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Original Article

Abstract: Analyses of causal mediation are often complicated by 
treatment-induced confounders of the mediator–outcome relationship. 
In the presence of such confounders, the natural direct and indirect 
effects of treatment on the outcome, into which the total effect can be 
additively decomposed, are not identified. An alternative but similar set 
of effects, known as randomized intervention analogues to the natural 
direct effect (rNDE) and the natural indirect effect (rNIE), can still be 
identified in this situation, but existing estimators for these effects re-
quire a complicated weighting procedure that is difficult to use in prac-
tice. We introduce a new method for estimating the rNDE and rNIE 
that involves only a minor adaptation of the comparatively simple re-
gression methods used to perform effect decomposition in the absence 
of treatment-induced confounding. It involves fitting (a) a generalized 
linear model for the conditional mean of the mediator given treatment 
and a set of baseline confounders and (b) a linear model for the con-
ditional mean of the outcome given the treatment, mediator, baseline 
confounders, and a set of treatment-induced confounders that have 
been residualized with respect to the observed past. The rNDE and 
rNIE are simple functions of the parameters in these models when they 
are correctly specified and when there are no unobserved variables that 
confound the treatment–outcome, treatment–mediator, or mediator–
outcome relationships. We illustrate the method by decomposing the 
effect of education on depression at midlife into components operating 
through income versus alternative factors. R and Stata packages are 
available for implementing the proposed method.

Keywords: Mediation; Effect decomposition; Causal inference; 
Confounding

(Epidemiology 2020;31: 369–375)

Researchers have become increasingly interested in uncov-
ering the mediating pathways through which one variable 

affects another.1 A common approach to assessing causal me-
diation involves decomposing a total effect of treatment on 
an outcome into an indirect component operating through a 
mediator of interest and a direct component operating through 
alternative pathways. This is typically accomplished via an 
additive decomposition in which the total effect is separated 
into natural direct and indirect effects.2–4

The natural direct effect (NDE) is the expected dif-
ference in an outcome of interest if each individual were 
exposed, rather than unexposed, to treatment and then were 
subsequently exposed to the level of the mediator they would 
have experienced had they not received treatment. It meas-
ures the effect of treatment on the outcome operating through 
all pathways other than the mediator by comparing outcomes 
under different levels of treatment after fixing the mediator to 
the level it would have “naturally” been for each individual 
under the reference level of treatment.

The natural indirect effect (NIE), by contrast, is the 
expected difference in the outcome if each individual were 
exposed to treatment and then were subsequently exposed to 
the level of the mediator they experience as a result of being 
treated rather than the level of mediator they would have ex-
perienced had they not been treated. It measures the effect of 
treatment operating specifically through the mediator by fix-
ing the level of treatment for each individual and then compar-
ing outcomes under the different levels of the mediator that 
individuals would have “naturally” experienced if they had 
previously been exposed, rather than unexposed, to treatment.

Although the NDE and NIE neatly separate the effects 
of treatment operating through the mediator versus alterna-
tive pathways, they can only be non-parametrically identified 
under a set of highly restrictive assumptions. In particular, the 
NDE and NIE can only be identified if there is (1) no unob-
served treatment–outcome confounding, (2) no unobserved 
treatment–mediator confounding, (3) no unobserved medi-
ator–outcome confounding, and (4) no treatment-induced 
mediator–outcome confounding.3 This last assumption is es-
pecially restrictive because it requires that there must not be 
any variables that affect both the mediator and outcome and 
that are affected by treatment, whether they are observed or 
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not. It is therefore unreasonable in many analyses of causal me-
diation, where treatment-induced confounding is ubiquitous.

To circumvent this challenge, VanderWeele and col-
leagues3,5,6 proposed an alternative set of estimands known as 
randomized intervention analogues to the natural direct effect 
(rNDE) and the natural indirect effect (rNIE), which can be 
identified in the presence of treatment-induced confounding 
(see also Didelez et al7 and Geneletti8). The rNDE and rNIE 
are similar to the NDE and NIE except that, instead of set-
ting the mediator to the level it would have naturally been 
for each individual under a particular treatment status, these 
estimands involve setting the mediator to a value randomly 
drawn from its population distribution under a given treatment 
status. Identifying these versions of direct and indirect effects 
requires less restrictive assumptions that may be easier to sat-
isfy in practice. Specifically, identifying these effects requires 
assumptions (1) to (3) above but not assumption (4).

Estimating the rNDE and rNIE, however, remains diffi-
cult. VanderWeele and colleagues5 outlined an estimator based 
on inverse probability weighting (IPW) that requires correct 
models for the probability of treatment given a set of base-
line confounders, the joint probability of the treatment-induced 
confounders given treatment and the baseline confounders, as 
well as the probability of the mediator given treatment, the 
baseline confounders, and the treatment-induced confound-
ers. Because IPW estimators are relatively inefficient, highly 
sensitive to model misspecification, and difficult to use with 
continuous variables,9–11 this approach may be challenging to 
implement with confidence outside of stylized applications. 
It is also cumbersome to implement with standard software, 
and it lacks the intuitive appeal of regression-based estimators 
commonly used to analyze causal mediation in the absence of 
treatment-induced confounding (e.g., VanderWeele4).

In this article, we introduce a new method termed 
“regression-with-residuals” for estimating the rNDE and 
rNIE. It involves only a minor adaptation of the familiar 
regression-based approaches to effect decomposition that 
are widely used when treatment-induced confounding is 
assumed away. Briefly, the method involves fitting (1) a gen-
eralized linear model for the conditional mean of the medi-
ator given treatment and a set of baseline confounders, (2) 
a generalized linear model for the conditional mean of each 
treatment-induced confounder given treatment and the base-
line confounders, which are used to compute residual terms, 
and finally, (3) a linear model for the conditional mean of the 
outcome given the treatment, mediator, baseline confounders, 
and treatment-induced confounders that have been residual-
ized with respect to the observed past. These models can be fit 
using standard software, and estimates of the rNDE and rNIE 
are given by simple functions of their coefficients. Regression-
with-residuals estimates are consistent and asymptotically un-
biased when assumptions (1) to (3) are satisfied and when all 
of the models mentioned previously are correctly specified; 
otherwise, they may be biased.

In the sections that follow, we begin by formally de-
fining the rNDE and rNIE and outlining the conditions under 
which they can be identified. Then, we introduce regression-
with-residuals and show that it can be used to estimate these 
effects in the presence of treatment-induced confounders. Fi-
nally, with data from the 1979 National Longitudinal Survey 
of Youth (NLSY79), we illustrate the proposed method by 
decomposing the effect of college completion on depression 
at midlife into components operating through family income 
versus alternative pathways.

NOTATION, ESTIMANDS, AND IDENTIFICATION
We adopt the notation used by VanderWeele et al.5 Let 

Y  denote the outcome of interest, A the treatment, M  a pu-
tative mediator, C  a set of baseline confounders, and L a set 
of confounders for the mediator–outcome relationship that 
may be affected by treatment. In addition, let Ya and M a de-
note the values of the outcome and mediator, respectively, that 
would have been observed had an individual previously been 
exposed to treatment a, possibly contrary to fact. Similarly, 
let Yam denote the value of the outcome had an individual been 
exposed to the levels of treatment and the mediator given by 
a and m. Finally, let Ga C|  denote a value of the mediator ran-
domly selected from the population distribution under expo-
sure to treatment a conditional on the baseline confounders C .

With this notation, the randomized intervention ana-
logue of the natural direct effect can be defined as

rNDE = ( ).*
| |

E Y Y
a Ga C

aGa C
−

 (1)

This estimand represents the expected difference in the out-
come if all individuals in some target population were exposed 
to treatment a* rather than a and if they were subsequently 
exposed to a level of the mediator randomly selected from the 
distribution under treatment a among those with baseline con-
founders C .5,7,8 It captures an effect of treatment on the out-
come that is not due to mediation via M . This is achieved by 
comparing outcomes under different levels of treatment with 
the mediator randomly selected from the distribution under 
the reference level of treatment.

Similarly, the randomized intervention analogue of the 
natural indirect effect can be defined as

rNIE = ( ).*
*|

*
|

E Y Y
a G

a C
a Ga C

−
 (2)

This estimand represents the expected difference in the out-
come if all individuals were exposed to treatment a* and then 
were subsequently exposed to a level of the mediator randomly 
selected from the distribution under treatment a* rather than a.5,7,8 

It captures an effect of treatment on the outcome due to media-
tion via M . This is achieved by fixing treatment at a* and then 
comparing outcomes with the mediator randomly selected from 
the population distribution under different levels of treatment.
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The sum of the rNDE and rNIE is equal to the random-
ized intervention analogue of the total effect:

rATE rNDE rNIE= = ( ).*
*| |

+ −E Y Y
a G

a C
aGa C  (3)

This estimand is similar to an average total effect except that it 
is defined in terms of both a contrast between different levels 
of treatment and a randomized intervention on the mediator. It 
gives the expected difference in the outcome if all individuals 
were exposed to treatment a* rather than a with the mediator 
randomly selected from the distribution under each of these 
alternative treatments.5,7,8

The rNDE and rNIE can be identified from observed data 
under the following conditional independence assumptions: (1) 

Y A Cam ⊥⊥ | , (2) M A Ca ⊥⊥ | , and (3) Y M C A Lam ⊥⊥ | , , .5 

In words, assumption (1) requires that there must not be any 
unobserved treatment–outcome confounders conditional on 
C. Assumption (2) requires that there must not be any unob-
served treatment–mediator confounders conditional on C. And 
assumption (3) requires that there must not be any unobserved 
mediator–outcome confounders conditional on C, A, and L. 
Several other conditions referred to as the consistency and stable 
unit treatment value assumptions are also needed to identify these 
effects. The consistency assumption here requires that Y Yam=  
and M M a=  when A a=  and M m= . The assumption of stable 
unit treatment values requires that there must not be any interfer-
ence between individuals in the target population or multiple ver-
sions of treatment. In addition, non-parametric identification of 
the rNDE and rNIE requires Ga C|  and G

a C*|
 to have the same sup-

port; otherwise, model-based extrapolation is needed to identify 
E [ ]*

|
Y

a Ga C
 and/or E [ ]

*|
YaG

a C
, as the potential outcomes Ya Ga C

*
|

 

and YaG
a C*|

 may not exist for certain values of the mediator. 

Figure 1 presents a directed acyclic graph in which all of 
the conditional independence assumptions are satisfied, as there 
are not any unobserved variables that jointly affect treatment, 

the mediator, or the outcome.12 In this situation, the rNDE and 
rNIE can be expressed in terms of the observed data as follows:

rNDE = [ ( | , , , ) ( | , )

( | , , , ) ( | , )] (

* *∑∑∑ −
c m l

Y c a l m P l c a

Y c a l m P l c a P

E

E mm c a P c| , ) ( )
 (4)

rNIE = [ ( | , )

( | , )] ( | , , , ) ( | , ) ( ).

*

* *

∑∑∑ −
c m l

P m c a

P m c a Y c a l m P l c a P cE
 (5)

Although the assumptions outlined previously are strong, 
they are still considerably weaker than those needed to iden-
tify the components of more conventional effect decomposi-
tions,4 which additionally require that (4) Y M Cam a

⊥⊥ * | .  
Known as a “cross-world independence assumption” because it 
involves a restriction on the joint distribution of two variables, 
Yam and M

a*, that can never be observed together, this condition 

is violated anytime there are mediator–outcome confounders 
affected by treatment.5,13 For example, it is violated in Figure 1 
because L affects both M  and Y  and is also affected by A.

The rNDE and rNIE evaluate idealized interventions on 
treatment and the distribution of a putative mediator. Such 
interventions may not be practical or even feasible in many 
applications. Nevertheless, these estimands can still inform 
the development of more effective interventions in practice 
by answering “what if ” questions about hypothetical modifi-
cations to treatment, for example “what would be the effect 
of treatment if its components that only serve to improve a 
mediator were eliminated?” Answers to such questions can 
guide researchers in imagining and then constructing alter-
native worlds where the effects of treatment might be attenu-
ated, neutralized, or amplified.14 If researchers are interested 
in answering other types of questions about causal media-
tion, then they should consider focusing instead on different 
estimands, such as controlled direct effects or path-specific 
effects,5,15 that may better correspond with the particular 
query of interest.

REGRESSION-WITH-RESIDUALS ESTIMATION
Regression-with-residuals has been previously used 

to examine whether the effects of a time-varying treatment 
are modified by time-varying covariates,16,17 to estimate the 
marginal effects of a time-varying treatment,11,18 and to es-
timate controlled direct effects.15 In this section, we show 
that regression-with-residuals can also be used to decompose 
causal effects in the presence of treatment-induced confound-
ing into direct and indirect components. For simplicity, we 
introduce regression-with-residuals by focusing on its im-
plementation with linear models for the outcome, mediator, 
and treatment-induced confounders. Later, we explain how 
regression-with-residuals can also be implemented with a 
more general class of models for the mediator and treatment-
induced confounders.

FIGURE 1. Causal graph with treatment A, mediator M, outcome 
Y , baseline confounders C , and posttreatment confounders L.
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Linear Regression-with-residuals
Randomized intervention analogues of natural direct 

and indirect effects can be estimated from the following set of 
linear models. The first model is for the conditional mean of 
the mediator given treatment and the baseline confounders. It 
can be expressed as

E( | , ) = ,0 1 2M C A C ATθ θ θ+ +⊥
 (6)

where C C C⊥ −= ( )E . This model is nearly identical to a 
conventional linear regression except that the baseline con-
founders C  have been centered around their marginal means.

The second model is for the conditional mean of the 
outcome given the treatment, mediator, baseline confounders, 
and posttreatment confounders. It can be expressed as

E ( | , , , ) = ,0 1 2 3 4 5Y C A L M C A L M AMT Tβ β β β β β+ + + + +⊥ ⊥  (7)

where L L L C A⊥ −= ( | , )E . This model is also nearly iden-
tical to a conventional linear regression except that, as before, 
the baseline confounders C have been centered around their 
marginal means and, in addition, the posttreatment confound-
ers L have been centered around their conditional means given 
C and A. Thus, L⊥  is a vector of residual terms that can be 
obtained from a third set of linear models for the conditional 
mean of each posttreatment confounder given treatment and 
the baseline confounders. These models can be expressed as

E( | , ) = .0 1 2L C A C ATτ τ τ+ +⊥
 (8)

Under assumptions (1) to (3) and provided that the mod-
els for, E E(M | C,A),  ( | , )L C A , and E( | , , , )Y C A L M  are 
correctly specified, the rNDE and rNIE are equal to

rNDE = [ ( )]( )2 5 0 2
*β β θ θ+ + −a a a  (9)

rNIE = ( )( ),2 4 5
* *θ β β+ −a a a  (10)

and the rATE is equal to their sum. A derivation of these par-
ametric expressions is provided in eAppendix 1; http://links.
lww.com/EDE/B651.

Regression-with-residuals estimation of these effects 
proceeds according to the following steps:

 1.  For each of the baseline confounders, compute 
Ĉ C C⊥ −= , where the overbar denotes a sample mean.

 2.  For each of the posttreatment confounders, compute 
ˆ ˆL L L C A⊥ −= ( | , )E  by fitting a linear regression of 
L on C  and A and then extracting the residuals.

 3.  Compute least squares estimates of equation (6) with 
Ĉ⊥ substituted for C⊥, which can be expressed as 
ˆ ˆ ˆ ˆ ˆE( | , ) = 0 1 2M C A C ATθ θ θ+ +⊥ .

 4.  Compute least squares estimates of equa-
tion (7) with Ĉ⊥ and L̂⊥  substituted for C⊥ and 
L⊥ , respectively, which can be expressed as 
ˆ ˆ ˆ ˆ ˆ ˆ ˆ ˆ ˆE( | , , , ) = 0 1 2 3 4 5Y C A L M C A L M AMT Tβ β β β β β+ + + + +⊥ ⊥ .

 5.  Compute rNDE� = [ ( )]( )2 5 0 2
*ˆ ˆ ˆ ˆβ β+ + −θ θ a a a  and 

rNIE� = ( )( )2 4 5
* *ˆ ˆ ˆθ β β+ −a a a .

These estimates are consistent under the assumptions outlined 
previously.16,17 Standard errors and confidence intervals can 
be computed using the non-parametric bootstrap.19 Alterna-
tively, eAppendix 2; http://links.lww.com/EDE/B651 provides 
analytic standard errors obtained using the delta method.

Adjustment for posttreatment confounders in a conven-
tional regression model would typically engender bias due to 
over-control of intermediate pathways and collider stratifi-
cation.12,20,21 These problems occur because conditioning on 
a variable that is affected by treatment may inappropriately 
block causal pathways and unblock non-causal pathways 
from treatment to the outcome. Regression-with-residuals 
avoids these problems by adjusting only for residual trans-
formations of the posttreatment confounders. Because the 
residualized confounders are purged of their association with 
treatment, adjusting for them in a regression model for Y  is 
unproblematic.

Extensions
Regression-with-residuals requires correctly specified 

models for the outcome, mediator, and posttreatment con-
founders. The model for the outcome must be linear, and thus 
regression-with-residuals is best suited for applications in 
which Y  is continuous. It may also be used when the outcome 
is binary or counts, provided that a linear model represents a 
defensible approximation for the true conditional expectation 
function in any particular application.

Although linearity in the outcome model is restric-
tive, regression-with-residuals is flexible in other ways. For 
example, it can easily accommodate effect modification.15,18 
This is achieved by incorporating two-way interactions be-
tween C⊥ and A, C⊥ and M , or L⊥  and M , which allow the 
effects of treatment and the mediator to vary across levels of 
the confounders. As long as these interaction terms are con-
structed with the residualized confounders, computation of 
the rNIE and rNDE proceeds as outlined previously.

Regression-with-residuals is also flexible in that it can 
be easily used with nonlinear models for the mediator. Spe-
cifically, when the mediator is binary or counts, a generalized 
linear model, such as logistic or Poisson regression, may be 
used to estimate E( | , )M C A . In this case, parametric expres-
sions for the rNDE and rNIE will depend on levels of the base-
line confounders C  and the model used for the mediator M . In 
general, they are given by

rNDE( ) = [ ( | , )]( )2 5
*c M c a a aβ β+ −E  (11)

rNIE( ) = ( )[ ( | , ) ( | , )].4 5
* *c a E M c a E M c aβ β+ −  (12)

A derivation of these expressions is provided in eAppendix 3; 
http://links.lww.com/EDE/B651.

Similarly, regression-with-residuals can be imple-
mented with a large class of models for the treatment-induced 
confounders. These models may be linear, logistic, Poisson, or 
any other parametric or semi-parametric model, as appropriate 

http://links.lww.com/EDE/B651
http://links.lww.com/EDE/B651
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depending on the level of measurement for each element in L.  
A convenient feature of regression-with-residuals is that the 
parametric expressions for the rNDE and rNIE are insensitive 
to the choice of models for the posttreatment confounders. 
Thus, regardless of the models used to residualize L, com-
putation of the rNIE and rNDE proceeds exactly as outlined 
previously.

Because regression-with-residuals may be biased 
under incorrect models for E( | , )M C A , E( | , )L C A , or 
E( | , , , )Y C A L M , analysts should attempt to avoid misspecifi-
cation. This might be achieved by using diagnostic procedures 
for detecting non-linearity (e.g., partial residual plots), by 
incorporating a large number of interaction terms, and/or by 
using conventional model selection techniques (e.g., infor-
mation criteria) for adjudicating between competing models. 
When it is available, subject matter knowledge could also guide 
the choice of models used with regression-with-residuals.

EMPIRICAL ILLUSTRATION
In this section, we decompose the effect of post-

secondary education on depression into direct and indirect 
components using regression-with-residuals. Education may 
improve mental health by providing access to greater financial 
resources, or it may affect mental health through other chan-
nels—for example, by providing greater access to health in-
formation and improving health behaviors.22,23 To investigate 
whether income mediates the effect of education on depres-
sion, we use data from n = 2,988 individuals in the NLSY79. 
The outcome, Y , represents scores on the Center for Epide-
miologic Studies—Depression Scale (CES-D) when respon-
dents were 40 years of age. We standardize CES-D scores to 
have mean zero and unit variance, where higher scores imply 
more depressive symptoms (in eAppendix 4; http://links.lww.
com/EDE/B651, we present a parallel analysis in which the 
outcome is coded instead as a binary variable). The treatment, 
A, is defined as completion of a 4-year college degree by 25 
years of age. The mediator, M , is the inverse hyperbolic sine 
of a respondent’s equivalized family income averaged over 
35–40 years of age (the inverse hyperbolic sine is a normal-
izing transformation for right-skewed variables, like income, 
that is similar to the natural log except that it is defined at 0 
and therefore accommodates respondents who report earning 
no income). The vector of baseline confounders, C , includes 
gender, race, Hispanic ethnicity, mother’s years of schooling, 
father’s presence in the home, number of siblings, urban resi-
dence, educational expectations, and percentile scores on the 
Armed Forces Qualification Test, which were measured when 
respondents were 13–17 years of age. Finally, the vector of 
posttreatment confounders, L, includes CES-D scores meas-
ured when respondents were 27–30 years of age, the propor-
tion of time a respondent was married between 1990 and 1998, 
and the number of relationship transitions experienced by a 
respondent between 1990 and 1998. These variables capture 
mental health and family stability during young adulthood, 

which may be affected by college completion and may also 
affect family income and depression at midlife.

We adopt the following models for the mediator and 
outcome:

E( | , ) = 0 1 2 3M C A C A C AT Tθ θ θ θ+ + +⊥ ⊥
 (13)

 

E( | , , , ) =
,

0 1 2 3

4 5 6

Y C A L M C A L
M AM C A

T T

T

β β β β
β β β

+ + + +
+ +

⊥ ⊥

⊥
 (14)

which allow the effects of college completion on family in-
come and depression to vary across levels of the baseline 
confounders. We estimate these models by first computing 
residuals for each of the baseline confounders C  and posttreat-
ment confounders L. This involves centering the elements of 
C  around their sample means and centering the elements of 
L around their estimated conditional means given the past, 
which we compute from linear models that include C , A, and 
two-way interactions between C  and A as predictors. We then 
compute least squares estimates of equations (13) and (14) 
using these residual terms, and finally, we construct estimates 
of the rNDE, rNIE, and rATE from their coefficients.

We estimate that completing college has a sizable overall 
effect on depression. Specifically, completing college is esti-
mated to lower depression scores by 0.15 standard deviations 
on average (95% CI: [−0.28, −0.01]). The rNDE and rNIE are 
estimated to be −0.11 (95% CI: [−0.25, 0.03]) and −0.04 (95% 
CI: [−0.10, 0.005]), respectively. This suggests that only about 
27% (− −0.04 / 0.15 = 0.27) of the overall effect is mediated 
by family income, although all of the estimates reported here 
are imprecise, as indicated by their wide confidence intervals.

To assess the robustness of our estimates to unobserved 
confounding, we also conducted a sensitivity analysis using 
methods outlined in the eAppendix; http://links.lww.com/EDE/
B651. We find that our estimate of the rNIE is sensitive to unob-
served confounding of the mediator–outcome relationship. Spe-
cifically, if the error terms from our models of family income 
and depression were negatively correlated, our estimate of the 
rNIE would be biased downward, and a bias-adjusted estimate 
would reach zero under an error correlation as small as −0.12. 
This suggests that the effect of college completion on depression 
likely operates through pathways other than family income.

DISCUSSION
Treatment-induced confounding complicates analyses of 

causal mediation. We proposed the method of regression-with-
residuals for decomposing an overall effect of treatment into 
direct and indirect components when treatment-induced con-
founding is present. The method involves, first, fitting a gener-
alized linear model for the mediator with treatment and a set of 
baseline confounders as predictors, and second, fitting a linear 
regression of the outcome on treatment, the mediator, the con-
founders at baseline, and a set of posttreatment confounders 
that have been residualized with respect to the observed past. 
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Estimates of the rNDE and rNIE are constructed with simple 
functions of the coefficients in these models.

The method’s simplicity is premised on a set of strong 
modeling assumptions. In particular, regression-with-resid-
uals requires correct models for the conditional mean of 
the mediator, the outcome, and each of the posttreatment 
confounders. If any of these models are misspecified, then 
estimates of direct and indirect effects may be biased. In eAp-
pendix 5; http://links.lww.com/EDE/B651, we present simula-
tions that evaluate the sensitivity of regression-with-residuals 
to incorrect model specification. An important direction for 
future research will be to explore the possibility of combining 
regression-with-residuals with methods of model selection 
and regularization in an effort to improve its robustness. An-
other option would be to explore combining regression-with-
residuals with propensity score adjustment in a procedure 
similar to sequential g-estimation.24

Regression-with-residuals is also premised on a set 
of strong identification assumptions, which require that all 
relevant confounders of the treatment–outcome, treatment–
mediator, and mediator–outcome relationships have been 
observed and appropriately controlled. In observational stud-
ies where treatment has not been randomly assigned, all of 
these assumptions must be carefully scrutinized. If any are 
violated, then regression-with-residuals estimates of direct 
and indirect effects will be biased. In experimental studies 
where treatment has been randomly assigned, the assumptions 
of no unobserved treatment–outcome and treatment–mediator 
confounding are met by design, but it remains possible that 
the mediator–outcome relationship is still confounded by un-
observed factors. Thus, no matter the research design, it is im-
portant to critically evaluate the identification assumptions on 
which regression-with-residuals is based. To this end, we have 
developed methods for assessing the sensitivity of regression-
with-residuals to hypothetical patterns of unobserved con-
founding, as detailed in eAppendix 6; http://links.lww.com/
EDE/B651.

We focused on a two-way decomposition of an overall 
effect into randomized intervention analogues of natural direct 
and indirect effects, which is designed to evaluate mediation. 
The methods discussed previously can also be used to esti-
mate more nuanced decompositions that evaluate the degree 
to which an effect is due to mediation versus interaction.25–27 
VanderWeele,25 for example, decomposes a total effect into 
components due to mediation, interaction, both, or neither. In 
eAppendix 7; http://links.lww.com/EDE/B651, we show that 
the components of this four-way decomposition, when defined 
in terms of randomized interventions, can also be estimated 
with regression-with-residuals.

Because regression-with-residuals involves only a 
minor adaption of conventional least squares regression, it 
is based on computations that should be familiar to most 
applied researchers. Moreover, the method can be easily 
implemented with off-the-shelf software. We therefore 

expect that it will find wide application in analyses of causal 
mediation. To this end, we have developed an open-source 
R package, rwrmed, as well as a Stata package by the same 
name with similar functionality, for decomposing effects 
with regression-with-residuals. The R package is available 
at https://github.com/xiangzhou09/rwrmed and the Stata 
package at https://github.com/gtwodtke/rwrmed.

In addition, eAppendix 8; http://links.lww.com/EDE/
B651 provides the R code for implementing regression-with-
residuals in our empirical example.
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