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Abstract

Background—Inverse odds ratio weighting, a newly proposed tool to evaluate mediation in 

exposure-disease associations, may be valuable for a host of research questions but little is known 

about its performance in real data. We compare this approach to a more conventional Baron and 

Kenny decomposition on an additive hazards scale to estimate total, direct, and indirect effects 

using the example of the role of literacy in mediating the effects of education on mortality.

Methods—Health and Retirement Study participants born in the U.S. between 1900 and 1947 

were interviewed biennially for up to 12 years (N=17,054). Literacy was measured with a brief 

vocabulary assessment. Decomposition estimates were derived based on Aalen additive hazards 

models.

Results—A one standard deviation difference in educational attainment (3 years) was associated 

with 6.7 fewer deaths per 1,000 person-years (β=-6.7, 95% CI: -7.9, -5.4). Of this decrease, 1.3 

fewer deaths (β=-1.3, 95% CI: -4.0, 1.2) were attributed to the literacy pathway (natural indirect), 

representing 19% of the total effect. Baron and Kenny estimates were consistent with inverse odds 

ratio weighting estimates but were more precise (natural indirect effect: -1.2 (95% CI: -1.7, -0.69, 

representing 18% of total effect).

Conclusion—In a cohort of older Americans, literacy partially mediated the effect of education 

on mortality.

Despite numerous studies documenting educational inequalities in health, a long-standing 

gap in knowledge is whether these inequalities are due to differences in cognitive skills 

acquired through schooling, social norms, health benefits of credentialing, or other 
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factors.1-3 If knowledge- or skills-based mechanisms can be established as important, this 

will help guide efforts to redress educational inequalities in health. Literacy encompasses a 

foundational set of skills involved with gathering, processing, synthesizing, and utilizing 

information that may be critical for health maintenance and promotion. However, very few 

studies have examined literacy as a possible mediator of the relationship between education 

and health.4-6

Methods to evaluate mediation are hampered by several challenges and have been an 

important area of development in recent years. One such challenge in conducting mediation 

analyses is identifying mechanisms in the presence of statistical interaction between the 

exposures and hypothesized mediators. A new innovation in mediation analyses, the inverse 

odds ratio weighting approach, does not make parametric assumptions about the joint effect 

of exposures and mediators, and as a result solves some limitations but may introduce 

others. In this analysis, we compare a conventional approach to the newly developed 

technique to quantify the extent to which literacy mediates the relationship between 

education and mortality.

Inverse odds ratio weighting, developed by Tchetgen Tchetgen,7 can be used to formally 

evaluate mediation and has several important strengths. It is a flexible approach that can be 

implemented with any software that fits standard regression models with weights, such as 

generalized linear models (GLM), including those with linear or non-linear link functions; 

models for survival outcomes subject to censoring; and quantile regression. It is agnostic to 

the presence or absence of exposure–mediator interactions and remains valid in both cases. 

Inverse odds ratio weighting provides a semiparametric generalization of the well-known 

Baron and Kenny approach.8 In contrast to inverse odds ratio weighting, the Baron and 

Kenny approach is readily applicable only in situations where exposure-mediator 

interactions are assumed to be absent. Recent work in mediation analyses have adapted a 

counterfactual approach and extended the work of Baron and Kenny to explicitly account for 

such interactions9 by directly modeling and incorporating them in the mediation formula of 

Pearl.10 In the context of survival data, mediation analysis has previously been implemented 

under the Aalen additive hazards model, assuming no interaction between the exposure and 

mediator.11 In this paper, we apply an approach we shall refer to as Baron and Kenny, due to 

its striking similarity to the original approach of Baron and Kenny in the case of standard 

linear regression analysis, and compare it to inverse odds ratio weighting.

Mediation Analyses

In this paper, we fit Aalen additive hazards models to estimate hazard differences. The Aalen 

model is a semiparametric model that estimates the hazard at time t as a linear function of 

covariates and an unspecified baseline hazard.12 In comparison to relative measures, 

absolute effect measures are particularly relevant for policy-making and public health 

interventions12 as they more clearly indicate the potential public health impact of 

intervening on the exposure and/or mediator of interest. One strength of the Aalen model is 

that it allows for time-varying effects. We implemented the Kolmogorov-Smirnov test of 

effect heterogeneity to determine whether education has time-dependent effects.
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In assessing mediation, we estimated natural direct effects, natural indirect effects, and total 

effects. The natural direct effect (also known as the pure direct effect) in this paper is the 

change in the predicted number of deaths per 1,000 person-years per unit change in years of 

schooling when the mediator, literacy, is set at the value it would take at 12 years of 

schooling (reference level of the exposure). The natural indirect effect is the change in 

predicted number of deaths per 1,000 person-years when years of schooling is held at 15 

years (one standard deviation above the mean), but literacy is changed from the value it 

would take at 12 years of schooling to the value it would take at 15 years of schooling. The 

total effect is the sum of the natural direct and indirect effects.13 Pure or natural direct and 

indirect effects are suited to evaluating mechanisms and will be the focus of this paper.10,14

Natural direct and indirect effects are not identified without strong assumptions about the 

absence of unobserved confounding. These include assuming no unmeasured confounding 

of the relationship between 1) exposure and mediator, 2) mediator and outcome, and 3) 

exposure and outcome upon conditioning on pre-exposure confounders. We also assume (4) 

that there are no confounding variables of the mediator outcome relationship, whether 

observed or unobserved, that are affected by the exposure.10,15 For a counterfactual 

formalization of these assumptions, see Pearl.10

For assumption 4 to be violated, there must be a variable that is a consequence of education 

and that goes on to confound the literacy-mortality relationship. We considered the 

following potential mediator–outcome confounders: mother's and father's education, 

intelligence, the home environment, family socioeconomic conditions. None of these are 

post exposure (education), and thus they would not violate assumption 4.

Methods

The sample included 17,054 participants from the Health and Retirement Study (HRS), a 

longitudinal study of U.S. adults aged 50 and over and their spouses. The first survey wave 

was collected in 1992, with biennial interviews (or proxy interviews for decedent 

participants) available through 2010. The sample was restricted to members who were alive 

and interviewed in 1998. From an initial total sample of 21,384 members alive and 

interviewed in 1998, we excluded those who were: not born between 1900 and 1947 

(n=961), born outside the U.S. (n=2,847), missing place of birth (n=71), missing literacy 

score (n=1,387), or missing self-reported childhood health (n=25). This brought the final 

analytic sample to 17,054. HRS was approved by the University of Michigan Health 

Sciences Human Subjects Committee, and the Harvard School of Public Health Human 

Subjects Committee determined the current analyses were exempt.

Measures

Exposure and Mediator—The main exposure was educational attainment 

operationalized as years of schooling, as reported by the respondent at the first HRS 

interview. We considered alternative modeling strategies, which included adding a quadratic 

term and modeling education with discontinuities at high school and college completion. 

However, these different approaches did not result in substantial improvement in model fit 

with the Akaike Information Criterion remaining virtually unchanged across the different 
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models (eTable 1). Thus, for simplicity and ease of interpretation, we modeled education as 

a continuous linear term.

Our mediator of interest was literacy. The HRS interview assessed literacy with a set of five 

vocabulary words of increasing difficulty, which respondents were asked to define. 

Responses were recorded and subsequently coded according to the degree of accuracy 

(0=incorrect; 1=partially correct; 2= perfectly correct). Scores had a theoretical range from 0 

to 10 with a mean of 5.50 and standard deviation of 2.00. There were two sets of words, one 

of which was randomly assigned at the participant's first interview. Beginning at Wave 4 

(1998), the vocabulary word sets were alternated in successive waves and only asked of re-

interviewees who were 65 years of age or older. Our measure of literacy is the average of 

1995/1996 (wave 3) and 1998 (wave 4) vocabulary score. This measure was highly 

correlated with the Wide Range Achievement Test Version 3 (WRAT-3) Reading subtest,16 a 

widely used and validated measure of literacy. The WRAT Reading Recognition subtest 

involves identifying letters and making correct pronunciation of a series of words. 

Correlation between the average vocabulary score and the WRAT reading subtest total raw 

score was 0.75 in the subsample of HRS participants with both WRAT and vocabulary score 

(n=382). We chose to use the average literacy score as it was more highly correlated with the 

WRAT scores than either the wave 3 or wave 4 measure alone. To facilitate comparison of 

the natural direct and indirect effects and because our measure of literacy did not have 

established cut-points, we standardized education and literacy. Effect estimates refer to a one 

standard deviation difference.

Outcomes—Mortality status and date and month of death were obtained through exit 

interviews with surviving relatives and linkages to the National Death Index (NDI). For this 

study, the follow-up period was 1998-2010. Mortality status and date of death was verified 

through the NDI for deaths occurring between 1998-2008. Linkage between HRS and the 

NDI had not yet been completed for 2008-2010 at the time of these analyses, and death dates 

during this period were obtained through exit interviews with surviving relatives. We 

assumed censoring to be independent of time to death given the exposure and covariates. We 

additionally assumed the mediator to be independent of censoring given the exposure and 

covariates. Participants contributed 159,663 person-years, and there were 6,382 deaths.

Covariates—We attempted to control for variables likely to influence education, literacy, 

and mortality. Covariates included age measured in 1998, sex, race/ethnicity (Non-Hispanic 

White, Non-Hispanic Black, Hispanic, Other), self-rated childhood health status 

(dichotomized as excellent, very good, or good versus fair or poor), and five indicators of 

early life socioeconomic status combined into a single scale: mother's and father's 

educational attainment, father's occupational status, birth in the southern US, and rural 

residence during childhood, as in previous research in the Health and Retirement Study.17 

Confirmatory factor analysis was conducted using Mplus Version 7 to reconstruct the early 

life socioeconomic status (SES) scale, following previous research.17

Mediation Analyses—The inverse odds ratio weighting approach of Tchetgen Tchetgen7 

was utilized to estimate natural direct, natural indirect, and total effects. Please see Nguyen 

et al. for an application of this approach with a binary exposure.18
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Inverse odds ratio weighting condenses the relationship between exposure and mediators 

using the odds ratio function as a measure of association into a weight, removing the 

necessity to specify the regression model for the outcome on exposure and mediator, 

including any exposure–mediator interactions. The weight (the inverse exposure–mediator 

odds ratio) given covariates is used to estimate the natural direct effect via regression 

analysis. Applying the weight renders the exposure and mediator independent, deactivating 

the indirect pathways involving the mediator.

A key advantage derives from the invariance property of the odds ratio (i.e. the odds ratio for 

the relationship between two variables is the same regardless of which variable is specified 

as dependent or independent), which permits estimation of the odds ratio relating an 

exposure and mediator via multiple logistic regression for binary exposures or via linear 

regression for continuous exposures.19

Compared to the familiar odds ratio formula relating two binary variables, the formula for an 

odds ratio with two continuous variables simply replaces the probability that the binary 

variables take the value of 1 with the density at the observed value of each variable, with the 

reference category still at zero. The odds ratio for the relationship between exposure (X) and 

mediator (M), conditional on covariates (C) is given by

where f(A|B) is the density of A given B, for any random variables A and B.

Here we apply inverse odds ratio weighting with a continuous exposure. We use the 

representation of the odds ratio (above), which we evaluate assuming X is normally 

distributed. If we first estimate a model for X condition on M and C:

(1)

The conditional inverse odds ratio function 1/OR(X,M|C) relating years of schooling (X) 

and mediator, literacy (M) within levels of pre-exposure confounders (C) can then be shown 

to be equal to exp(-β1×X×M/σ2).7

Then, it can be shown that under our assumptions, the estimated natural direct effect on a 

given scale (e.g. generalized linear models, Cox proportional hazards model or Aalen 

additive hazards model) is the regression coefficient for the exposure in the weighted 

regression model for the outcome on the exposure and covariates for example as in Equation 

2, with inverse odds ratio weight 1/OR(X,M|C).7

(2)
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where γ is the hazard function at time t given years of schooling X and covariates C. The 

total effect is the coefficient for the exposure in the analogous unweighted regression 

analysis. The natural indirect effect is estimated by taking the difference between the total 

effect and the natural direct effect on the scale used to obtain direct and total effects. We 

assume exposure and mediator have time-constant effects. Ninety-five percent confidence 

intervals for the total, natural direct effects and natural indirect effects are computed via the 

nonparametric bootstrap.

For comparison, we also implement the Baron and Kenny approach for mediation analyses 

by fitting two sets of Aalen additive hazards models for the outcome with (3) and without 

(4) the mediator.

(3)

(4)

The direct effect is estimated by the coefficient for the exposure in the model with the 

mediator (Equation 3). The total effect is estimated by the coefficient for the exposure in the 

model without the mediator (Equation 4), and the indirect effect is given by the taking the 

difference in the coefficients for the exposures from the two models (λ1−σ1)(t). To 

investigate whether the total effect of education and the effect of education through literacy 

varied by educational level, we repeated the analyses stratified by education level (≤12 years 

vs ≥13).

Age is a potential confounder in many epidemiologic cohort studies including this one. In 

such instances, age may be added as a covariate to the models, but this approach depends on 

specifying the correct functional form. One recommended alternative is to treat age as the 

primary time-scale when modeling time to event data to provide stronger control of 

confounding by age.20 To determine whether the results were robust to this modeling choice, 

both models were fit, including age as a continuous variable as well as treating age as the 

primary time-scale.

Descriptive analyses were conducted using SAS 9.3. Aalen models were fit using R 2.15.2 

(see eAppendix for sample code for mediation analyses).

Results

Descriptive statistics for the study population are presented in Table 1. Mean literacy scores 

rose with increasing years of education. Thirty-eight percent of the participants died by 

2010. The Kolmogorov-Smirnov test of no effect heterogeneity indicated years of schooling 

did not have time-dependent effects, so we modeled education and covariates as having time 

constant effects (see online eAppendix for further details).

Nguyen et al. Page 6

Epidemiology. Author manuscript; available in PMC 2017 September 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



The estimated total effect of one standard deviation of education (3 years) on mortality was 

6.7 fewer deaths per 1,000 person-years (β=-6.7, 95% CI: -7.9, -5.4) (Table 2). When 

allowing for interaction between years of schooling and literacy, there was evidence of 

positive interaction, motivating the need to utilize a method that accommodates exposure-

mediator interactions. The interaction coefficient was estimated to be 1.4 deaths per 1,000 

person-years (95% CI: 0.41, 2.5). The interaction term was positive, while the main effects 

were negative. This result suggested that the protective effect of literacy on time to death 

diminished by 1.4 deaths per 1,000 person-years for every unit (one standard deviation) 

increase in education and vice versa.

Utilizing the Baron and Kenny approach for mediation, 1.2 fewer deaths per 1,000 person-

years was attributed to the literacy pathway (β=-1.2, 95% CI: -1.7, -0.69) (natural indirect 

effect), representing 18% of the total effect of education (Table 2). The inverse odds ratio 

weighting point estimates were very similar to those obtained through the Baron and Kenny 

approach but were less precisely estimated. Inverse odds ratio weighting estimates for the 

natural direct and indirect effects were -5.5 (95% CI: -8.2, -2.6) and -1.3 (-4.0, 1.2) 

compared to the Baron and Kenny estimates of -5.5 (95% CI: -6.9, -4.1) and -1.2 (95% CI: 

-1.7, -0.69), respectively. The natural indirect estimates suggest a protective effect of 

literacy. Although we detected modest exposure–mediator interaction, the consistency of the 

results between the two approaches indicated that the interaction did not make a substantial 

difference to the results.

In the current analyses, age was treated as a centered, continuous variable. In sensitivity 

analyses, we used chronological age as the primary time scale to treat age non-

parametrically. The results are qualitatively similar to using follow-up time as the primary 

time scale, and none of our conclusions changed (see online eAppendix eTable 2).

Stratified Results

We also conducted the mediation analyses, stratifying by high school completion. The total 

effect was larger among participants ≤ 12 years of education compared to those with ≥ 13 

years of education (≤12: -8.4 (95% CI: -11.5, -6.6); ≥ 13: -3.7 (95% CI: -6.6, -0.80)) (Table 

3). Using the Baron and Kenny approach, the estimated natural indirect effect suggested 

partial mediation among participants with ≤ 12 years of education (-1.7; 95% CI: -2.3, -1.1), 

representing 20% of the total effect. The inverse odds ratio weighting point estimate for the 

natural indirect effect was qualitatively similar but had wider confidence intervals (-0.95; 

95% CI: -5.5, 4.7). Among those with ≥ 13 years of education, the indirect effects using 

Baron and Kenny and inverse odds ratio weighting were substantially smaller (Table 3). 

These results suggested that education was a stronger predictor of mortality among those 

with 12 or fewer years of education, and the effect of education through the literacy pathway 

was observed primarily among those with lower levels of education.

In supplemental analyses, we also attempted to investigate measurement error in the 

mediator. We used the Wide Range Achievement Test Version 3 Reading subtest,16 a widely 

used measure of reading ability, as validation data to correct for measurement error in a 

modified inverse odds ratio weighting approach (see online eAppendix for a description of 

the approach). Measurement error correction resulted in very wide confidence bounds (see 
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online eAppendix eTables 3-4). We also modified our bootstrapping code to take account of 

clustering at the household level. The results taking account of clustering were very similar 

to the original results not correcting for clustering, and none of the conclusions changed (see 

eTable 5).

Discussion

In a large cohort sample of older Americans, educational attainment was inversely 

associated with mortality risk, and literacy was a partial mediator of this relationship. In the 

current analyses, inverse odds ratio weighting results were consistent with Baron and Kenny 

point estimates but were less precise. Stronger evidence of a total and mediated effect was 

found among those with 12 or fewer years of education compared to those with 13 or greater 

years of education. This work adds to a limited body of research examining literacy as 

mediator of educational attainment and health.

Education is a social determinant of health. More education is associated with longer life 

expectancy, greater likelihood of engaging in health promoting behaviors, and better health 

outcomes. Education is also associated with decreased likelihood of smoking, greater 

likelihood of obtaining health care check-ups and screening, and higher levels of physical 

activity. Parents' education also has an intergenerational effect on their children's educational 

attainment and health.21 Education potentially impacts health and mortality via many 

pathways. It is associated with increased cognitive functioning22 and skills such as literacy. 

It influences occupational opportunities, shaping both material and psychosocial risk factors 

at work, and earnings.23 It facilitates access to information as well as resources,24 including 

those conveyed via social ties.25 It can also influence health via psychological processes 

such as increasing sense of control and social standing.21

Literacy can influence health maintenance, health promotion, and ultimately survival in 

several ways. Literacy increases the capacity to obtain, process, and understand health 

information.26,27 Literacy facilitates the comprehension of prescriptions, health care 

worker's instructions for disease management, printed nutrition information, and publically 

available health information.26 Literacy can impact health by influencing access to and 

utilization of health care, the patient–provider relationship, and self-care.28 Lower adult 

literacy is associated with less knowledge of health outcomes such as smoking, 

hypertension, diabetes, and lower use of screening and preventive services29 as well as 

poorer mental and self-rated health and higher hospital admissions.30

Education, literacy, intelligence, and cognitive function are associated, but the direction of 

this association is not clear. In the U.S., the average IQ has risen 20 points over the last 60 

years, a rate too rapid to be caused by genetic selection. Increased access to education and 

changes in public education have been proposed as possible drivers of improvements in 

IQ.31,32 Research has also examined the impact of education and literacy on later life 

cognitive function. Low reading ability was found to predict incidence of dementia33 and 

declines in memory,34 language skills, and executive functioning.35
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In our analyses, we rely on the assumption of no unmeasured confounding of the 

relationship between 1) exposure and mediator, 2) mediator and outcome, and 3) exposure 

and outcome upon conditioning on pre-exposure confounders. One potential confounder 

relevant for these assumptions is intelligence, which may affect both literacy and subsequent 

health. However, the Health and Retirement Study does not have an early life measure of 

intelligence. Although cognitive function later in life is measured, late life cognitive function 

may be affected by the respondents' educational attainment, literacy level, or age-associated 

cognitive disorders such as dementia. As a result, late life cognitive function may partially 

mediate the relationship between education, literacy, and mortality.

The absence of an early life measure of intelligence is a data limitation of our study, but we 

note that there is strong reason to believe that schooling influences cognitive functioning 

independent of intelligence. Previous research controlling for childhood IQ has found 

educational attainment to increase cognitive human capital.22 When comparing schooled and 

unschooled children in remote rural communities, even small amounts of schooling were 

associated with higher cognitive functioning.36 Investigators examining the direct effect of 

intelligence on health did not find evidence of an effect once education and income were 

controlled.37 eFigure presents a direct acyclic graph of our hypothesized relationships 

between education, literacy, intelligence, later life cognitive function, and mortality (see 

online eAppendix).

Another potential confounder of the exposure-outcome or mediator-outcome relationship is 

childhood health status. Self-reported childhood health was included in our models but this 

measure may be subject to recall bias since it was asked of HRS participants when they were 

adults.

An additional consideration was survivor bias. Survivor bias in this case would likely 

underestimate the observed effects of education and literacy. To change the observed percent 

mediated effect, there would have to be substantial differential survivor bias by education 

and literacy. We included Health and Retirement Study respondents who were 50 or older in 

1998, and it is plausible that respondents' education and literacy level, which were measured 

at nearly the same time (1996 and 1998 for literacy and 1998 for education), influenced their 

survival and enrollment into the study. We used a brief vocabulary measure to assess literacy. 

We did not consider numeracy, health literacy, or other domains that may be relevant for 

health outcomes.

The choice between various mediation methods rests on evaluating the advantages and 

limitations of the different approaches, which will vary from study to study. In this paper, we 

saw that there was a tradeoff between relaxing certain assumptions and optimizing precision 

in implementing inverse odds ratio weighting or the Baron and Kenny approach. Since 

inverse odds ratio weighting does not make parametric assumptions about the joint effect of 

exposures and mediators and can be implemented in a variety of models that accommodate 

weights such as survival models, quantile regression models, and any generalized linear 

models with linear or non-linear links, researchers using data with strong exposure-mediator 

interactions or fitting complex models may find inverse odds ratio weighting more attractive 

than the Baron and Kenny approach or other related parametric methods.7 In other situations 
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such as when there is limited sample size, the absence or interactions, or a relatively simple 

model, the Baron and Kenny approach may be an appropriate option. We implemented the 

Baron and Kenny approach and inverse odds ratio weighting in R, writing our own analytic 

code for the analyses. The recently released medflex package in R allows for mediation 

analyses using imputation strategies for the estimation of natural effects.38 This study 

contributes to the growing body of evidence showing the long-term health benefits of years 

of schooling.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Table 1
Demographic characteristics of the analytic sample

N (%) Mean Literacy Score (SD)

N 17054 100

Years of schooling

 <6 505 3 2.6 (2.0)

 6-8 1588 9 3.8 (1.9)

 9-11 2591 15 4.6(1.8)

 12 5998 35 5.5 (1.7)

 >12 6372 37 6.5 (1.6)

Male 7052 41

Birth year

 <1914 1117 7

 1914-1921 2460 14

 1922-1930 4044 24

 1931-1941 6800 40

 1942-1947 2633 15

Non-Hispanic White 13821 81

Non-Hispanic Black 2401 14

Hispanic 611 4

Other 220 1
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Table 2
Total, natural direct and indirect effects for mortality (1,000 person-years) estimated with 
Baron and Kenny and inverse odds ratio weighting approaches using follow-up years as 
the timescale

Treatment Effects
(1,000 person-years)a,b
(N=17,054)

Baron and Kenny 95% CIc Inverse Odds Ratio Weighting 95% CIc

Totald -6.7 (-7.9, -5.4) -6.7 (-7.9, -5.4)

Natural Direct -5.5 (-6.9, -4.1) -5.5 (-8.2, -2.6)

Natural Indirect -1.2 (-1.7,-0.69) -1.3 (-4.0, 1.2)

a
Exposure: z-scored years of schooling with one standard deviation = 3 years of schooling

Mediator: z-scored literacy score with one standard deviation =2 on a 10-point scale.

b
Covariates: age, sex, race/ethnicity, self-rated childhood health status, and five indicators of early life SES combined into a single scale including 

mother's and father's educational attainment, father's occupational status, birth in southern US, and rural residence during childhood.

c
Obtained using nonparametric bootstrap.

d
Estimation of total effects is the same for Baron and Kenny and inverse odds ratio weighting.
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Table 3
Total, natural direct and indirect effects for mortality (1,000 person-years) using Baron 
and Kenny and inverse odds ratio weighting among participants with ≤12 and 13+ years 
of schooling

Treatment Effects (1,000 person-years)a,b Baron and Kenny 95% CIc Inverse Odds Ratio Weighting 95% CIc

≤ 12 years of schooling (N=10,682)

Totald -8.4 (-11.5, -6.6) -8.4 (-11.5, -6.6)

Natural Direct -6.7 (-9.7, -4.8) -7.4 (-14.3, -2.9)

Natural Indirect -1.7 (-2.3,-1.1) -0.95 (-5.5, 4.7)

13+ years of schooling (N=16,611)

Totald -3.7 (-6.6, -0.80) -3.7 (-6.6, -0.80)

Natural Direct -3.4 (-6.5, -0.60) -3.1 (-6.6, 0.85)

Natural Indirect -0.23 (-0.91,0.58) -0.60 (-3.2, 1.7)

a
Exposure: z-scored years of schooling with one standard deviation = 3 years of schooling

Mediator: z-scored literacy score with one standard deviation =2 on a 10-point scale.

b
Covariates: age, sex, race/ethnicity, self-rated childhood health status, and five indicators of early life SES combined into a single scale including 

mother's and father's educational attainment, father's occupational status, birth in southern US, and rural residence during childhood.

c
Obtained using nonparametric bootstrap.

d
Estimation of total effects is the same for Baron and Kenny and inverse odds ratio weighting.
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