation—

choice), and measured attitudes toward pardoning Richard Nixon (Y). By administering a 

depressant meant to suppress arousal, Cooper et al. (1978) blocked the mediator of arousal 

from varying freely, and which should elicit a smaller effect (or no effect) of choice 

condition on attitudes in the blockage conditions relative to placebo conditions. Results were 

consistent with expectations of a blockage manipulation. Replicating previous findings, 
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participants in the placebo M* condition displayed more favorable attitudes toward the 

Nixon pardon in the high choice condition relative to the low choice condition (mean 

difference: 14.7–8.3 = 6.4, see Table 1). In the depressant M* condition, the effects of X on 

Y were blocked as arousal was blocked by the depressant M*: the attitudes toward the Nixon 

pardon did not differ in the high versus low choice conditions (mean difference: 8.6–8.0 = 

0.6). Although Cooper et al. (1978) did not report effect sizes comparing the effects of X on 

Y in the placebo and depressant conditions, we expect those effects to differ, thus showing 

the manipulation of the mediator targeting the effect of the mediator by manipulating its 

systematic variance affected the effect of X on Y. Given the suppression of variability in 

arousal in the stimulant condition, we would except similar effects, such that no effects of X 

on Y occurred in the stimulant condition, although researchers nonetheless found effects of 

X on Y in the stimulant condition (mean difference: 20.2–13.9 = 6.3) in a similar magnitude 

to the placebo condition (mean difference = 6.4).

An enhancement manipulation manipulates the mediator and seeks to increase the effects of 

the mediator to show its enhanced effects when manipulated, i.e., larger mean differences in 

Y corresponding to levels of X relative to the control conditions in which the mediator varies 

freely. The enhancement manipulation increases the effect of the mediator by increasing the 

systematic variance in the mediator created by X. To increase the effect of the mediator by 

increasing systematic variance in the mediator due to change in X, researchers create a 

setting in which the mediator differs maximally across corresponding levels of X. This 

essentially suggests that researchers create two conditions of X which vary systematically 

with the two corresponding levels of the mediator, and contrast the effects of those two 

conditions with the effects of the two conditions of X that allow the mediator to vary freely, 

thus yielding a 2 (X: high versus low) by 2 (M*: co-occurring at high and low levels with X 

versus varying freely) design. This uses the aforementioned manipulation-of-mediator 

manipulation which targets the value of the mediator, but in this case the mediator varies and 

co-occurs with its corresponding level of X, to enhance systematic variance stemming 

concurrently from X and M*.

To use Cooper et al.'s (1978) cognitive dissonance by arousal design as example of an 

enhancement manipulation, researchers randomly assigned participants to dissonance 

condition (X: high or low choice) and arousal manipulation (M*: stimulant, depressant, 

placebo) and measured their attitudes toward the Nixon pardon. In this particular example, 

the enhancement manipulation would contrast the high versus low levels of X co-occurring 

with high versus low levels of the mediator (i.e., stimulant versus depressant) against the 

high versus low levels of X with the mediator varying freely (i.e., placebo condition). The 

effects of X on Y should be larger when associated with the corresponding levels of the 

mediator relative to the effects of X on Y when allowing the mediator to vary freely. 

Therefore, in this example, we would expect the mean differences in Y to be greater in the 

high choice/high arousal condition versus low choice/low arousal condition, relative to the 

high choice/vary freely mediator condition versus low choice/vary freely mediator condition. 

As shown in Table 1, the effect of X on Y when the mediator was allow to vary freely 

yielded a mean difference of 6.4 (14.7–8.3). The effect of X on Y when the mediator varied 

maximally with levels of X was larger—a mean difference of 12.2 (20.2–8.0).
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Similar to a manipulation check as described above in experimental manipulations seeking 

to demonstrate an effect of M* on Y, again consider including a manipulation check that 

measures the mediator. This should demonstrate mean differences (or a lack of mean 

differences) in M corresponding to conditions of X as a function of whether the mediator 

was blocked, enhanced, or allowed to vary freely. This demonstrates that the manipulation of 

the mediator affected the mediator in the theorized manner and again, provides evidence of 

the validity of the manipulation. Also as described above, measuring other alternative 

mediators which could have been affected by the manipulation of the mediator provides 

evidence of whether other alternative mediators actually caused the effects, and including 

the other measured mediators in a regression analyses could demonstrate which measured 

mediator drove the effects to rule out alternative explanations.

Measuring the mediator as a manipulation check should reveal a pattern of means specific to 

the type of manipulation (blockage, enhancement, or vary freely). Allowing the mediator to 

vary freely should reveal a pattern of mean differences in M corresponding with the 

appropriate levels of X. An enhancement manipulation which manipulates X with the 

corresponding levels of M* should reveal a pattern of mean differences in M corresponding 

to the manipulation—high X/high M* versus low X/low M*. If comparing the enhancement 

condition to the vary freely condition, the pattern of mean differences in M in the 

enhancement condition should reveal greater effects in M relative to the vary freely 

condition. A blockage manipulation which blocks the mediator should reveal a pattern of no 

mean differences in M corresponding with levels of X, or if comparing the blockage 

manipulation to the vary freely manipulation, the blockage manipulation should show 

smaller mean differences in M as a function of X relative to the mean differences in M as a 

function of X in the vary freely condition.

2 Types of manipulation-of-mediator designs

The next section focuses on different types of manipulation-of-mediator designs: double 

randomization, concurrent double randomization, and parallel designs.

2.1. Double randomization designs

Double randomization designs (also called process manipulations by Mark, 1990 and 

experimental-causal-chain designs by Spencer et al., 2005; Stone-Romero & Rosopa, 2008) 

randomly assign participants to X and measure M and Y in Experiment 1 to allow clear 

interpretation of the X to M and X to Y paths as estimates of causal influence. Then in 

Experiment 2, randomly assign participants to levels of M* defined by how X changed M in 

Experiment 1. If M* significantly affects Y in Experiment 2 (i.e., if there are significant 

differences in Y as a function of M*—a significant main effect of M* on Y), evidence exists 

in support for mediation and the causal effect of M* on Y. As noted above, a manipulation 

check measuring M also demonstrates the causal effects of X and M* on M.

Using this approach, Word, Zanna, and Cooper (1974) tested mediation across two 

experimental studies. They examined self-fulfilling prophecy in interracial interviews, such 

that interracial interaction (X) predicted quality of interview (M), which predicted interview 

performance (Y). To experimentally test mediation in Study 1, they randomly assigned 
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White participants to interview either a Black or a White confederate interviewee. Race of 

interviewee (X) significantly affected interview quality (M), such that Black interviewees 

received poorer interviews—less immediacy, more speech errors, and shorter interviews; and 

race of interviewee affected interview performance (Y) such that Black interviewees 

performed worse relative to White interviewees. Study 2 then experimentally tested the M* 

to Y relationship, such that White participant interviewees were randomly assigned to one of 

two interview conditions—they either received a poor quality interview like Black applicants

—less immediacy, more speech errors, and shorter interviews, or a high quality interview 

like White applicants. Participants receiving poor interviews (M*—like Black applicants) 

performed worse (Y).

As described above when discussing encouragement/discouragement mediator 

manipulations, work by Li et al. (2012) also provides an example of the double 

randomization design. Their theory predicted belief in a soul (M) mediated the effect of 

religious group differences (X: Protestant versus Catholic) in internal attributions (Y), such 

that Protestants' greater belief in a soul drove their elevated use of internal attributions 

relative to Catholics. To test this, in one study, they demonstrated belief in a soul (M) 

statistically mediates the relationship between religious group (X) and internal attributions 

(Y). In a second study they randomly assigned Protestants' levels of M* and measured 

internal attributions. To manipulate belief in a soul, they used an encouragement/

discouragement manipulation-of-mediator design, in which they randomly assigned 

Protestants to write an essay either suggesting that souls do or do not exist; writing that souls 

exist increased internal attributions relative to the no soul condition.

The primary strength of double randomization designs is that they provide important 

experimental evidence about the mediation relation. Random assignment of participants to 

levels of the mediator satisfies the temporal precedence criterion, demonstrates covariation 

of M and Y, and beyond the abilities of measurement-of-mediation designs, reduces the 

plausibility of alternative interpretations of the M to Y relationship. Furthermore, 

demonstrating that M* causes Y in the second study provides a conceptual replication of the 

pattern of findings found in the first study. Replicating the pattern of findings using a 

conceptual replication (i.e., here using different operationalizations of the mediating 

variable) strengthens the ability to infer that the construct of interest (here, the mediator) is 

responsible for the given pattern of findings (Brewer & Crano, 2014; see also Fabrigar & 

Wegener, in press and Hüffmeier, Mazei, & Schultze, in press, for a detailed discussion on 

the benefits of conceptual replications).

2.2. Concurrent double randomization designs

Concurrent double randomization designs (also called testing-a-process-hypothesis-by-an-

interaction strategy by Jacoby & Sassenberg, 2011 and moderation-of-process designs by 

Spencer et al., 2005; see also Sigall & Mills, 1998) experimentally manipulate both the 

mediator and independent variable simultaneously in a two-factor experimental design. This 

enables an examination of the causal effect of X on Y and M* on Y. Including a 

manipulation check measuring M would also provide evidence of the causal effects of X on 

M and M* on M.

Pirlott and MacKinnon Page 10

J Exp Soc Psychol. Author manuscript; available in PMC 2017 September 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



As described above as an example of a blockage and enhancement manipulation-of-mediator 

design, we use Cooper et al. (1978)'s cognitive dissonance study to demonstrate a concurrent 

double randomization design. Cooper et al. (1978) manipulated the hypothesized mediator—

arousal (M*)—by randomly assigning participants to receive a placebo, stimulant, or 

depressant meant to affect arousal thereby either allowing it to vary naturally, enhancing it, 

or blocking it while simultaneously manipulating X—participants were either asked or told 

to write a counterattitudinal essay (X: dissonance manipulation—high or low choice) and 

then reported attitudes toward Richard Nixon (Y). Given that the manipulation of arousal 

included a manipulation to either set the mediator to a specified value (e.g., high arousal via 

stimulant or low arousal via depressant) or to allow it to vary freely, for the sake of clarity in 

this example we focus interpretations on the high versus low arousal manipulation of M*.

Looking at the interaction between M* (high versus low arousal; omitting the placebo 

condition) by X (high versus low choice) in Table 1 reveals the causal effects of M* and X 

on Y. There appears to be a main effect of X on Y: averaging the effects of X on Y over 

conditions of M* yields a mean difference of 3.45 [Xhigh: (8.6 + 20.2)/2; Xlow: (8.0 

+ 13.9)/2]. There also appears to be a main effect of M* on Y, across levels of X, with a 

mean difference of 16.75 [M*high: (8.6 + 8.0)/2; M*low: (20.2 + 13.9)/2]. This reveals a 

causal effect of both M* and X on Y. There also appears to be an interaction between X and 

M* suggesting the strongest effects occur in the conditions in which levels of X occur with 

the corresponding levels of M*. The pattern of findings might also demonstrate that the 

strongest effects (i.e., mean differences) occur in the conditions in which levels of X 

correspond with the appropriate levels of M*, for example, Xhigh/M*high versus Xlow/M*low.

A limitation to concurrent double randomization is the inability to demonstrate that X affects 

M, although measuring the mediator would demonstrate if both X and M* affect M. 

Nonetheless, concurrent double randomization designs provide important experimental 

evidence about the mediation relation. Through random assignment of observations to levels 

of M*, these designs establish temporal precedence of M* to Y and reduce the plausibility 

of alternative explanations of the M* to Y relationship. They thus also go beyond 

measurement-of-mediation designs in allowing for the interpretation of a potential 

covariation between M* and Y as causal.

2.3. Parallel designs

Parallel designs (Imai et al., 2013) essentially combine concurrent double randomization 

manipulation-of-mediator designs with measurement-of-mediation designs. Researchers 

randomly assign participants into one of two studies assessing the same mediation model—

either a measurement-of-mediation design in which participants are randomly assigned to 

levels of X and M and Y are measured, or a concurrent double randomization manipulation-

of-mediator design in which participants are randomly assigned to a level of X and a level of 

M*, and Y is measured. This is conceptually the equivalent of randomly assigning 

participants to a level of X and a level of M* in which the mediator is allowed to vary freely 

(i.e., no manipulation of the mediator), or fixed to a high versus low value of the mediator, 

and identical to the Cooper et al. design described above.
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As described above as an example of a blockage and enhancement manipulation-of-mediator 

design, we use the Cooper et al. (1978)'s cognitive dissonance study to demonstrate a 

concurrent double randomization design as a modification of the parallel design. Cooper et 

al. (1978) manipulated the hypothesized mediator—arousal (M*)—by randomly assigning 

participants to receive a placebo, stimulant, or depressant meant to affect arousal thereby 

either allowing it to vary naturally, enhancing it, or blocking it while simultaneously 

manipulating X—participants were either asked or told to write a counterattitudinal essay 

(X: dissonance manipulation—high or low choice) and then reported attitudes toward 

Richard Nixon (Y). Given the complexity of this design, the results can be examined in 

several different ways:

(1) Looking at the effects of X on Y within the M* vary freely condition (here, M* 

= placebo condition), consistent with previous cognitive dissonance studies, 

participants in the placebo condition demonstrated the predicted pattern of 

findings: Participants in the high choice condition produced more supportive 

attitudes relative to the low choice condition.

(2) As an example of a blockage design: Looking at the effects of X on Y within 

the M* = depressant condition relative to the effects of X on Y within the M* = 

placebo condition demonstrates that when constraining the variance of the 

mediator (depressant condition), there are no effects of X on Y relative to the 

effects of X on Y in the placebo condition. The same effects should also occur 

when examining the effects of X on Y within the M* = stimulant condition 

relative to the effects of X on Y in the M* = vary freely condition, although 

this did not occur in this example.

(3) As an example of an enhancement design: Looking at the effects of X on Y 

when X co-occurs at the corresponding levels of M* (i.e., high choice/high 

arousal and low choice low arousal) relative to M varying naturally reveals a 

larger effect of X on Y in the enhancement condition relative to the M varying 

naturally condition.

(4) Looking at the interaction between M* (high versus low arousal; omitting the 

placebo condition) by X (high versus low choice) reveals the causal effects of 

M* and X on Y: there appears to be a main effect of X on Y and a main effect 

of M* on Y.

A strength of this design is that by randomly assigning participants to the measurement-of-

mediation and concurrent double randomization manipulation-of-mediator designs, any 

differences between the two studies cannot be attributed to individual differences. In other 

words, when measurement-of-mediation and concurrent double randomization 

manipulation-of-mediator designs are used to provide evidence of the mediated effect and 

the causal relationship between M and Y, the differences between the two studies could be 

attributed to individual differences because the samples could systematically differ. Random 

assignment to design eliminates this confound. Thus, if the results of both experiments 

provide convergent evidence that the mediation relation occurred, there is decreased 

likelihood that the results were due to an unmeasured confounding variable, and increased 

evidence of arousal as a mediator (in this example).
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Furthermore, replicating the mediation model in two different types of designs—

measurement-of-mediation and manipulation-of-mediation—provides evidence of a 

conceptual replication, which further strengthens the ability to infer that the mediator was 

the variable responsible for the process by which X affected Y (Brewer & Crano, 2014; 

Fabrigar & Wegener, in press; Hüffmeier et al., in press).

A drawback to this design is that it requires a large sample size—at least enough participants 

to be randomly assigned to six different conditions, and this potentially undermines its 

effectiveness in studies with limited funding or participants. However, the primary strength 

of the parallel design lies in that, if the findings of the measurement-of-mediation and the 

concurrent double randomization designs manipulation-of-mediator converge, evidence 

exists that the mediated relation found in the measurement-of-mediation design is not due to 

unmeasured variables confounded with the mediator. This provides strong causal evidence 

for the mediation relation.

3. Challenges underlying manipulation-of-mediator designs

Manipulation-of-mediator designs impose their own challenges and limitations. Below we 

discuss challenges underlying manipulation-of-mediator designs, including distinguishing 

between mediators and moderators, alternative explanations for the relationship between M 

and Y, the precision and ease of manipulating mediators, construct validity of the 

manipulated mediator, demonstrating that X causes M, assessing the indirect effect, knowing 

the causal effect at the individual-versus group-level, and heterogeneity of causality.

3.1. Manipulated mediators inherently become moderators

Manipulating mediators to demonstrate how the effects of X on Y differ as a function of M* 

inherently causes a mediator to also become a moderator. Therefore, in manipulation-of-

mediator designs, it can be difficult to distinguish between mediators and moderators 

(Bullock et al., 2010; Imai et al., 2013; Mark, 1990; Spencer et al., 2005).

Mediators and moderators differ importantly. To define a moderator, from Baron and Kenny 

(1986, p. 1174): “a moderator is a qualitative (e.g., sex, race, class) or quantitative (e.g., 

level of reward) variable that affects the direction and/or strength of the relation between an 

independent or predictor variable and a dependent or criterion variable. Specifically within a 

correlational analysis framework, a moderator is a third variable that affects the zero-order 

correlation between two other variables. […] In the more familiar analysis of variance 

(ANOVA) terms, a basic moderator effect can be represented as an interaction between a 

focal independent variable and a factor that specifies the appropriate conditions for its 

operation.” To define a mediator, from Baron and Kenny (1986, p. 1176) as the generative 

mechanism by which an independent variable influences the dependent variable and in this 

way “it accounts for the relation between the predictor and criterion. […] Whereas 

moderator variables specify when certain effects will hold, mediators speak to how or why 

such effects occur.”

Experimental manipulations-of-the-mediator designs that target the effect of the mediator 

(i.e., blockage and enhancement designs) manipulate the effect of the mediator which in turn 
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effects the strength of the relationship between X and Y as a function of the effect on the 

mediator. From the outside, this appears to be a moderation of the X to Y effect. However, 

the conceptual difference is that it targets the effect of the mediator that in turn affects the 

effect of X on Y, whereas a moderator directly affects the effect of X on Y. Also measuring 

the mediator can also demonstrate statistically that M mediates the relationship between X, 

M*, and Y.

Experimental manipulations-of-the-mediator designs that seek to show an effect of the 

mediator on Y manipulate M*. When combined with a manipulation of X, i.e., a concurrent 

double randomization design, this manipulation of the mediator is equivalent to a 

moderation design in which the manipulated mediator M* moderates the effect of X on Y to 

show the effects of X on Y differ as a function of M*. Again, measuring the mediator can 

also yield evidence that M mediates the relationship between X, M*, and Y.

Furthermore, double randomization designs clarify the problem of whether a variable is or is 

not a mediator. Demonstrating that X causally influences M, and then in a second 

experiment, that X and M* causally influence Y provides empirical evidence that M is a 

mediator, although it does not prove that M* is not a moderator. Concurrent double 

randomization designs in which levels of M* reflect artificially created high and low levels 

of M* relative to varying freely levels of M* while also measuring M allow comparisons of 

manipulations-of-mediation effects with measurement-of-mediation effects to demonstrate 

that the mediating variable is, in fact, a mediator.

A program of research using multiple methods (including measurement-of-mediation and 

manipulation-of-mediator designs) provides evidence that a variable is a mediator and not a 

moderator. This limitation challenges theories to better specify models of moderators and 

mediators. Including a concurrent double randomization design within a series of studies or 

program of research in which evidence demonstrates that the proposed mediator is affected 

by the independent variable provides evidence that it is, in fact, a mediator, and not only a 

moderator.

3.2. Alternative explanations

One challenge underlying manipulation-of-mediator designs arises in that experimental 

manipulation of the mediator cannot automatically rule out alternative explanations of the 

relationship between M* and Y. Even when the mediator is manipulated in the manipulation-

of-mediator designs, it is still possible that confounds may lead to incorrect conclusions. As 

in all experimental research (whether manipulating X or M*), researchers must demonstrate 

and/or argue persuasively for why the particular experimental manipulation did not include a 

covarying confounding variable or simultaneously activate multiple variables (in this case, 

mediators). A way to address this issue is by systematically manipulating multiple 

mediators, perform pilot testing of the M* manipulation to ensure it targets one mediator and 

not others, and measuring all possible relevant confounding mediating variables.

3.3. Precision needed to manipulate mediators

Another challenge is whether the researcher can manipulate mediators with the precision 

needed to demonstrate mediation. Given that proposed mediators are often continuous, the 
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manipulation of the mediator at a precise level necessary for change could be difficult. In 

double randomization designs, manipulating X to estimate the causal effect of X on M in 

Experiment 1 provides evidence for the necessary levels to manipulate the mediator in 

Experiment 2. Further, experimental manipulations of the mediator could affect other 

confounded mediators and then the effect of X on Y would have to be considered to be 

mediated by a combination/package of mediators, and exclusive attribution of the indirect 

effect to the particular mediator in focus would be difficult. MacKinnon (2008) and Bullock 

et al. (2010) recommend that if researchers manipulate one mediator, investigators ought to 

provide justification as to why other variables are not also affected, and to derive a list of 

alternative mediators and demonstrate that those mediators are unaffected and not driving 

the results. Similar to challenges of operationalizing an independent variable, the 

operationalization of a mediator can include confounds. Precise operationalization of the 

experimental manipulations of the mediator can rectify this situation and experimental 

researchers are already familiar with this construct validity challenge (Cook & Campbell, 

1979). Furthermore, these criticisms are not specific to manipulation-of-mediator designs; 

they are challenges embedded within all experimental designs.

In past research, these alternative explanations are sometimes addressed in the discussion 

section but the use of methods to assess confounder bias should help bring possible 

confounding variables into the forefront in mediation designs (MacKinnon & Pirlott, 2015). 

To counter claims about mediators being concurrently manipulated, one could manipulate 

multiple mediators in one experiment (e.g., Sheets & Braver, 1999), or vary one mediator by 

manipulation while blocking alternative mediators by experimentally keeping them constant 

(e.g., Neuberg & Fiske, 1987; O'Carroll, Drysdale, Cahill, Shajahan, & Ebmeier, 1999).

3.4. Ease of manipulating mediators

An additional challenge to mediation analysis in general is the extent to which mediating 

mechanisms easily lend themselves to manipulation and measurement. Cognitive and 

affective processes are common mediating mechanisms that might be challenging to 

measure in a way to detect effects of an experimental manipulation (Bullock et al., 2010; 

MacKinnon, 2008). Similarly, ethical issues may also limit the type of statistical or 

experimental approach to mediation analysis (Jo, 2013; Mark, 1990). Therefore, 

manipulation-of-mediator designs are best applied when the mediator can easily be 

manipulated and measured (Spencer et al., 2005).

For practical purposes, manipulation-of-mediator manipulations that seek to manipulate the 

mediator are probably easier than manipulation-of-mediator manipulations that target the 

effect of the mediator. Manipulations seeking to vary the mediator minimally require an 

operationalization of the mediator in a high versus low two-condition dichotomy to 

demonstrate that the mediator casually affects the dependent variable. Manipulations 

targeting the effect of the mediator require a manipulation of the mediator (blocked or 

enhanced relative to vary freely) in conjunction with a manipulation of X to demonstrate 

effects on Y, thus creating a more complicated design, although concurrent double 

randomization designs which manipulate X and M* require the same minimal number of 

conditions (minimally a 2 by 2 design).
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3.5. Construct validity of manipulated mediators

A similar challenge is how the mediator—as a construct—differs according to whether it is 

measured or manipulated. Although this construct validity challenge is present in all 

research, the nature of mediators—that they are typically physiological or psychological 

processes and therefore more abstract—might make this more difficult than some types of 

independent variable manipulations, which can be more concrete. Nonetheless, when 

developed in a larger body of research, replications across alternative operationalizations of 

the mediator—including measured and manipulated operationalizations—provide 

converging evidence of the process (Brewer & Crano, 2014; Fabrigar & Wegener, in press; 

Hüffmeier et al., in press).

3.6. Demonstrating that X causes M

Experimentally manipulating the mediator enables causal inference that M causes Y, but the 

mediation relationship posits that X causes M that causes Y. Therefore, manipulation-of-

mediator designs demonstrate that M* causes Y, but not that X causes M. Double 

randomization designs show that X causes M (and Y) in Experiment 1 and that M* causes Y 

in Experiment 2, which enable an understanding of the causal relationship between X and 

M, X and Y, and M* and Y, but note that the understanding of these relationships comes 

from two separate experiments. Measuring M as a manipulation check allows testing 

whether X (and M*) indeed affect M.

3.7. Assessing the indirect effect

These experimental designs are also limited because they cannot assess the entire indirect 

effect. However, designs which contrast the effects of X on Y when the mediator varies 

freely versus specifying the mediator to specific levels enables an examination of the 

indirect effect in the X → M → Y conditions. Furthermore, designs which manipulate both 

X and M* and measure M and Y enable an assessment of the effects of X and M* on M, X 

and M* on Y, and M on Y, thus providing additional evidence of the mediated effect, 

although not obtained identically to traditional measurement-of-mediation designs.

3.8. Causal effects at the participant- versus group-level

In typical between-subject experimental designs manipulating X and measuring Y, analyses 

reveal whether a significant difference in Y between levels of X occurred on average, not 

necessarily for individual participants. For accurate causal inference, however, according to 

the counterfactuals philosophy, one must obtain the causal effect for each participant, i.e., 

for the participant to simultaneously serve in all conditions of the independent variable and 

measure their dependent variable. This is, of course, impossible (Imai et al., 2013). 

Assessing the causal effect of the mediator on the dependent variable further compounds this 

challenge. For example, it is impossible to observe values of the mediator in the treatment 

group for participants in the control group and impossible to observe mediator values in the 

control group for participants in the treatment group. The experimental designs described in 

this article do not solve this problem ubiquitous to all between-subjects experimental 

designs, but provide further insight into mediation from a perspective focusing on 

consistency of the pattern of effects, i.e., X to M, X to Y, and M* to Y.
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3.9. Heterogeneity of causality

A final challenge underlying all mediation designs—regardless of measurement-of-

mediation or manipulation-of-mediation designs, is whether the effects of X on M and M* 

on Y occur for different subsets of people, i.e., heterogeneity of causality (Bullock et al., 

2010). In measurement-of-mediation designs, the relationship of X on M, X on Y, and M on 

Y are average effects in the sample, rather than effects to specific to each participant. 

Likewise, in double randomization, concurrent double randomization, and parallel designs 

the effects of X on M, X on Y, and M* on Y are average effects. In other words, it is possible 

that the effects of X on M and M on Y (or M* on Y) occur for differ subsets of participants 

(Bullock et al., 2010; Cerin & MacKinnon, 2009; Imai et al., 2013; Glynn & Quinn, 2011). 

For example, X affects M only for males (no effect for females) whereas M (or M*) affects 

Y only for females (no effect for males). Analyses ignoring participant sex would estimate a 

nonzero indirect effect, ab, but the actual indirect effect would be zero for all participants. 

Importantly, however, this critique is not unique to manipulation-of-mediator designs; this 

same critique falls upon measurement-of-mediation designs and all research designs 

(Bullock et al., 2010; Cerin & MacKinnon, 2009).

The easiest way to overcome the problem of heterogeneity of causality is to use within-

subjects or repeated measures designs in which participants are randomly assigned to the 

order of levels of X. Within-subjects designs, however, incur carryover effects that limit their 

broad usage. Within-subjects designs satisfy the potential outcomes or counterfactual model 

of causal inference, which suggests the only way to infer causality is to know the outcome 

for a participant in both conditions of the independent variable. Assuming that the use of 

within-subjects designs is possible, a simple within-subjects measurement-of-mediation 

design in which participants are randomly assigned to the order of X condition and M and Y 

measured, enables an examination of whether the difference between conditions on M is in 

the same direction as Y for all participants. Although examining the mean differences of X 

on M and X on Y could show significant differences between groups when the mediated 

effect is zero, correlational analyses would detect whether there was a significant 

relationship between M and Y using the difference scores in each condition for M and Y.

Although using a within-subjects design in which only X is randomly assigned overcomes 

the heterogeneity of causality problem, it fails to provide sufficient causal inference of the M 

to Y relationship. The concurrent double randomization design provides further evidence of 

the causal effect of M* on Y while also overcoming the heterogeneity of causality problem. 

The heterogeneity of causality limitation suggests two main effects: the effect of X on M and 

the effect of M* on Y, which could occur for two different subsets of people. Using a within-

subjects concurrent double randomization manipulation-of-mediation design in which X and 

M* are concurrently manipulated and M and Y are both measured enables researchers to 

examine whether the effects of X on M occur in the same direction for the same participants 

as the effects of M* on Y by examining a correlation between the difference scores of M as 

a function of X and Y as a function of M*.

The within-subjects study design, however, is limited to studies that can accommodate carry 

over effects. Imai et al. (2013) described a modified version of the within-subjects design 

that they call crossover designs: participants participate in both the treatment and control 
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conditions, in a randomized order. This design assumes there are no carry-over effects and 

appears to require a significant amount of time to pass between participation in the first 

wave of the study and the second wave of the study, so that the order effects wear off and so 

that the indirect effect from wave one can be calculated and implemented into wave two. In 

the first wave, participants are randomly assigned to levels of X and M and Y are measured. 

In the second wave, participants are exposed to the other level of X that they did not 

participate in during the first wave and M and Y are measured. This enables a calculation of 

the difference scores from both conditions of X on M and Y and correlational analyses to 

determine whether the mean differences in M and Y parallel the correlation. Extending this 

to manipulation-of-mediator designs, participants would be randomly assigned to levels of X 

and M*, in a randomized order, and measure M and Y. Calculate difference scores in M as a 

function of X and Y as a function of M* and examine the correlation between the difference 

scores.

The extended time between studies in Imai et al.'s cross over design makes the study more 

feasible for some between-subjects studies that cannot be within-subjects studies occurring 

at the same time point while also managing the heterogeneity of causality problem. This 

design, however, is not a perfect solution for all traditional between-subjects studies in 

which carryover effects limit its practicality. Therefore, the problem of heterogeneity of 

causality is one that warrants further consideration.

4 Discussion

Manipulation-of-mediator and measurement-of-mediation designs to determine causal 

mediation provide overlapping assessments of the mediating mechanisms (e.g., Brewer, 

2000; Cook & Groom, 2004; Mark, 1986, 1990; Sigall & Mills, 1998; Smith, 2000; Spencer 

et al., 2005). What benefits do manipulation-of-mediator designs provide researchers relative 

to measurement-of-mediation designs, what are the costs, and do the benefits ultimately 

outweigh the costs?

Measurement-of-mediator designs provide evidence of the causal relationship of X on M 

and X on Y and provide an estimate of the indirect effect, given all paths can be determined 

from one experimental study. However, the largest shortcoming of measurement-of-

mediation designs is that they cannot actually demonstrate the causal effect of M on Y, and 

so the ability to infer that M caused Y is limited and subject to alternative explanations.

Manipulation-of-mediation designs can solve the question of whether M* causes Y by 

randomly assigning participants to levels of M*, measuring Y, and examining the effects of 

M* on Y as demonstrated through significant mean differences on Y as a function of 

conditions of M*. Yet manipulation-of-mediation designs are not without challenges, for 

example including distinguishing between mediators and moderators, alternative 

explanations for the relationship between M and Y, the precision and ease of manipulating 

mediators, construct validity of the manipulated mediator, demonstrating that X causes M, 

assessing the indirect effect, knowing the causal effect at the individual- versus group-level, 

and heterogeneity of causality.
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However, the greatest benefit of manipulation-of-mediator designs is to increase the 

accuracy of conclusions about causal inference of the M* to Y relation. To infer that one 

variable causes another, the hypothesized variable must precede the outcome variable in 

time, the two variables must covary, and alternative explanations cannot account for the 

relationship between the two variables (Shadish et al., 2002). Considering the M to Y 

relationship, both measurement-of-mediation and experimental approaches to mediation 

satisfy some of the criteria for causality. Measurement-of-mediation designs allow 

researchers to demonstrate covariation (via correlation between M and Y) as does an 

experiment (via an effect of M* on Y). Nonetheless, manipulation-of-mediator designs 

provide better evidence for causality than measurement-of-mediation approaches by 

providing additional information than measurement-of-mediation designs. Measurement-of-

mediation designs do not always provide clear demonstration of temporal precedence of M 

to Y. If experimenters manipulate X and simply measure M and Y, temporal precedence that 

M precedes Y is not clear, although longitudinal designs provide information on whether 

change in M preceded change in Y. Experimental manipulations of M* provide evidence that 

M* preceded Y temporally and caused Y. Finally, only unconfounded manipulations of the 

mediating variable reduce the plausibility of alternative explanations for the relationship 

between M* and Y, such as Y causing M or M and Y being unrelated except through a 

confounding third variable. Manipulation-of-mediator designs provide stronger and more 

rigorous evidence of the causal relationship between M* and Y, and therefore should be 

included in programmatic research dedicated to demonstrating causal processes.
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Fig. 1. 
Single mediator model in which X is randomized and M and Y are measured. The a 
coefficient reflects the effect of X on M; the b coefficient reflects the statistical effect of M 

on Y, controlling for X; the c coefficient reflects the total effect of X on Y, not controlling 

for M; and the c’ represents the direct effect of X on Y, controlling for M.
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Table 1

Example of data from a concurrent double randomization design. Adapted from Cooper et al. (1978).

X Condition M* condition

Sedative Placebo Stimulant

High choice 8.6a 14.7b 20.2c

Low choice 8.0a 8.3a 13.9b

Note, n=10 subjects per cell. Higher means on the 31-point scale indicate greater agreement with the attitude-discrepant essay. Cell means with 
different subscripts are different from each other at the .05 level by the Newman–Keuls procedure. The mean in the survey control condition is 
7.9a.
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