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Abstract

Life expectancy inequities between more- and less-educated groups have grown 1–2 years 

over the last several decades in the U.S. Simultaneously, employment conditions for many 

workers have deteriorated. Researchers hypothesize these adverse conditions mediate educational 

inequities in mortality. However, methodological barriers have impeded research on the role 

of employment conditions and other hazards as mediating factors in health inequities. Indeed, 
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traditional mediation analysis methods are often biased in occupational health settings, including 

in those with exposure-mediator interactions and mediator-outcome confounders that are caused 

by exposure. In this paper, we outline – and provide code for – a marginal structural modeling 

(MSM) approach for estimating total effects and controlled direct effects originally proposed 

elsewhere, which can be applied to common mediation analysis settings in occupational health 

research. As an example, we apply our approach to assess the extent to which disparities in 

employment quality (EQ) – a multidimensional construct characterizing the terms and conditions 

of the worker-employer relationship – explained educational inequities in mortality in a 1999–

2015 U.S. Panel Study of Income Dynamics sample of workers with mortality follow-up through 

2017. Under certain strong assumptions described in the text, our estimates suggest over 70% 

of the educational inequity in mortality would have been eliminated if EQ had been at the 80th 

percentile (100th=best) across exposure groups.

Keywords

controlled direct effect; mediation analysis; health disparities; health inequities; occupational 
health; social epidemiology; precarious employment

INTRODUCTION

Overview

Over the last several decades, U.S. life expectancy inequities across educational groups have 

grown 1–2 years.1 Concomitantly, employment conditions have deteriorated as employers 

and states have eroded worker power and security, contributing to union-membership 

losses, stagnant wages, and debased benefits and hours.2 Researchers hypothesize these 

adverse employment conditions mediate the education-mortality relationship (and mediate 

the relationship between other social exposures and mortality).3,4 However, pathways 

linking employment conditions and health are intertwined with other social determinants,3 

complicating analysis.5–7 For example, occupation often confounds the relationship between 

employment conditions and health and is caused by social exposures like education. 

Moreover, social exposures may modify the health effects of employment conditions. 

This exposure-induced mediator-outcome confounding and exposure-mediator interaction, 

respectively, can compromise the validity of traditional mediation methods, like the 

difference or product methods.8,9 Thus, although limited research has been conducted,4,10 

methodological barriers have hindered research on the role of employment conditions and 

hazards in mortality inequities, impeding identification of mediating mechanisms and the 

development of policy and organizing solutions.

In this paper, we outline and provide code for a marginal structural modeling (MSM) 

approach to mediation analysis that can be used to estimate policy-relevant effects in 

occupational health research, including in settings with exposure-induced mediator-outcome 

confounding and exposure-mediator interaction. We also cover the approach’s challenges, 

including the strong assumptions required for causal inference. Due to their apparent 

complexity, MSM approaches are rarely applied to occupational health research, particularly 

to mediation analyses.5 Thus, by outlining the approach in a didactic manner accessible 
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to applied occupational health researchers, our paper makes an important methodological 

contribution. Our worked example assesses the extent to which disparities in employment 

quality (EQ) explained educational inequities in mortality.

Total effects and controlled direct effects

This section describes a MSM mediation approach proposed elsewhere.8,9 The approach can 

be used to estimate: 1) the total effect (TE) the exposure had on the outcome, with 2) the 

controlled direct effect (CDE) the exposure would have had on the outcome if the mediator 

had been constant across exposure groups.

Under the potential outcomes framework, the TE of a binary exposure E on a continuous 

outcome Y can be defined as:8,9,11

TE = E Y e = 1 − E Y e = 0

where E (Ye=1) is the expected value of Y in a sample if all respondents – possibly contrary 

to fact – had been exposed (e=1), while E (Ye=0) is the expected value of Y in a sample if 

all respondents – again, possibly contrary to fact – had been unexposed (e=0). Contrasting 

these quantities captures every pathway through which the exposure affected the outcome, 

whether through the mediator or otherwise.8,9

Meanwhile, the CDE of a binary exposure E on a binary outcome Y can be defined as:8,9

CDE = E Y e = 1, m = m * − E Y e = 0, m = m *

where E (Ye=1,m=m*) is the expected value of Y in a sample if all respondents – possibly 

contrary to fact – had been exposed (e=1) and their mediator M had been at level m*, while 

E (Ye=0,m=m*) is the expected value of Y in a sample if all respondents – again, possibly 

contrary to fact – had been unexposed (e=0) and their mediator M had been at level m*. 

Contrasting these quantities captures the effect the exposure would have had on the outcome 

if all respondents, regardless of their exposure, had the same mediator value, such as an 

occupational hazard compliant with a regulatory standard.8,9

As defined above, the TE and CDE are counterfactual contrasts.8,11 Because outcomes for 

respondents are only observable under one exposure-mediator combination at a given time, 

counterfactual contrasts cannot be measured directly.8,11 Rather, they must be estimated 
using study design and modeling approaches.8,11 In observational settings, such contrasts 

can be consistently estimated if one sufficiently controls for confounding of the exposure-

outcome and mediator-outcome relationships such that the distribution of confounders 

is equal across exposure-mediator subgroups. In such settings, differences in observed 

outcomes across subgroups can be attributed to effects of the exposure and mediator rather 

than to effects of confounders.8,11 The MSM approach described below is one method that 

can be used to consistently estimate TEs and CDEs in observational settings, given the 

validity of the requisite assumptions.
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Mediation analysis using marginal structural modeling

MSM mediation analyses proceed in three primary steps: 1) estimating exposure inverse 

probability weights (IPW), 2) estimating mediator IPW, and 3) estimating TEs and CDEs 

using weighted regression models.8,9 eAppendix 1 contains R code and Table I contains a 

high-level overview of the approach.

The first step involves estimating exposure IPW, which can be used to address confounding 

of the exposure-outcome relationship by creating a weighted pseudo-population in which 

measured confounders are unassociated with exposure.8,9 For a binary exposure E, the 

exposure IPW wi
E for each respondent i can be defined as:

wi
E = P E = ei

P E = ei X = xi

where the denominator is the probability the respondent experienced their observed exposure 

value (E = ei), given their values of any measured exposure-outcome confounders (X = xi) 

suggested by theory and one’s directed acyclic graph (DAG).8,9 Brookhart et al. provide 

further guidance on confounder/covariate selection.12 The numerator can be the exposure’s 

marginal (unconditional) probability in the sample [P (E = ei)] (which “stabilizes” the 

weight) or one (less common, since stabilization increases efficiency).8,9 For binary 

exposures, numerator and denominator probabilities can be estimated using logistic models, 

while for ordinal or categorical exposures, probabilities can be estimated using ordinal or 

multinomial logistic models.8,13 For continuous exposures, probabilities can be estimated 

using quantile-binning approaches or by replacing the probabilities with probability density 

functions estimated by linear or gamma models.8,13 The final IPW should have a mean 

near one and moderate range.14 Using stabilized weights or truncating extreme weights 

can improve precision of the estimated TE and CDE, although truncation can increase 

residual confounding.8,9,14 Confounder balance across exposure values after weighting 

can be examined using balance statistics; imbalance should be minimal post-weighting to 

mitigate residual confounding.15 Imbalance can be addressed by modifying one’s weighting 

model (e.g., by altering continuous-variable specification or including interactions).14,15

The second step involves estimating mediator IPW to address confounding of the mediator-

outcome relationship.8,9 For a binary mediator M, the mediator IPW wi
M for each respondent 

i can be defined as:

wi
M = P M = mi

P M = mi E = ei,     X = xi,     Z = zi

where the denominator is the probability the respondent experienced their observed mediator 

value (M = mi), given their exposure value (E = ei), their values of exposure-outcome 

confounders (X = xi), and their values of mediator-outcome confounders (Z = zi). Again, 

the numerator can be the mediator’s marginal probability in the sample or one,8,9 extreme 

weights can be truncated,14 weights should have a mean near one,14 and confounder balance 

can be assessed using balance statistics.15 Weights for ordinal, categorical, and continuous 

mediators can be estimated as described earlier.8,13
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The third step involves estimating the TE and the CDE. TEs can be estimated by fitting a 

regression model of the outcome as a function of the exposure, weighted by the vector of 

exposure IPW (wE).16 For a continuous outcome Y and binary exposure E, this model can 

be written as:

E Y E = e = β0 + β1e

where β1 is the TE of the exposure on the outcome.16 Meanwhile, CDEs can be estimated 

by fitting a regression model of the outcome as a function of the exposure, mediator, and an 

exposure-mediator interaction term, weighted by the product of the exposure and mediator 

weights (wE *wM).8,9 For a continuous outcome Y, binary exposure E, and binary mediator 

M, this model can be written as:

E Y E = e,   M = 0 = β0 + β1e + β2m + β3em

where β1 is the CDE of the exposure on the outcome, holding M at 0 so that β2 and 

β3 drop from the model.8,9 If there is exposure-mediator interaction, such as if EQ more 

strongly affected mortality among less-educated people than among more-educated people, 

the estimated CDE will vary with M’s reference level (0) – such as “high EQ” or “low 

EQ”.17. If exposure-mediator interaction is anticipated, one can calculate multiple CDEs 

with varying reference levels. Alternatively, one can choose the reference level based on 

real-world relevance. For example, if seeking to estimate whether reducing exposure to 

a chemical hazard could mitigate occupational inequities in lung-cancer mortality among 

workers in the manufacturing sector, one could choose the reference level based on a 

hypothetical or proposed regulatory standard for the hazard (e.g., elimination of the hazard 

or exposure below a given threshold). Likewise, if seeking to estimate whether increasing 

wages could reduce gender inequities in depression among workers in the service sector, one 

could choose the reference level based on proposed minimum-wage levels, such as the $15 

minimum-wage level proposed by social movements.

Finally, the proportion of the exposure’s effect on the outcome that would have been 

eliminated if the mediator had been held at a certain value (i.e., “proportion eliminated”) for 

absolute measures of effect (e.g., risk differences) can be defined as:9,18

Proportioneliminatedforabsolutemeasuresof effect = TE − CDE
TE

Meanwhile, for relative measures of effect (e.g., risk ratios), the proportion eliminated can 

be defined as:18

Proportioneliminatedforrelativemeasuresof effect = TE − CDE
TE − 1

Robust or bootstrap standard errors should be used to calculate confidence intervals for TEs 

and CDEs.9 The proposed approach can accommodate common outcome types, including 

continuous, binary, and survival (provided the outcome is rare) via weighted linear, logistic, 
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and Cox proportional hazards regression, respectively,8,9,16,19,20 and can extend to time-

varying settings.8 Additionally, if desired, missing data can be addressed via multiple 

imputation by chained equations (MICE). The IPW, TE, and CDE should be estimated 

on each of the multiply imputed datasets and the TE and CDE estimates from each of the 

datasets pooled using Rubin’s Rules.21

Assumptions

As in non-mediation settings, consistently estimating TEs using the approach requires 

no uncontrolled exposure-outcome confounding (among other assumptions, including no 

selection bias and no information bias).8,9 Consistently estimating CDEs additionally 

requires no uncontrolled mediator-outcome confounding.8,9 However, unlike traditional 

methods, mediator-outcome confounders can be exposure-induced (Figure I). This is 

because the approach does not condition on confounders via covariate adjustment or 

stratification and thus does not inherently induce overadjustment and collider bias.8,9 

Nonetheless, the no-unmeasured-confounding assumptions are strong and their validity 

cannot be directly tested; rather, researchers must assess their validity (or near-validity) 

using theory and background knowledge.8,9,17 Additionally, if desired, researchers can 

conduct sensitivity analyses that assess how strong unmeasured confounding would need 

to be to meaningfully alter conclusions drawn from one’s TE and CDE estimates.20,22,23 

Consistently estimating TEs and CDEs additionally requires no model misspecification 

and positivity.8,9 No model misspecification requires that the IPW models are adequately 

specified to address confounding of the exposure-outcome and mediator-outcome 

relationships.9,14,15 Weights with a mean far from one or large range can indicate model 

misspecification, as can confounder imbalance after weighting.9,14,15 Meanwhile, positivity 

assumes each respondent has a nonzero probability of receiving each exposure-mediator 

combination, given their covariates.8,9,14,15 Positivity violations – or near violations, which 

occur if there are rare exposure-mediator-covariate combinations and which can produce 

weights with a large range – can cause imprecision and bias.9,14 Additionally, as in 

all mediation analyses, consistently estimating CDEs requires the exposure preceded the 

mediator, which preceded the outcome.24

APPLIED EXAMPLE

We applied the MSM mediation approach to assess whether EQ disparities 

explained educational inequities in mortality in a sample of employed workers 

ages 45–64. Our code is on Open Science Framework (https://osf.io/d5s24/?

view_only=2d8401617ad8479db4ab75b6a0ee5b51).

Methods

Data and sample—Data are from the Panel Study of Income Dynamics (PSID), a 

U.S.-based nationally representative survey.25 We used data on reference persons and their 

partners ages 45–64 from the biennial 1999–2015 waves. First, we restricted to reference 

persons and their partners ages 45–64 in those waves. Next, we restricted to the first wave 

(if any) such respondents were employed as employees (i.e., not self-employed). Mortality 

follow-up occurred through 2017.

Eisenberg-Guyot et al. Page 6

Am J Ind Med. Author manuscript; available in PMC 2024 June 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://osf.io/d5s24/?view_only=2d8401617ad8479db4ab75b6a0ee5b51
https://osf.io/d5s24/?view_only=2d8401617ad8479db4ab75b6a0ee5b51


Measures—Our exposure was respondents’ highest level of education, which we 

dichotomized as high school (HS) degree or less (≤HS) versus some college or more (>HS).

Our outcome was all-cause mortality, available along with death year in PSID’s mortality 

file.25 PSID provided the precise death year for 98% of deaths and a 1–2 year range for 

1% of deaths (e.g., 2000–2001 or 2000–2002). For the latter, we assigned the death year 

to the range’s latter year. We did not assign death years to respondents associated with the 

remaining deaths.

Our mediator was respondents’ employment quality (EQ). As detailed elsewhere,26–28 EQ 

characterizes the terms and conditions of the worker-employer relationship using seven 

dimensions: 1) employment stability, 2) material rewards, 3) workers’ rights, 4) working-

time arrangements, 5) training and employment opportunities, 6) collective organization, and 

7) interpersonal power relations. We analyzed nine variables to capture these dimensions: 

employment tenure, prior-year unemployment duration, labor income, employer-based 

health insurance, pension access, waged/salaried, overtime pay, annual hours worked, 

and union membership. Using these variables, we constructed a continuous EQ score for 

each respondent with complete EQ data using principal components analysis (PCA).29,30 

eAppendix 2 contains details.

Potential measured exposure-outcome confounders included respondents’ gender, race, 

nativity, parents’ educational attainment, division of residence, parental wealth, age, 

year, and disability status (Figure II). Potential measured mediator-outcome confounders 

– some of which may have been exposure-induced – included those variables, plus 

respondents’ education, occupation, industry, business ownership, family income (excluding 

respondents’ labor income, which was part of the EQ measure), and marital status interacted 

with partner’s employment status. Potential unmeasured exposure-outcome and mediator-

outcome confounders included additional factors related to respondents’ family backgrounds 

or preexisting health statuses.

Statistical analyses—First, we addressed missingness in variables of interest. To this 

end, we excluded respondents whose deaths were only known to have occurred within a 

range of ≥3 years (<1%). Next, we carried forwards and backwards respondents’ educational 

values where possible to eliminate missingness (<3%). We then created our analytic sample, 

excluding those with remaining missing age, employment-status, self-employment, and 

educational data (<1%). Subsequently, within educational strata,31 we performed multiple 

imputation by chained equations (MICE) with 15 replications and 25 iterations using R’s 

‘mice’ package,32 directly imputing the EQ score and other variables with missingness (<5% 

per variable) using available EQ, confounder, and outcome data (a death indicator and the 

Nelson-Aalen hazard function33). Finally, we merged the education-specific datasets.

Second, we estimated exposure IPW on each of the imputed datasets21 using R’s “WeightIt” 

package.34 To estimate the denominators, we fit logistic models with a binary ≤HS indicator 

as the outcome and predictors of the measured exposure-outcome confounders,8 with 

continuous variables specified as 3-knot restricted cubic splines35 to increase the likelihood 

of confounder balance post-weighting.14 To estimate the numerators, we fit intercept-only 
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logistic models to generate the exposure’s marginal probability in the sample.8 We truncated 

the IPW at the 1st and 99th percentiles to obtain a mean near one and small range.14

Third, we estimated mediator IPW on each of the imputed datasets using “WeightIt”34 

and a quantile-binning approach.36 To this end, we transformed the continuous EQ score 

into a categorical variable by cutting it into ten equal-sized deciles (with the deciles 

calculated by pooling across imputed datasets).13 Next, to estimate the denominators, 

we fit pairwise logistic models with categorical EQ (EQ deciles) as the outcome and 

predictors of the mediator-outcome confounders, with continuous variables specified as 

3-knot restricted cubic splines. We used these models to generate predicted probabilities of 

respondents’ observed mediator categories, given measured confounders.13 To estimate the 

numerators, we fit intercept-only pairwise logistic models to generate marginal probabilities 

of respondents’ observed mediator categories.13 We truncated the IPW at the 1st and 99th 

percentiles.14

Fourth, we examined confounder balance using R’s “cobalt” package.37 For the exposure, 

we assessed balance by calculating mean differences (MDs, standardized for continuous 

variables) in confounder values across education levels before and after weighting;15 we also 

calculated Kolmogorov-Smirnov (KS) statistics comparing the distribution of confounders 

across education levels before and after weighting.15 For the mediator, we assessed balance 

by calculating Pearson correlation coefficients between EQ and confounders before and after 

weighting;38 we also calculated KS statistics comparing the distribution of confounders in 

the unweighted and weighted samples to assess if the weighted sample was representative of 

the unweighted.39 We calculated each of the statistics within imputed datasets,40 then took 

the mean across imputations,40 targeting values ≤0.10.15,38

Fifth, we estimated the TE that having ≤HS degree had on mortality. To this end, we fit Cox 

proportional hazards models on each of the imputed datasets using R’s “survival” package,41 

with incident mortality as the outcome, a binary ≤HS indicator as the exposure, weights of 

the exposure IPW, and a years-since-baseline timescale.8,9

Finally, we estimated the CDE that having ≤HS degree would have had on mortality if EQ 

had been constant across education groups. To this end, we again fit Cox models41 on each 

of the imputed datasets, with incident mortality as the outcome, weights of the product of the 

exposure and mediator IPW, and a years-since-baseline timescale. As predictors, the models 

contained a binary ≤HS indicator (exposure), the continuous EQ score (mediator), and their 

interaction.8,9 Because we anticipated exposure-mediator interaction – specifically, EQ more 

strongly affecting mortality for less-educated people than for more-educated people, since 

the former may depend more heavily on their jobs for survival – we ran models centering the 

continuous EQ score at the 20th, 50th, and 80th percentiles (i.e., making such percentiles the 

reference value of 0),17 with EQ percentiles calculated by pooling across imputed datasets. 

We chose the 20th, 50th, and 80th percentiles because they encompassed a wide range of 

the EQ score’s distribution, while not being so extreme that they severely compromised 

estimates’ precision.
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We calculated confidence intervals for the TE and CDE using robust standard errors 

clustered at the family-clan level (with “clans” composed of related families), pooling 

estimates from each of the imputed datasets using Rubin’s Rules.42

Sensitivity analyses—Sensitivity analyses included: 1) addressing possible 

overadjustment and collider bias induced by conditioning sample selection on employment 

status using inverse probability of selection weights, 2) estimating mediator IPW using a 

normal probability density function, and 3) not adjusting for disability status or division of 

residence when estimating exposure IPW (eAppendices 7–9).

Institutional review board approval—The University of Washington Institutional 

Review Board determined this study to be exempt from review because it used publicly 

available, deidentified data. Nonetheless, the University of Washington Institutional Review 

Board reviewed and approved the study because PSID requires such approval to access the 

restricted-use mortality data.

Results

Our sample included 6,507 respondents, followed for a median, maximum, and total of 

12, 18, and 78,282 years, respectively. There were 380 deaths (≤HS: 235; >HS: 145); the 

Kaplan-Meier survival probability at 18 years was 90%. See Figure III for a flow diagram.

Forty-six percent of respondents had ≤HS degree at baseline (Table II). Less-educated 

respondents had similar distributions of age, gender, marital status, and division to more-

educated respondents (Table II). However, they were less often White and more often 

low income and employed in industries of “manufacturing” and occupations of “operators, 

fabricators, and laborers”, “precision production, craft, and repair”, and “services” (Table II). 

Less-educated respondents had lower median EQ than more-educated respondents, driven by 

less-educated respondents’ greater likelihood of being uninsured, waged, pension-less, short-

tenured, and low-income (Table II). Lower-EQ respondents were disproportionately Black or 

“other”, low-income, less-educated, disabled, and employed in industries of “services” and 

“wholesale and retail trade” and occupations of “operators, fabricators, and laborers” and 

“services” (eAppendix 3).

eAppendix 4 displays IPW distributions, which had means near one and moderate ranges. 

After weighting, differences in confounder distributions across exposure and mediator 

values were minimal (eAppendix 5).

Regarding the TE, the mortality hazard was 67% greater (HR: 1.67, 95% CI: 1.34, 

2.09) among those with ≤HS degree than among those with >HS degree (Figure IV and 

eAppendix 6).

Regarding the CDE, when holding EQ at the 80th percentile (100th=best) across educational 

groups, the mortality hazard was 15% greater (HR: 1.15; 95% CI: 0.81, 1.64) among 

those with ≤HS degree than among those with >HS degree (Figure IV and eAppendix 6). 

End-of-follow-up survival also increased across subgroups.
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Holding EQ at lower percentiles increased the CDE, indicating an exposure-mediator 

interaction in which EQ decreases were more strongly related to increased mortality 

among the less-educated than among the more-educated, although estimates were imprecise. 

Indeed, when holding EQ at the 20th percentile (1st=worst), the CDE nearly equaled the TE 

(HR: 1.66, 95% CI: 1.19, 2.31) (Figure IV and eAppendix 6).

Sensitivity analyses yielded similar estimates (eAppendices 7–9).

DISCUSSION

We outlined an MSM approach to estimating TEs and CDEs that can be applied to 

common mediation settings in occupational health research. Such settings include those 

with exposure-induced mediator-outcome confounding and exposure-mediator interaction, 

both of which may compromise the validity of other approaches8,9 and which are common 

in occupational health settings.5,6 We applied the approach to assess the extent to which 

EQ disparities explained educational inequities in mortality in a sample of workers ages 

45–64. Given the requisite strong assumptions described in the text, our estimates suggest 

over 70% of the educational inequity in mortality would have been eliminated if EQ had 

been at the 80th percentile (100th=best) across exposure groups, i.e., if everyone – education 

aside – had high EQ, such as salutary material rewards, employment stability, organization, 

and power, employment characteristics that could be fostered by worker organizing and 

government policy to bolster labor rights and standards. Estimates diminished holding EQ at 

lower percentiles.

The CDE estimated by the approach may be of particular interest to applied researchers 

because it can correspond to the exposure effect one would have observed if a mediator 

had been at a policy-relevant level, such as income above a living wage or occupational 

hazards compliant with regulatory standards.8 Other mediation effects, such as natural 

direct and indirect effects, may be more useful for etiologic research, and can be estimated 

using a variety of approaches, including marginal structural modeling and inverse odds 

weighting.8,43,44 However, natural effects are challenging to estimate in settings with 

exposure-induced mediator-outcome confounding.8,43,44

Despite its advantages, the approach has limitations. First, it forces mediator values to be 

constant throughout a sample. This is unrealistic for certain mediators, including ours, as 

it is unlikely policy or organizing could equalize EQ throughout a population. Alternative 

CDE estimation approaches, including stochastic mediation contrasts, allow mediator values 

to vary across respondents, although they can be more difficult to implement using standard 

software.45

Second, estimating consistent effects requires correctly specifying the exposure and 
mediator weighting models; misspecification of either can cause residual confounding.9 

Model misspecification is particularly likely in settings like ours with continuous mediators 

(or exposures), which require specifying the variables’ correct distributional form.13 

Nonetheless, in our example, the estimates’ similarity when using quantile-binning and 

normal-weighting approaches mitigates concerns about misspecification. Additionally, other 
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common approaches also require strong model-specification assumptions, although doubly-

robust methods can lessen the assumptions’ strength.9

Third, like many approaches, estimating causal effects requires no uncontrolled exposure-

outcome or mediator-outcome confounding; uncontrolled confounding of either can cause 

bias.8,9 In our example, possible unmeasured confounders included additional factors related 

to respondents’ family backgrounds or preexisting health statuses, as well as their prior 

EQ. Due to the latter, our CDE estimates may not capture the effects of modifying only 

current EQ, but may also capture the effects of modifying prior EQ, to the extent that prior 

EQ is associated with current EQ and mortality. Unlike other approaches, however, such as 

those often used to estimate natural effects, this approach does not require no uncontrolled 

exposure-mediator confounding.8

Fourth, also like many approaches, estimating consistent effects requires positivity in 

the exposure-outcome and mediator-outcome models.8,9 Random positivity violations are 

common in settings with continuous mediators (or exposures), as rare mediator-covariate 

combinations are guaranteed when the number of possible mediator values approaches 

infinity.9 Indeed, we used truncation to reduce weight variability, a problem often caused 

by rare cells.9,14 Alternative approaches, such as structural nested modeling, may be more 

robust in settings with likely positivity violations.8

Other assumptions frequently invoked in causal-inference settings are: 1) consistency: the 

exposure and mediator have the same effect on the outcome for each respondent, regardless 

of how each respondent received their exposure and mediator values; and 2) no interference: 

respondents’ outcomes are not affected by other respondents’ exposures or mediators.46 

These assumptions, which are required for interpreting estimates as intervention effects46 

– the effect the exposure would have in the future if a hypothetical intervention fixed the 

mediator to a certain value across exposure groups – are unlikely to hold in our example. For 

example, consistency is likely violated for EQ because EQ’s mortality effects might differ 

depending on the type of EQ-modifying intervention (e.g., organizing vs. policy change) 

and the specific EQ components that are modified (e.g., union membership vs income). 

Meanwhile, no interference may be violated because an EQ-modifying intervention could 

have spillover effects modifying the EQ-mortality relationship. When consistency and no 

interference are violated, it may be more appropriate to interpret estimates in terms of the 

past – the effect the exposure would have had on outcomes in the sample if the mediator had 
been constant across exposure groups – analogous to “realized effects”.47,48 Nonetheless, 

although realized-effect interpretations have been applied to exposure-focused analyses, they 

are rarer in mediation settings, and thus should be the focus of future research.

CONCLUSION

We outlined an MSM mediation approach for estimating TEs and CDEs in settings 

with exposure-induced mediator-outcome confounding and exposure-mediator interaction, 

phenomena which often plague occupational health settings. Given the requisite 

assumptions, the approach can be used to investigate policy- and practice-relevant topics 
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in occupational health research, including research on factors driving mortality inequities or 

the health effects of mediators complying with regulatory standards.
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Figure I. 
Directed acyclic graph depicting a common confounding structure observed in occupational 

health settings, including exposure-outcome confounding (EY) and mediator-outcome 

confounding (MY), which may be exposure-induced (depicted by the dashed line).
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Figure II. 
Pseudo directed acyclic graph depicting hypothesized confounders of exposure-outcome 

(education-mortality) and mediator-outcome (employment-quality-mortality) relationships 

in Panel Study of Income Dynamics analysis. Confounders outlined in light grey are not 

hypothesized to be induced by exposure, while confounders outlined in dark grey are 

hypothesized to be induced by exposure.

Notes:
a Parents’ educational attainment
b Partner’s labor force status
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Figure III. 
Flow diagram depicting construction of analytic sample.
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Figure IV. 
Hazard of mortality among those with a high-school degree or less (≤HS) versus some 

college or more from models estimating the total effect of education on mortality and the 

controlled direct effect (CDE) of education on mortality, holding the employment-quality 

(EQ) score at various percentiles (100%=best).

Notes:

Estimates from inverse-probability-weighted Cox proportional hazards models run on 1999–

2015 Panel Study of Income Dynamics sample (n=6,507) with mortality follow-up through 

2017. Models specified as described in the main text, with confidence intervals calculated 

using robust standard errors clustered at the family-clan level. Estimates from multiply 

imputed datasets pooled using Rubin’s Rules.
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Table II.

Descriptive statistics of 1999–2015 Panel Study of Income Dynamics sample at baseline stratified by 

education level (high-school degree or less [≤HS] vs some college or more [>HS]). Multiply imputed datasets 

pooled prior to calculating statistics.

Overall ≤HS >HS

n per imputed dataset 6507 3005 3502

Age
a 46 [45, 50] 46 [45, 50] 46 [45, 50]

Year
a 2003 [1999, 2009] 2003 [1999, 2009] 2003 [1999, 2009]

Other income
a,b 3.9 [1.3, 7.1] 3.1 [1.0, 5.7] 4.7 [1.7, 8.4]

Male (%) 48 49 47

Race (%)

Black 30 37 24

Other 9 11 7

White 62 53 69

Born in US (%) 91 89 93

Marital by partner employment (%)
c

Married/cohabiting & employed 62 57 65

Married/cohabiting & unempl/NILF 15 18 12

Not married/cohabiting 24 25 23

Division (%)
d

East North Central 17 17 16

East South Central 8 9 7

Middle Atlantic 11 10 12

Mountain 5 4 5

New England 4 3 5

Pacific 14 14 14

South Atlantic 24 26 22

West North Central 8 8 9

West South Central 10 10 10

Parental wealth (%)
e

Poor 30 39 23

Average/Varied 46 41 49

Pretty well off 24 20 28

Father’s education (%)
f

<HS 31 37 25

HS 32 30 34

>HS 18 6 28

Other 20 28 14

Mother’s education (%)
f

<HS 26 33 19
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Overall ≤HS >HS

HS 42 39 44

>HS 16 6 25

Other 17 23 12

Family-owned business (%) 13 8 17

Work disability (%)
g 10 10 10

Occupation (%)

Farming, forestry, & fishing 2 3 0

Managerial 11 5 15

Military 0 0 1

Operators, fabricators, & laborers 15 25 7

Production 10 14 6

Professional 19 5 31

Services 16 24 10

Technical, sales, & admin support 28 24 31

Industry (%)

Agriculture, forestry, and fisheries 2 3 1

Construction 5 7 3

Finance, insurance, & real estate 6 4 7

Manufacturing 17 21 13

Military 1 0 1

Mining 1 1 0

Public administration 7 5 9

Services 39 31 46

Transport, communications, & utilities 10 11 9

Wholesale & retail trade 14 18 11

Union membership (%) 17 18 17

Employer-based health insurance (%) 80 72 86

Salaried (%) 40 21 55

Paid extra for overtime (%)
h 89 88 90

Pension or retirement plan access (%) 56 48 64

Annual hours worked
a 2025 [1764, 2340] 2016 [1748, 2250] 2040 [1788, 2410]

Past-year unempl. duration (months)
a 0.0 [0.0, 0.0] 0.0 [0.0, 0.0] 0.0 [0.0, 0.0]

Total labor income
a,i 4.3 [2.5, 6.6] 3.3 [1.9, 5.0] 5.3 [3.2, 8.3]

Employment tenure (months)
a 84 [24, 204] 84 [24, 192] 96 [30, 204]

Employment quality score
a,j 0.1 [−0.3, 0.3] −0.1 [−0.5, 0.2] 0.2 [−0.2, 0.4]

Notes:

a
Median [quartile 1, quartile 3]

b
Family income minus respondents’ labor income in tens of thousands of 2017 dollars

c
Marital status interacted with partner’s employment status
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d
Pacific includes those living in U.S. territories or foreign countries

e
Parental wealth when respondent was growing up

f
“Other” category includes those: 1) whose parents were educated outside the US only or whose parents received no education, 2) who had no 

parent of given type (father or mother), or 3) who had missingness for the variable

g
Disability limited type or amount of work respondent could do

h
Paid extra for overtime hours worked (see appendix for details on variable coding)

i
In tens of thousands of 2017 dollars

j
Principal-components-analysis-derived employment quality score (see appendix for details)
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