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Using Marginal Structural Models to Estimate the Direct
Effect of Adverse Childhood Social Conditions on Onset of
Heart Disease, Diabetes, and Stroke

Arijit Nandi,* M. Maria Glymour,® Ichiro Kawachi,® and Tyler J. VanderWeele®!

Background: Early-life socioeconomic status (SES) is associated
with adult chronic disease, but it is unclear whether this effect is
mediated entirely via adult SES or whether there is a direct effect of
adverse early-life SES on adult disease. Major challenges in evalu-
ating these alternatives include imprecise measurement of early-life
SES and bias in conventional regression methods to assess media-
tion. In particular, conventional regression approaches to direct
effect estimation are biased when there is time-varying confounding
of the association between adult SES and chronic disease by chronic
disease risk factors.

Methods: First-reported heart disease, diabetes, and stroke diagno-
ses were assessed in a national sample of 9760 Health and Retire-
ment Study participants followed biennially from 1992 through
2006. Early-life and adult SES measures were derived using explor-
atory and confirmatory factor analysis. Early-life SES was measured
by parental education, father’s occupation, region of birth, and
childhood rural residence. Adult SES was measured by respondent’s
education, occupation, labor force status, household income, and
household wealth. Using marginal structural models, we estimated
the direct effect of early-life SES on chronic disease onset that was
not mediated by adult SES. Marginal structural models were esti-
mated with stabilized inverse probability-weighted log-linear mod-
els to adjust for risk factors that may have confounded associations
between adult SES and chronic disease.
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Results: During follow-up, 24%, 18%, and 9% of participants
experienced first onset of heart disease, diabetes, and stroke, respec-
tively. Comparing those in the most disadvantaged with the least
disadvantaged quartile, early-life SES was associated with coronary
heart disease (risk ratio = 1.30 [95% confidence interval = 1.12—
1.51]) and diabetes (1.23 [1.02-1.48]) and marginally associated
with stroke via pathways not mediated by adult SES.
Conclusions: Our results suggest that early-life socioeconomic
experiences directly influence adult chronic disease outcomes.

(Epidemiology 2012;23: 223-232)

Early-life socioeconomic conditions predict adult cardio-
vascular disease (CVD); however, the role of adult socio-
economic status (SES) in mediating this relationship remains
controversial, and persistent socioeconomic inequalities in
chronic diseases exist."” At least 3 alternative hypotheses link-
ing early-life SES to chronic disease outcomes in later life have
been proposed.’ According to the latent-effects model, early-life
SES affects risk for chronic disease independent of adult SES.
The effect of early-life SES on chronic disease that is not
mediated by adult SES (eg, if everyone in the population was
fixed to a “high” level of adult SES) is defined as the controlled
direct effect of early-life SES®; direct effects may include phys-
iologic embodiment of socioeconomic disadvantage and atten-
dant exposures through “fetal-programming” (represented by
path 1 in the Figure, where path 2*3 represents the effect of
early-life SES on chronic disease outcomes mediated by risk
factors) and behavioral changes and shifts in chronic disease risk
factors (represented by path 2*3 in the Figure).” In contrast, the
pathway or social trajectories model suggests that early-life SES
does not directly affect disease risk. Rather, early-life SES is
linked to chronic disease in later life through its influence on
SES in adulthood (represented by paths 4*5 and 2*6*5 in the
Figure). Finally, the cumulative exposure model hypothesizes
that SES in both early-life and adulthood directly influences
disease risk in later life.

Extant research concerning the relation between life
course SES and chronic disease is mixed. Some evidence sug-
gests that early-life SES directly influences CVD independent of
adult SES.'°~13 However, several studies have shown that asso-
ciations between early-life SES and CVD outcomes were atten-
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FIGURE. Causal diagram of the hypothesized effects of early-
life (SESc) and adult SES (SES,) on chronic disease outcomes
(Y) where “confounders” denote potential sociodemographic
confounders (ie, age, race, sex, self-rated childhood health) of
the association between early-life SES, adult SES and the
chronic disease outcomes, and “risk factors” denote conven-
tional chronic disease risk factors (ie, high blood pressure, BMI,
self-rated health, diabetes, functional limitations, current
smoking, alcohol consumption) that may operate as mediators
of the association between early-life SES and health and also as
confounders of the association between adult SES and health.

uated after adjustment for adult SES and CVD risk factors.'*!>
These inconsistencies may result from methodological chal-
lenges in estimating direct effects. For example, greater
error in the measurement of early-life relative to adult SES
may underestimate the direct effect of early-life SES on
chronic disease outcomes.'® Additionally, conventional
regression methods to assess mediation,'” specifically by
regressing a chronic disease outcome on early-life SES, the
proposed mediator (ie, adult SES), and potential confound-
ers and chronic disease risk factors (eg, body mass index),
produces an unbiased estimate of the controlled direct
effect of early-life SES only under very specific condi-
tions.'®

In this study, we aimed to assess whether the effects of
early-life SES on adult onset of coronary heart disease (CHD),
diabetes, and stroke were mediated by adult SES using data from
the US-based Health and Retirement Study. We improved on
extant work by using factor analyses to measure SES and
applying a marginal structural model to control for adult cardio-
vascular risk factors. Adult risk factors may confound the asso-
ciation of adult SES and CVD but mediate the effect of early-life
SES on adult CVD. Conventional approaches to direct effect
estimation are biased when there is time-varying confound-
ing by adult risk factors. However, by handling potential
confounding by measured covariates through weighting
rather than conditioning on covariates, marginal structural
models allow for the identification of direct effects even in
settings in which conventional approaches are biased,
including when there is a consequence of early-life SES
that confounds the association between adult SES and the
outcome of interest.'”** We compare results from mar-
ginal structural models with estimates obtained using the
conventional direct effects estimation procedure based on
regression adjustment for measured risk factors.'’
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METHODS

Study Design

The Health and Retirement Study is a longitudinal,
biennial survey of a national sample of US adults born in
1931-1941 and their spouses. The study was initiated in
1992, based on a multistage area probability sample. The
initial response rate was 81%, and biennial follow-up inter-
views (or proxy for decedents) were conducted between the
baseline assessments in 1992 and 2006, with wave-to-wave
retention rates through 2006 of approximately 90%.?' The
University of Michigan Health Sciences Human Subjects
Committee approved the Health and Retirement Study.

We followed respondents through 2006 for first onset
of 3 chronic disease outcomes: (1) fatal or nonfatal heart
disease; (2) diabetes; or (3) fatal or nonfatal stroke. The
Health and Retirement Study most commonly learns of the
death of a respondent when an interviewer attempts to reach
the respondent for a biennial follow-up interview. In these
instances, the respondent’s spouse or another close family
member completes a final (exit) interview. The overall re-
sponse rate for exit interviews conducted through 2002 was
93%, and there is no evidence of systematic bias by demo-
graphic groups. The Health and Retirement Study conducts
linkages using the Social Security Death Index and the
National Death Index to confirm the status, timing, and cause
of death for deceased respondents. Further details of the study
design and outcomes assessment of the Health and Retire-
ment Study are available elsewhere.?*>*

Among 9760 age-eligible Health and Retirement Study
participants enrolled in 1992, we excluded 495 (5%) without
a follow-up interview between 1994 and 2006. Excluding
prevalent cases of each outcome at baseline, we defined 3
separate samples, comprising 8318 CHD-free, 8278 diabetes-
free, and 9055 stroke-free participants.

Measures

For consistency with previous studies, we used stan-
dard RAND coding of wealth, income, and other variables,
when available.?

Chronic Disease Outcomes

At each wave, participants were asked, “Since we last
talked to you, has a doctor told you that you had a heart
attack, coronary heart disease, angina, congestive heart fail-
ure, or other heart problems?” Diabetes and stroke were
similarly assessed. For deceased participants or those un-
available for direct interviews, proxy informants, typically
spouses, were interviewed.

Life-course Socioeconomic Status

We used exploratory and confirmatory factor ana-
lyses to estimate the latent construct SES at 2 stages
in the life-course, early life and adulthood. We selected
8 indicators of early-life SES based on retrospective
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assessment and 6 indicators of adult SES (eTable 1,
http://links.lww.com/EDE/A552).227 Exploratory factor anal-
ysis with quartimin rotation was used to assess the dimen-
sionality of our SES indicators, resulting in a final two-factor
model. Indicators of early-life SES included father’s educa-
tional attainment (0—7, 8—11, 12, >12 years), mother’s edu-
cational attainment (0-7, 8—11, 12, >12 years), father’s
occupation (manual/unskilled service, professional/white col-
lar), birth in the southern United States (yes/no), and rural
residence during childhood (yes/no); all were assessed retro-
spectively at baseline with the exception of father’s occupa-
tion, which was assessed in 1998. Indicators of adult SES
included respondent’s educational attainment (<high school,
high school/GED, some college, college+), respondent’s
longest job occupation (manual/unskilled service, profession-
al/white collar), respondent’s current labor force status
(works full-time/part-time/retired, unemployed/disabled/not
in labor force), household income (split into quartiles), and
household wealth (split into quartiles), all assessed at base-
line. We next used confirmatory factor analysis with maxi-
mum likelihood estimation to output factor scores for early-
life and adult SES. Continuous early-life and adult SES
scores were cut into quartiles for analysis. Factor analyses
were conducted in Mplus version 5. Further detail concerning
the methods used to measure life course SES is provided in
the eAppendix, http://links.lww.com/EDE/A552.

Confounders and Risk Factors

We distinguish between (1) sociodemographic con-
founders that potentially confound the relation between early-
life SES and our outcomes and (2) chronic disease risk factors
that potentially confound the relation between adult SES and
our outcomes (as shown in the Figure).?®*° Measured con-
founders of the relation between early-life SES and our
outcomes included baseline age (categorized as 5052, 53—
55, 5658, or >58), sex, race (dichotomized as black or
other), and self-rated childhood health (very good/excellent,
good, fair/poor, or unknown/missing). Measured baseline risk
factors that potentially confounded the relation between adult
SES and our chronic disease outcomes included whether a
doctor had ever told the respondent that they had high blood
pressure (no or yes), body mass index (BMI) (categorized as
<25, 25-29.9, or 30+), self-rated health (categorized as
excellent, very good, good, fair, or poor), diabetes (no or yes),
whether health problems limited the respondent’s ability to
work (no or yes), current smoking (no or yes), and alcohol
consumption (categorized as doesn’t drink, <1 drink/day,
1-2 drinks/day, or =3 drinks/day). Diabetes was not included
as a risk factor in analyses for which diabetes was the
outcome.

Statistical Analyses
Our goal was to estimate, for individual 7, the controlled
direct effect of early-life SES (4;) on chronic disease out-
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comes (Y;) that was not mediated by adult SES (M,) after
accounting for potential confounding by measured confound-
ers (ie, birth cohort, sex, race/ethnicity, and self-rated child-
hood health) and risk factors (ie, high blood pressure, BMI,
self-rated health, diabetes, functional limitations, current
smoking, alcohol consumption), represented by the vectors C;
and R;, respectively. Here, and throughout, the variables 4,
and M, denote the vectors of indicator functions for the
various quartiles of early-life and adult SES, respectively.

Formally, if we allow Y,(a,m) to represent the counter-
factual outcome Y, if potentially counter to the fact 4, had
been set to a and M, had been set to m, the controlled direct
effect on the risk ratio (RR) scale comparing 4, = a with
A; = a* for some fixed level M; = m is defined as

P[Y(a,m) = 1]

= e m =11

Although it is often assumed that the effect of 4; on Y, is
homogenous for all levels of M,, the controlled direct effect of
early-life SES may depend on the value to which adult SES
is set. As such, we tested for interaction between 4; and M, on
Y, in models estimating direct effects of early-life SES.
However, in the absence of such interaction, the controlled
direct effect is defined as the effect of early-life SES on the
particular chronic disease outcome if adult SES were set to
the highest quartile; this effect includes both paths 1 and 2*3
in the Figure, but not paths via adult SES (paths 4*5 or
2*%6*5).

We compare 2 approaches for estimating the direct
effect of early-life SES on our outcomes: the conventional
regression approach to effect decomposition'” and the mar-
ginal structural model approach using inverse probability
weights.'”?° First, we estimated on the RR scale the total
effect of early-life SES on chronic disease outcomes, condi-
tional on C; = ¢,

P[Y(a) = 1|C, = ¢]
PlY(a*) = 1|C; = c],

RR.(a,a*|c) =

by fitting a log-linear model for each outcome (Y; = 1 if
participant reports the outcome during follow-up, 1992—
2006) regressed on quartiles of early-life SES (4;) and the set
of confounders (C;), separately for the 3 samples comprising
CHD-free, diabetes-free, and stroke-free respondents:

log[P(Y; = 1|Ai =a,C, =c)] =By + Bi4; + B:C.. (1)

The coefficient 8, in Model 1 gives an estimate of
the total effect of early-life SES provided that the mea-
sured confounders suffice to control for confounding be-
tween early-life SES and the chronic disease outcomes.
Second, we estimated the direct effect of early-life SES on
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our outcomes using the approach proposed by Baron and
Kenny (1986).'7 Specifically, we regressed each outcome
Y, on quartiles of early-life SES (4,), quartiles of adult SES
(M,), and the set of sociodemographic confounders (C;), by
fitting a log-linear model of the form:

loglP(¥, = 1|4, = a, M, = m, C; = ¢)]
=By + Bid; + B:M; + BiC,.  (2)

The coefficient 3, in Model 2 gives an estimate of the
direct effect of early-life SES not through pathways involving
adult SES (paths 1 and 2*3 in the Figure) provided that the
measured confounders suffice to control for confounding
between (i) early-life SES and the chronic disease outcomes
and (ii) adult SES and the chronic disease outcomes. There
was no evidence of interaction between C; and A4;. As such,
the coefficient B, gives both conditional direct effects and
also the marginal direct effect described earlier. We addition-
ally tested for interaction between early-life and adult SES on
the chronic disease outcomes by including cross-product
terms between 4, and M, in Model 2. As observed in eTable
2 (http://links.Iww.com/EDE/AS552), there was no evidence
of interaction beyond what would be expected by chance
alone for any of our outcomes, and the cross-product terms
were subsequently omitted.

To compare with prior work in which adult risk factors
were controlled, we also fit a log-linear regression model
(Model 3) in which adult risk factors (R,) were included as
covariates:

log[P(Y, = 1|4, = a, M;=m, C; = ¢, R, = 1)]
=Byt Bid; + BoM; + B3C + BiR.. (3)

The coefficient 3, in Model 3 gives an estimate of the
direct effect of early-life SES not through pathways involving
adult SES or the adult risk factors (path 1 in the Figure)
provided that measured confounders and risk factors suffice
to control for confounding between (i) early-life SES and
the chronic disease outcomes, (ii) adult SES and the chronic
disease outcomes, and (iii) the adult risk factors and chronic
disease outcomes. Note that even under these assumptions, this
is a different direct effect from that defined earlier (ie, it includes
only the effect of path 1 in the Figure). There was no consistent
evidence of interaction between 4; and M, in Model 3 (eTable 3,
http://links.Iww.com/EDE/A552) for any of our outcomes, and
therefore we omitted the cross-product terms.

The controlled direct effect of early-life SES on our
outcomes using a marginal structural model (Model 4) was
estimated by a stabilized inverse-probability-weighted mar-
ginal structural model as described by VanderWeele and
Robins et al.'”2° In brief, we fit a weighted log-linear regres-
sion model of the form:
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log[P(Y; = 1|4, = a, M; = m)] = By + Bi4; + BsM,,
“

excluding a cross-product term between early-life and adult SES
because there was no consistent evidence of interaction for any
of the outcomes (eTable 4, http://links.lww.com/EDE/A552).
Potential confounding by the sets of confounders and risk
factors was accounted for by fitting the earlier model with
stabilized inverse probability weights of the form W =
wiEwM  where

P(A=a)
T Pu=ajc=c) ©
and
P(M = m|4 = a,)
wy! (6)

CPM=mlAd=a,C=c,R=r)

The weight w! accounts for measured confounding of
the relation between early-life SES and the chronic disease
outcomes, and the weight w accounts for measured con-
founding of the relation between adult SES and the outcomes.
The coefficients 3, in the final weighted model (Model 4)
give the direct effect of early-life SES not through adult SES
pathways provided that (i) the measured confounders suffice
to control for confounding between early-life SES and
chronic disease outcomes and (ii) the measured confounders,
early-life SES, and the adult risk factors suffice to control for
confounding between adult SES and chronic disease out-
comes. Note that under these assumptions, the direct effect 3,
includes the effect of early-life SES through adult risk factor
pathways (path 2*3 in the Figure, in addition to path 1), but
not through adult SES.

The denominator of w/ is the probability of receiving
the quartile of early-life SES the individual in fact experi-
enced, conditional on the set of confounders. The denomina-
tor of w! is the probability of receiving the quartile of the
mediator, adult SES, the individual in fact experienced,
conditional on quartiles of early-life SES, confounders, and
the set of risk factors. Stabilizing the weights by including
probabilities in the numerator results in more efficient esti-
mation.”’ Weights were estimated using multinomial logistic
regressions where the response variables for w? and w! were
quartiles of SES in early-life and adulthood, respectively.
Predicted probabilities for the numerator and denominator
were assigned based on the category of actual SES re-
ported and divided to obtain stabilized weights. The dis-
tributions of the multiplied weights, W, were as follows:
(1) mean =1.00, range = 0.15-10.88, IQR = 0.68-1.12
for heart disease; (2) mean = 1.00, range = 0.16-9.88,
IQR = 0.69—1.13 for diabetes; and (3) mean = 1.00, range =
0.16-10.12, IQR = 0.68-1.12 for stroke. See eFigures

© 2012 Lippincott Williams & Wilkins

Copyright © Lippincott Williams & Wilkins. Unauthorized reproduction of this article is prohibited.


http://links.lww.com/EDE/A552
http://links.lww.com/EDE/A552
http://links.lww.com/EDE/A552
http://www.epidem.com

Epidemiology ® Volume 23, Number 2, March 2012

MSMs for Direct Effect of Early-life SES on Chronic Disease

2—4 (http://links.Iww.com/EDE/A552) for histograms and
additional statistics describing the distributions of the stabi-
lized weights for each of the outcomes. All analyses were
conducted using SAS version 9.1.3. Annotated SAS code for
estimating the models described earlier is provided in the
eAppendix (http://links.Iww.com/EDE/A552).

RESULTS

Characteristics of the total sample and the samples used
in analyses for each condition are shown in Table 1. Between
baseline and the end of follow-up in 2006, 24% of partici-
pants experienced first-onset heart disease (1886 nonfatal and
115 fatal events), 18% experienced first-onset diabetes (1461
events), and 8% experienced first-onset stroke (618 nonfatal
and 90 fatal events).

Estimates of the total and direct effects of early-life
SES on CHD are shown in Table 2. The total effects model
(Model 1) indicated that those in the third and fourth most
disadvantaged quartiles of early-life SES had, respectively,
12% (RR = 1.12 [95% confidence interval (CI) = 1.00—
1.25]) and 16% (1.16 [1.04—1.30]) increased risk of CHD
compared with those in the least disadvantaged quartile of
early-life SES. After adjusting for adult SES in Model 2 as in
a conventional regression approach, there was a null associ-
ation between early-life SES and CHD (1.00 [0.87-1.16]),
comparing those in the most disadvantaged to least disadvan-
taged quartile of early-life SES. Results were essentially
unchanged after adjusting for adult risk factors (Model 3).
Applying the marginal structural model approach using in-
verse probability weights to adjust for adult risk factors
(Model 4), those in the third and fourth most disadvantaged
quartiles of early-life SES were estimated to have, respec-
tively, 23% (1.23 [1.08-1.40]) and 30% (1.30 [1.12-1.51])
increased risk of CHD compared with those in the least
disadvantaged quartile of early-life SES.

Estimates of the total and direct effects of early-life
SES on diabetes are shown in Table 3. There was a dose-
response association between early-life SES and diabetes
(Model 1). Compared with those in the least disadvantaged
quartile of early-life SES, those in the second, third, and
fourth quartiles had, respectively, 12% (1.12 [0.97-1.29]),
31% (1.31 [1.14-1.51]), and 62% (1.62 [1.41-1.86]) in-
creased risk of diabetes. The association between early-life
SES and diabetes was substantially attenuated after adjust-
ment for adult SES (Model 2) and nearly null after additional
adjustment for adult risk factors (Models 3). In the marginal
structural model (Model 4), those who experienced the great-
est disadvantage in early life showed increased risk of dia-
betes relative to those in the least disadvantaged quartile
(1.23 [1.02-1.48]).

Estimates of the total and direct effects of early-life
SES on stroke are shown in Table 4. The total-effects model
(Model 1) showed that those in the third and fourth most
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disadvantaged quartiles of early-life SES had, respectively,
37% (1.37 [1.11-1.69]) and 59% (1.59 [1.29-1.95]) in-
creased risk of stroke relative to those in the least disadvan-
taged quartile. After controlling for adult SES and risk factors
using the conventional regression approach (Models 2 and 3),
associations between early-life SES and stroke were attenu-
ated and provided no evidence of a direct effect of early-life
SES. The associations between early-life SES and stroke
using the marginal structural model approach (Model 4) were
stronger in magnitude than for the conventional regression
approach; for example, the fourth quartile of early-life SES
was associated with an RR for stroke of 1.29 (95% CI =
0.96-1.72) compared with those in the top quartile.

DISCUSSION

Consistent with several prior studies, we found evi-
dence of a total effect of early-life SES on incidence of CHD,
diabetes, and stroke in a sample of 9760 Health and Retire-
ment Study enrollees.>° 2 In a novel application of marginal
structural models, we also found evidence of pathways from
early-life SES to each outcome not mediated by adult SES.

Estimating the effect of early-life SES on risk of adult
chronic disease via mechanisms other than adult SES raises
several methodological issues primarily because early-life
SES strongly influences adult SES. When we used the tradi-
tional direct effects estimation approach'’ of regressing
chronic disease outcomes on early-life SES and adult SES,
we found that estimated effects of early-life SES on our
outcomes were attenuated, and there was no evidence of a
direct effect. The pattern was similar whether or not we
additionally adjusted for adult CVD risk factors. However,
there are several adult risk factors that may mediate the effect
of early-life SES but confound the association of adult SES
with our health outcomes (as shown in the Figure). For
example, prior work suggests that chronic disease risk fac-
tors, including obesity, may lie on the pathway between
early-life SES and adult health and also be causally related to
adult SES, suggesting that these risk factors may operate
contemporaneously as mediators of the association between
early-life SES and health, as well as confounders of the
association between adult SES and health.>**

When there is a consequence of early-life SES that
confounds the association between adult SES and the out-
come of interest (if paths 2, 3, and 6 in the Figure exist),
controlled direct effects cannot be identified using conven-
tional regression approaches, regardless of whether the model
is additionally adjusted for adult risk factors.'” When factors
that confound the association between adult SES and chronic
disease outcomes are omitted from the regression model, then
conditioning on adult SES may induce bias in the estimate of
the direct effect of early-life SES due to collider stratifica-
tion.?® This bias may have resulted in an underestimation of
the direct effect of early-life SES in our analyses, although

www.epidem.com | 227

Copyright © Lippincott Williams & Wilkins. Unauthorized reproduction of this article is prohibited.


http://links.lww.com/EDE/A552
http://links.lww.com/EDE/A552
http://www.epidem.com

Nandi et al Epidemiology ® Volume 23, Number 2, March 2012

TABLE 1. Descriptive Characteristics and Bivariate Associations Between Sociodemographic Characteristics, Risk Factors, Life-
course SES and Chronic Disease (ie, Heart Disease, Diabetes, and Stroke) Outcomes; n = 9760 Health and Retirement Study
Enrollees Followed From 1992 to 2006

Total Heart Disease Sample Diabetes Sample Stroke Sample
No. (% of Total) No. (% With CHD)* No. (% With Diabetes)” No. (% With Stroke)*
Total sample size 9760 8318 (24)° 8278 (18)° 9055 (8)°
Sociodemographic confounders
Birth cohort/baseline age (years)
50-52.9 2175 (22) 1910 (21) 1891 (17) 2048 (6)
53-55.9 2757 (28) 2387 (22) 2394 (17) 2560 (6)
56-58.9 2606 (27) 2221 (25) 2188 (19) 2433 (8)
59+ 2222 (23) 1800 (29) 1805 (17) 2014 (10)
Race/ethnicity
White/other 8065 (83) 6906 (24) 6968 (16) 7528 (7)
Black 1695 (17) 1412 (24) 1310 (25) 1527 (12)
Sex
Male 4594 (47) 3796 (27) 3868 (18) 4210 (9)
Female 5166 (53) 4522 (21) 4410 (17) 4845 (7)
Childhood self-rated health
Very good/excellent 5861 (60) 5374 (24) 5314 (18) 5747 (7)
Good 1478 (15) 1315 (28) 1307 (22) 1445 (10)
Fair/poor 548 (6) 28.91 (29) 483 (23) 526 (11)
Unknown/missing 1873 (19) 17.28 (17) 1174 (11) 1337 (7)
Risk factors
High blood pressure
No 5884 (60) 5247 (20) 5271 (13) 5548 (5)
Yes 3876 (40) 3071 (32) 3007 (25) 3507 (12)
Body mass index (BMI; kg/m?)
<25 3419 (35) 2980 (19) 3073 (7) 3181 (7)
25-29.9 4003 (41) 3417 (24) 3415 (18) 3712 (8)
30+ 2338 (24) 1921 (31) 1790 (36) 2162 (10)
Self-rated health
Poor 2119 (22) 2002 (15) 1999 (11) 2037 (4)
Fair 2723 (28) 2506 (22) 2490 (15) 2601 (5)
Good 2711 (28) 2313 (26) 2291 (21) 2535 (9)
Very good 1405 (14) 1031 (36) 1009 (27) 1255 (13)
Excellent 802 (8) 466 (38) 489 (27) 626 (17)
Diabetes
No 8696 (89) 7542 (22) 8124 (7)
Yes 1064 (11) 776 (41) 931 (17)
Health problems limit work
No 7645 (79) 6875 (22) 6750 (16) 7259 (6)
Yes 2092 (21) 1433 (35) 1517 (23) 1782 (14)
Current smoker
No 7084 (73) 6077 (22) 6000 (17) 6602 (7)
Yes 2676 (27) 2241 (28) 2278 (19) 2453 (11)
Alcohol use (drinks/day)
0 3871 (40) 3210 (26) 3077 (21) 3520 (10)
<1 4346 (45) 3779 (23) 3833 (16) 4101 (6)
1-2 1024 (10) 894 (21) 909 (13) 957 (7)
=3 520 (5) 435 (25) 459 (14) 477 (10)
Socioeconomic status
Early-life SES®
Quartile 1 (highest SES) 2443 (25) 2160 (22) 2167 (14) 2298 (6)
Quartile 2 2437 (25) 2104 (23) 2129 (15) 2279 (5)
Quartile 3 2440 (25) 2038 (25) 2063 (18) 2263 (9)
Quartile 4 (lowest SES) 2440 (25) 2016 (26) 1919 (24) 2215 (11)
Continuous factor score mean (SD) 0.00 (2.71) 0.08 (2.72) 0.13 (2.69) 0.04 (2.71)
(Continued)
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TABLE 1. (Continued)

Stroke Sample
No. (% With Stroke)®

Total Heart Disease Sample
No. (% of Total) No. (% With CHD)?*

Diabetes Sample
No. (% With Diabetes)®

Adult SES®
Quartile 1 (highest SES) 2444 (25) 2183 (22) 2198 (13) 2321 (5)
Quartile 2 2440 (25) 2130 (24) 2147 (15) 2294 (6)
Quartile 3 2436 (25) 2020 (23) 2040 (18) 2245 (8)
Quartile 4 (lowest SES) 2440 (25) 1985 (28) 1893 (26) 2195 (12)
Continuous factor score mean (SD) 0.00 (1.43) 0.06 (1.43) 0.09 (1.41) 0.03 (1.43)

“No. of participants without each condition in 1992; numbers in parentheses show percent experiencing first onset of condition between 1992 and 2006.
PFactor scores from confirmatory factor analysis with maximum likelihood estimation, split into quartiles of early-life and adult SES.
SD indicates standard deviation.

TABLE 2. Total Effects, Conventional Regression With and Without Adjustment for Risk Factors, and MSM Results for Heart
Disease (n = 8308)

Regression Adjustment for
Adult SES and

Regression Adjustment for

Total Effects Adult SES, Confounders, and Marginal Structural

Life-course Socioeconomic (Model 1)* Confounders (Model 2)" Risk Factors (Model 3)° Model (Model 4)¢
Status RR (95% CI) RR (95% CI) RR (95% CI) RR (95% CI)
Early-life SES®

Quartile 1 (highest SES)" 1.00 1.00 1.00 1.00

Quartile 2

Quartile 3

Quartile 4 (lowest SES)

Adult SES*

Quartile 1 (highest SES)"
Quartile 2

Quartile 3

Quartile 4 (lowest SES)

1.01 (0.90-1.13)
1.12 (1.00-1.25)
1.16 (1.04-1.30)

0.98 (0.87-1.10)
1.04 (0.91-1.19)
1.00 (0.87-1.16)

1.00
1.09 (0.97-1.22)
1.04 (0.91-1.19)
1.29 (1.11-1.49)

1.00 (0.87-1.14)
1.05 (0.91-1.22)
1.02 (0.86-1.21)

1.00
0.95 (0.83-1.09)
0.83 (0.71-0.97)
0.87 (0.73-1.05)

1.05 (0.93-1.18)
1.23 (1.08-1.40)
1.30 (1.12-1.51)

1.00
0.98 (0.87-1.09)
0.85 (0.75-0.97)
0.86 (0.74-1.00)

“Adjusted for early-life SES and set of confounders (ie, birth cohort, sex, race/ethnicity, and self-rated childhood health).

®Adjusted for early-life SES, adult SES, and set of confounders (ie, birth cohort, sex, race/ethnicity, and self-rated childhood health).

“Adjusted for early-life SES, adult SES, set of confounders (ie, birth cohort, sex, race/ethnicity, and self-rated childhood health), and set of risk factors (ie, high blood pressure,
BMI, self-rated health, diabetes, functional limitations, current smoking, alcohol consumption).

dStabilized inverse probability weights used to account for potential confounding by the sets of confounders and risk factors.

“Factor scores from confirmatory factor analysis with maximum likelihood estimation, split into quartiles of early-life and adult SES.

Reference category.

collider-stratification bias could be in either direction. How-
ever, adjusting for such chronic disease risk factors in a
conventional regression approach blocks measured risk factor
pathways linking early-life SES to chronic disease. This
would estimate the effect of early-life SES on chronic disease
that is not through adult SES and not through the adult risk
factors. The marginal structural model circumvents this con-
founding, and our results suggest that conflicting results in
the existing literature might be explained, in part, by different
biases that result with and without controlling for adult risk
factors using conventional regression approaches.

There are a number of caveats to our study. First, there
may be error in the measurement of self-reported SES or
health outcomes. Second, we used full information maximum
likelihood to obtain factors scores for early-life SES despite
the fact that some indicators were missing. This method has

© 2012 Lippincott Williams & Wilkins

been shown to be unbiased and more efficient than other
common methods for handling missing data in structural
equation modeling.>” Third, we assume that our parametric
regression and marginal structural models were correctly
specified and that the consistency assumption holds.*® Future
work should consider alternative estimation approaches for
direct effects that rely on weaker modeling assumptions.*®~#!
Fourth, marginal structural models and inverse-probability-
of-treatment weighting require a positivity assumption that
the probabilities in the denominator of the weights are non-
zero,*? and this assumption may be violated if there were
negligible levels of social mobility in the Health and Retire-
ment Study sample. However, alternative categorizations of
SES did not substantively change our findings. Fifth, use of
inverse probability weights does not address unmeasured
confounding. We attempted to minimize unmeasured con-
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TABLE 3. Total Effects, Conventional Regression With and Without Adjustment for Risk Factors, and MSM Results for

Diabetes (n = 8267)

Life-course Socioeconomic
Status

Total Effects
(Model 1)*

RR (95% CI)

Regression Adjustment for

Adult SES and

Confounders (Model 2)”

RR (95% CI)

Regression Adjustment for
Adult SES, Confounders,
and Risk Factors (Model 3)¢

RR (95% CI)

Marginal Structural
Model (Model 4)*

RR (95% CI)

Early-life SES®
Quartile 1 (highest SES)"
Quartile 2
Quartile 3
Quartile 4 (lowest SES)
Adult SES?*
Quartile 1 (highest SES)"
Quartile 2
Quartile 3
Quartile 4 (lowest SES)

1.00

1.12 (0.97-1.29)
131 (1.14-1.51)
1.62 (1.41-1.86)

1.00

1.02 (0.87-1.19)
1.07 (0.90-1.27)
1.17 (0.98-1.41)

1.00
1.12 (0.95-1.31)
1.27 (1.08-1.51)
1.64 (1.37-1.98)

1.00
0.99 (0.83-1.17)
0.99 (0.82-1.19)
1.08 (0.88-1.32)

1.00
0.98 (0.83-1.17)
1.06 (0.88-1.28)
1.24 (1.00-1.54)

1.00

1.06 (0.91-1.23)
1.15 (0.97-1.36)
1.23 (1.02-1.48)

1.00

1.02 (0.87-1.18)
1.02 (0.86-1.21)
1.40 (1.17-1.68)

#Adjusted for early-life SES and set of confounders (ie, birth cohort, sex, race/ethnicity, and self-rated childhood health).

®Adjusted for early-life SES, adult SES, and set of confounders (ie, birth cohort, sex, race/ethnicity, and self-rated childhood health).

°Adjusted for early-life SES, adult SES, set of confounders (ie, birth cohort, sex, race/ethnicity, and self-rated childhood health), and set of risk factors (ie, high blood pressure,
BMI, self-rated health, functional limitations, current smoking, alcohol consumption).

dStabilized inverse probability weights used to account for potential confounding by the sets of confounders and risk factors.

°Factor scores from confirmatory factor analysis with maximum likelihood estimation, split into quartiles of early-life and adult SES.

fReference category.

TABLE 4. Total Effects, Conventional Regression With and Without Adjustment for Risk Factors, and MSM Results for Stroke
(n = 9041)

Regression Adjustment for
Total Effects Adult SES and

Regression Adjustment for

Adult SES, Confounders and Marginal Structural

Life-course Socioeconomic
Status

(Model 1)*
RR (95% CI)

Confounders (Model 2)”

RR (95% CI)

Risk Factors (Model 3)¢

RR (95% CI)

Model (Model 4)¢

RR (95% CI)

Early-life SES®
Quartile 1 (highest SES)*
Quartile 2
Quartile 3
Quartile 4 (lowest SES)
Adult SES*
Quartile 1 (highest SES)"
Quartile 2
Quartile 3
Quartile 4 (lowest SES)

1.00

0.86 (0.68-1.09)
1.37 (1.11-1.69)
1.59 (1.29-1.95)

1.00
0.71 (0.55-0.91)
0.91 (0.70-1.18)
0.88 (0.66-1.16)

1.00
1.17 (0.91-1.52)
1.74 (1.33-2.28)
2.35 (1.75-3.16)

1.00
0.74 (0.57-0.96)
0.93 (0.71-1.21)
0.90 (0.67-1.21)

1.00
0.98 (0.75-1.28)
1.26 (0.95-1.67)
1.35 (0.98-1.87)

1.00

0.75 (0.57-0.97)
1.24 (0.95-1.61)
1.29 (0.96-1.72)

1.00

0.98 (0.76-1.27)
1.28 (0.98-1.68)
1.49 (1.11-2.00)

#Adjusted for early-life SES and set of confounders (ie, birth cohort, sex, race/ethnicity, and self-rated childhood health).

®Adjusted for early-life SES, adult SES, and set of confounders (ie, birth cohort, sex, race/ethnicity, and self-rated childhood health).

“Adjusted for early-life SES, adult SES, set of confounders (ie, birth cohort, sex, race/ethnicity, and self-rated childhood health), and set of risk factors (ie, high blood pressure,
BMI, self-rated health, diabetes, functional limitations, current smoking, alcohol consumption).

dStabilized inverse probability weights used to account for potential confounding by the sets of confounders and risk factors.

°Factor scores from confirmatory factor analysis with maximum likelihood estimation, split into quartiles of early-life and adult SES.

Reference category.

founding in our study by including measures on recognized for smoking history). Sixth, to be included in our sample,
potential confounders included in the Health and Retirement ~ respondents must survive at least 50 years since birth (to be
Study. However, unmeasured risk factors, including mood eligible for the Health and Retirement Study) and not be a
disorders, may be caused by early-life SES and potentially ~ prevalent case at baseline; individuals with lower SES are
confound the association between adult SES and our health less likely to satisfy these criteria, and the exclusion of these
outcomes. Alternatively, measured risk factors may be mea- individuals may underestimate the true effect of adult SES on
sured with error (eg, current smoking is an imperfect proxy  health. Seventh, risk factors and adult SES were measured
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concurrently. Although we included only those risk factors
posited to influence adult SES, there may be a reciprocal
relation between these characteristics, and further work
should model this association longitudinally.

These caveats considered, our results support the hy-
pothesis that early environmental conditions may have lasting
effects on adult health and well-being. However, socioeco-
nomic disadvantage during early life is a broad construct, and
a number of mechanisms (encompassed by path 1 in the
Figure) may “directly” link early-life SES to adult onset of
chronic disease independent of intermediate levels of adult
SES and measured risk factors. At the individual level,
socioeconomic disadvantage is associated with neuroendo-
crine and inflammatory processes that may increase risk for
chronic disease onset.**** Although most of these studies
have been conducted among adults, recent work suggests that
socioeconomic disparities in subclinical risk for CVD may be
established early in life**; whether these risks are explained
by behavioral, physiologic, psychologic differences or some
combination of these mechanisms, is unclear. Extending this
to a multilevel framework that incorporates family, school,
and neighborhood exposures, greater socioeconomic disad-
vantage in early life may engender differences in social,
physical, or service environments and influence risk for
chronic disease directly or indirectly.*® The application of
marginal structural models to longitudinal data and the ex-
tension of socioeconomic disadvantage to include place-
based factors may help to elucidate the specific mechanisms
linking the early-life socioeconomic environment to adult
onset of chronic diseases.*’

In conclusion, our analyses provide evidence for a
direct effect of early-life SES on chronic disease in the Health
and Retirement Study when using marginal structural models
but not when using the conventional regression approach.
Most theories of the life-course development of chronic
disease suggest an underlying causal structure in which the
marginal structural model would identify the causal effect of
substantive interest, but conventional regression methods for
estimating direct effects would not. These results therefore
suggest that alternative methods, including marginal struc-
tural models, should be explored for estimating direct effects
in the context of life-course epidemiology.
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eAPPENDIX
Measurement of life-course SES

EFA with quartimin rotation was used to assess the dimensionality of our SES
indicators (eTable 1). We used the root mean square error of approximation (RMSEA)
and comparative fit index (CFI) to determine the smallest number of latent factors
needed to explain the correlations among SES indicators. A RMSEA less than 0.06 and
a CFI greater than 0.95 generally indicate a good fitting model.* A three factor model
with a RMSEA=0.06 and CFI=0.97 was initially identified. The first factor was measured
by five indicators of early-life SES, including father’s and mother’s educational
attainment, father's occupational status, region of birth, and rural residence during
childhood. Three indicators of early-life SES, including self-rated childhood SES,
whether the respondent’s family moved for financial reasons during childhood, and
whether there was a period during childhood when the respondent’s father was
unemployed for several months measured the second factor. The third factor was
measured by five adult SES indicators, including respondent’s educational attainment,
respondent’s occupation, respondent’s labor force status, household income, and
household wealth. The three-indicator factor for early-life SES was deleted because the
indicators were, based on face validity, poor measures of the latent factor. The final two-
factor model had a reasonable fit based on the RMSEA (RMSEA=0.07) and a good fit
based on the CFI (CFI=0.98).

We next used CFA with maximum likelihood estimation to output factor scores for
early-life and adult SES. The results of the CFA, including standardized model
coefficients and standard errors are shown in eFigure 1. Approximately 47% of
participants were missing data on at least one indicator of early-life SES. Missing values
were handled with full information maximum likelihood (FIML) using the expectation

maximization algorithm. This method uses all available data to estimate model



parameters and has been shown, with ignorable missing data, to be unbiased and more
efficient than other methods for handling missing data.? We conducted sensitivity
analyses comparing results using FIML to listwise deletion; results were qualitatively
similar although FIML estimates were more precise. Continuous early-life and adult SES
scores were cut into quartiles for analysis. Analyses using tertiles of SES produced
gualitatively similar results (not shown). Factor analyses were conducted in Mplus

version 5.

Obtaining HRS data files and documentation

The Health and Retirement Study data files and documentation, including the
longitudinal RAND HRS data file that was used to define measures for the majority of
our analyses and the cross-wave tracker file that includes mortality information, are
publicly available pursuant to registration through the University of Michigan’s HRS

website: http://hrsonline.isr.umich.edu/

SAS code for estimating total and controlled direct effects

In this section we provide SAS code for estimating the total and controlled direct
effects of early-life SES on chronic disease that was not mediated by adult SES using
the conventional regression approach to effect decomposition and the marginal
structural model approach using inverse probability weights. In the models below: (1) the
outcome variable, event, is a dichotomous variable indicating whether the participant
reported the outcome, using coronary heart disease (CHD) as an example, during
follow-up between 1992-2006; (2) early-life (C_4SES) and adult (A_4SES) SES scores
were split into quartiles represented by categorical (e.g., C_4SES) or dummy variables
(e.g., C_4SESc1-C_4SESc4); (3) measured confounders include dummy variables for

sex (gen), birth cohort (cohort), race/ethnicity (race), and self-rated childhood health



(chealth); (4) risk factors include dummy variables for high blood pressure (hibp), body
mass index (bmi), self-rated health (srh), diabetes (diab), functional limitations (hlthiw),
current smoking (smoke), and alcohol consumption (alcohol); (5) HHIDPN is the
participant identifier; and (6) lifeSES is the dataset with individual-level data on early-life
SES, adult SES, confounders, risk factors, and CHD. The categorizations of
confounders and risk-factors are defined in the text, as well as Table 1.

First, corresponding to Model 1 in the text, we estimated on the risk ratio scale
the total effect of early-life SES on CHD by fitting a log-linear model regressing the event
on quartiles of early-life SES (with the highest quartile as the reference category) and

the set of confounders:

*Total effect of early-life SES on CHD;

proc genmod data=lifeSES descending;

class HHIDPN;

model event=C_4SESc2 C_4SESc3 C_4SESc4

genc?2 cohortc2 cohortc3 cohortc4 racec2 chealthc2 chealthc3 chealthc4/dist=bin
link=log;

run;

Second, corresponding to Model 2 in the text, we estimated on the risk ratio
scale the direct effect of early-life SES not mediated by adult SES by regressing the

event on early-life SES, adult SES, and the set of confounders:

*Direct effect of early-life SES on CHD not through adult SES;

proc genmod data=lifeSES descending;

class HHIDPN;

model event=C_4SESc2 C_4SESc3 C_4SESc4

A_4SESc2 A_4SESc3 A_4SESc4

genc2 cohortc2 cohortc3 cohortc4 racec2 chealthc2 chealthc3 chealthc4/dist=bin
link=log;

run;



Third, corresponding to Model 3 in the text, we estimated on the risk ratio scale
the direct effect of early-life SES not mediated by adult SES after additionally including
adult risk factors as covariates. Note in the model below that we changed the distribution

from binomial to poisson because the binomial model failed to converge:®

*Direct effect of early-life SES on CHD not through adult SES after accounting for adult
risk factors;

proc genmod data=lifeSES descending;

class HHIDPN;

model event=C_4SESc2 C_4SESc3 C_4SESc4

A_4SESc2 A_4SESc3 A_4SESc4

genc?2 cohortc2 cohortc3 cohortc4 racec2 chealthc2 chealthc3 chealthc4

hibpc2 bmic2 bmic3 srhc2 srhc3 srhc4 srheb diabe2 hithlwe2 smokec?2 alcoholc?2
alcoholc3 alcoholc4/dist=poisson link=log;

run;

Fourth, we estimated the controlled direct effect of early-life SES on CHD by a
marginal structural model, as described by Model 4 in the text. Recall from the text that
potential confounding by the sets of confounders and risk factors was accounted for by

fitting the marginal structural model with stabilized inverse probability weights of the form
W =w’*w" , where the weight W/ accounted for measured confounding of the relation
between early-life SES and CHD and the weight WiM accounted for measured
confounding of the relation between adult SES and CHD.

In order to calculate the weight WiA, corresponding to Model 5 in the text, we
used two ordinal logistic regression models. The first model, which is used to calculate

the numerator of WiA, is an empty model with quartiles of early-life SES as the outcome;
including the predicted probabilities of early-life SES in the numerator of WiA stabilizes

the weight. The second model, which is used to calculate the denominator of W/,

regresses categories of early-life SES on the set of confounders:



*Model for calculating the numerator of weight WiA;

proc genmod data=lifeSES;

class HHIDPN;

model C_4SES=/d=multinomial link=clogit;
output out=pred_n1 p=n1l;

run;

*Model for calculating the denominator of weight WiA;

proc genmod data=lifeSES;

class HHIDPN;

model C_4SES=genc?2 cohortc2 cohortc3 cohortc4 racec2 chealthc2 chealthc3
chealthc4/d=multinomial link=clogit;

output out=pred_d1 p=d1i;

run;

From the numerator and denominator models for WiA above, we output two new

datasets, pred_nl and pred_d1, respectively. These datasets include for each individual
the cumulative predicted probabilities of early-life SES, nl and d1, arranged by the
ordinal level value _level_. In order to calculate the quartile-specific probabilities for the
numerator and denominator, we sorted the cumulative predicted probabilities of early-life
SES, transposed them into wide datasets pred_n2 and pred_d2, respectively, and
subtracted to calculate the predicted probability of each quartile of early-life SES.

*Sort dataset with cumulative predicted probabilities of early-life SES, represented by n1,
by HHIDPN and _level_, from the numerator model for WiA (pred_n1);

proc sort data=pred_n1;
by HHIDPN _level ;
run;

*Transpose to create wide dataset of cumulative probabilities, pred_n2, from pred_n1;
proc transpose DATA=pred_nl1 OUT=pred_n2 (drop=_name_ _label );

by HHIDPN;

var nl;

id _level_;

run;

*Calculate the predicted probabilities of each quartile of early-life SES, n11-n14, for the
numerator of W’



data pred_n2;
set pred_n2;
nll=_1;
nl2=( 2- 1),
n13=(_3-_2);
n14=(1.0-_3);
run;

*Sort dataset with cumulative predicted probabilities of early-life SES, represented by d1,
by HHIDPN and _level_, from the numerator model for WiA (pred_d1);

proc sort data=pred_d1;
by HHIDPN _level ;
run;

*Transpose to create wide dataset of cumulative probabilities, pred_d2, from pred_d1;
proc transpose DATA=pred_d1 OUT=pred_d2 (drop=_name_ _label_);

by HHIDPN;

var di;

id _level_;

run;

*Calculate the predicted probabilities of each quartile of early-life SES, d11-d14, for the
denominator of W/ ;

data pred_d2;
set pred_d2;
dil=_1;
dl2=(_2-_1);
d13=(_3-_2);
d14=(1.0-_3);
run;

We then sorted and merged datasets with the predicted probabilities of early-life SES for
the numerator and denominator of W/ with the lifeSES dataset containing covariate
information, calculated the predicted probability of early-life SES based on the quartile of

early-life SES actually reported, and divided the numerator and denominator of WiA :

numl and denl, respectively, to obtain the stabilized weight, WiA:

*Sort datasets with the predicted probabilities of early-life SES for the numerator and
denominator of W with the lifeSES dataset containing covariate information;
proc sort data=IlifeSES_nomiss; by HHIDPN;



proc sort data=pred_n2; by HHIDPN;
proc sort data=pred_d2; by HHIDPN; run;

*Merge datasets and calculate the predicted probability of early-life SES based on the
guartile of early-life SES actually reported and divide the numerator and denominator of

WiA, numl and denl, respectively, to obtain the stabilized weight, WiA:

data lifeSES_nomiss;

set lifeSES_nomiss;

merge lifeSES_nomiss pred_n2 pred_d2;

by HHIDPN;

if C_4SES=4 then do; num1=n14; denl=d14; end;
if C_4SES=3 then do; num1=n13; den1=d13; end;
if C_4SES=2 then do; num1=n12; den1=d12; end;
if C_4SES=1 then do; num1=n11; denl=d1l1; end;
Wl=round(numl/den1,.001);

run;

In the following steps, we calculated a weight that accounts for measured confounding of
the relation between adult SES and CHD, WiM , accounting for the covariates in Model 6

of the text, using an analogous series of commands:

*Model for calculating the numerator of weight W," ;

proc genmod data=lifeSES_nomiss;

class HHIDPN;

model A_4SES=C_4SESc2 C_4SESc3 C_4SESc4/d=multinomial link=clogit;
output out=pred_n3 p=ng;

run;

*Model for calculating the denominator of weight WiM ;

proc genmod data=IlifeSES_nomiss;

class HHIDPN;

model A_4SES=C_4SESc2 C_4SESc3 C_4SESc4

genc?2 cohortc2 cohortc3 cohortc4 racec2 chealthc2 chealthc3 chealthc4

hibpc2 bmic2 bmic3 srhc2 srhc3 srhc4 srheb

diabc2 hlthlwc2 smokec?2 alcoholc2 alcoholc3 alcoholc4/d=multinomial link=clogit;
output out=pred_d3 p=ds3;

run;

*Sort dataset with cumulative predicted probabilities of adult SES, represented by n3, by
HHIDPN and _level_, from the numerator model for Wi'vI (pred_n3);

proc sort data=pred_n3;
by HHIDPN _level_;



run;

*Transpose to create wide dataset of cumulative probabilities, pred_n4, from pred_n3;
proc transpose DATA=pred_n3 OUT=pred_n4 (drop=_name_ _label );

by HHIDPN;

var n3;

id _level_;

run;

*Calculate the predicted probabilities of each quartile of adult SES, n21-n24, for the
numerator of W ;

data pred_n4;
set pred_n4;
n21=_1,;
n22=(_2-_1);
n23=(_3-_2);
n24=(1.0-_3);
run;

*Sort dataset with cumulative predicted probabilities of adult SES, represented by d3, by
HHIDPN and _level_, from the denominator model for Wi'vI (pred_d3);

proc sort data=pred_ds3;
by HHIDPN _level_;
run;

*Transpose to create wide dataset of cumulative probabilities, pred_d4, from pred_ds3;
proc transpose DATA=pred_d3 OUT=pred_d4 (drop=_name_ _label );

by HHIDPN;

var d3;

id _level_;

run;

*Calculate the predicted probabilities of each quartile of adult SES, d21-d24, for the
denominator of W" ;

data pred_d4;

set pred_d4;

d21=_1,

d22=(_2-_1);

d23=(_3-_2);

d24=(1.0-_3);

run;

*Sort datasets with the predicted probabilities of early-life SES for the numerator and
denominator of W with the lifeSES dataset containing covariate information;

proc sort data=lifeSES_nomiss; by HHIDPN; run;
proc sort data=pred_n4; by HHIDPN; run;
proc sort data=pred_d4; by HHIDPN; run;

*Merge datasets and calculate the predicted probability of early-life SES based on the



guartile of adult SES actually reported and divide the numerator and denominator of
w" , num2 and den2, respectively, to obtain the stabilized weight, W ;

data lifeSES_nomiss;

set lifeSES_nomiss;

merge lifeSES_nomiss pred_n4 pred_d4;

by HHIDPN;

if A_4SES=4 then do; num2=n24; den2=d24; end;
if A_4SES=3 then do; num2=n23; den2=d23; end;
if A_4SES=2 then do; hum2=n22; den2=d22; end;
if A_4SES=1 then do; num2=n21; den2=d21; end;
W2=round(num2/den2,.001);

run;

Next, we multiply WiA and Wi'vI to obtain the stabilized inverse probability weight, W:

data lifeSES_nomiss;
set lifeSES_nomiss;
W=W1*W2;

run;

Finally, we estimated the controlled direct effect of early-life SES on CHD by a stabilized

inverse probability weighted marginal structural, corresponding to Model 4 in the text:

*Controlled direct effect of early-life SES on CHD by stabilized inverse probability
weighted marginal structural model,

proc genmod data=lifeSES descending;

class HHIDPN;

model event=C_4SESc2 C 4SESc3 C_

4ASESc4 A ASESc2 A_4SESc3 A_4SESc4/dist=bin link=log;

weight W;

run;
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eTable 1. Summary of indicators used to measure SES in early-life and adulthood, Health and Retirement Study

Indicator® Year” Description

Latent factor®

Indicators of early-life SES

Father's educational attainment (years) 1992 4 indicators (0-7, 8-11, 12, >12)
Mother’s educational attainment (years) 1992 4 indicators (0-7, 8-11, 12, >12)

Father’s occupation 1998 Dichotomous (manual/unskilled service, professional/white collar)
Birth in the southern US 1992 Dichotomous (yes/no)
Rural residence during childhood 1992 Dichotomous (yes/no)
Self rated childhood SES 1998 3 indicators (varied/poor, about average, pretty well off financially)
Family moved for financial reasons 1998 Dichotomous (yes/no)

Father unemployed for several months 1998 3 indicators (no, yes/never lived with father)

Early-life SES
Early-life SES
Early-life SES
Early-life SES
Early-life SES
Not included in final model
Not included in final model
Not included in final model

Indicators of adult SES

Respondent’s educational attainment 1992 4 indicators (<HS, HS/GED, some college, college+)

Respondent’s longest job occupation 1992 Dichotomous (manual/unskilled service, professional/white collar)
Respondent’s labor force status 1992 Dichotomous (works FT/PT/retired, unemployed/disabled/not in labor force)
Household income 1992 Split into quartiles (indicators)

Household wealth 1992 Split into quartiles (indicators)

Adult height 1992 Split into quartiles (indicators)

Adult SES
Adult SES
Adult SES
Adult SES
Adult SES
Not included in final model

#Hypothesized indicators of SES selected from the Health and Retirement Study
®Year of assessment
¢Indicates the latent factor measured by each indicator in the final two-factor model



eTable 2. Coefficients, standard errors (SE), and p-values from model (Model 2) regressing outcomes on main effects of early-life and adult SES and cross-
product terms representing interaction between early-life and adult SES, accounting for adult SES and confounders

Life-course CHD: Regression adjustment Diabetes: Regression Stroke: Regression
socioeconomic status for adult SES and adjustment for adult SES and adjustment for adult SES and
confounders (Model 2)° confounders (Model 2)° confounders (Model 2)°
Beta SE p-value Beta SE p-value Beta SE p-value
Early-life SES*
A2 0.130 0.088 0.138 -0.046 0.131 0.726 -0.184 0.215 0.394
A3 0.055 0.165 0.736 0.495 0.178 0.006 0.213 0.324 0.511
A4 (lowest SES) -0.245 0.291 0.400 0.321 0.279 0.251 -0.142 0.573 0.805
Adult SES?
M2 0.157 0.088 0.075 0.213 0.119 0.074 0.354 0.181 0.051
M3 0.232 0.151 0.123 0.185 0.208 0.374 0.599 0.262 0.022
M4 (lowest SES) 0.512 0.367 0.164 0.371 0.522 0.477 0.349 0.969 0.719
Early-life * Adult SES
A2*M2 -0.226 0.131 0.084 0.090 0.180 0.618 -0.680 0.318 0.033
A2*M3 -0.334 0.185 0.070 0.126 0.254 0.620 0.100 0.346 0.772
A2*M4 -0.540 0.407 0.185 0.065 0.561 0.907 0.305 1.020 0.765
A3*M2 -0.014 0.193 0.941 -0.789 0.234 0.001 -0.216 0.382 0.571
A3*M3 -0.159 0.225 0.480 -0.287 0.274 0.294 -0.347 0.415 0.403
A3*M4 -0.275 0.405 0.497 -0.260 0.552 0.638 0.170 1.022 0.868
A4*M2 0.129 0.332 0.699 -0.212 0.338 0.531 -0.319 0.674 0.636
A4*M3 0.054 0.335 0.873 -0.141 0.355 0.692 -0.127 0.639 0.843
A4*M4 0.055 0.467 0.906 -0.006 0.589 0.991 0.617 1.122 0.582

2 Factor scores from confirmatory factor analysis with maximum likelihood estimation, split into quartiles of early-life and adult SES
bAdjusted for early-life SES, adult SES, and set of confounders (i.e., birth cohort, sex, race/ethnicity, and self-rated childhood health)



eTable 3. Coefficients, standard errors (SE), and p-values from model (Model 3) regressing outcomes on main effects of early-life and adult SES and cross-
product terms representing interaction between early-life and adult SES, accounting for adult SES, confounders, and risk factors

Life-course CHD: Regression adjustment Diabetes: Regression Stroke: Regression
socioeconomic status for adult SES, confounders adjustment for adult SES, adjustment for adult SES,
and risk factors (Model 3)h confounders and risk factors confounders and risk factors
(Model 3)° (Model 3)°
Beta SE p-value Beta SE p-value Beta SE p-value

Early-life SES*

A2 0.089 0.102 0.382 -0.072 0.140 0.609 -0.183 0.221 0.408

A3 -0.055 0.189 0.771 0.319 0.201 0.112 0.072 0.337 0.831

A4 (lowest SES) -0.310 0.322 0.336 0.084 0.312 0.788 -0.123 0.590 0.835
Adult SES?

M2 -0.047 0.103 0.650 0.065 0.130 0.617 0.132 0.190 0.488

M3 -0.106 0.177 0.550 -0.054 0.228 0.812 0.182 0.279 0.515

M4 (lowest SES) 0.278 0.453 0.539 0.141 0.584 0.809 0.086 1.010 0.932
Early-life * Adult SES

A2*M2 -0.101 0.151 0.505 0.080 0.195 0.683 -0.602 0.327 0.066

A2*M3 -0.186 0.214 0.384 0.161 0.276 0.559 0.202 0.362 0.576

A2*M4 -0.658 0.496 0.185 -0.003 0.626 0.996 0.049 1.063 0.963

A3*M2 0.146 0.224 0.515 -0.681 0.259 0.009 -0.049 0.398 0.902

A3*M3 0.046 0.261 0.860 -0.151 0.303 0.618 -0.116 0.435 0.790

A3*M4 -0.316 0.494 0.523 -0.201 0.619 0.746 0.038 1.064 0.972

A4*M2 0.316 0.371 0.395 0.058 0.376 0.877 -0.231 0.693 0.739

A4*M3 0.242 0.376 0.519 0.072 0.394 0.856 -0.010 0.661 0.988

A4*M4 -0.057 0.554 0.919 0.086 0.659 0.897 0.309 1.165 0.791

& Factor scores from confirmatory factor analysis with maximum likelihood estimation, split into quartiles of early-life and adult SES
b Adjusted for early-life SES, adult SES, set of confounders (i.e., birth cohort, sex, race/ethnicity, and self-rated childhood health), and set of risk factors (i.e., high
blood pressure, BMI, self-rated health, diabetes, functional limitations, current smoking, alcohol consumption)



eTable 4. Coefficients, standard errors (SE), and p-values from marginal structural model (Model 4) regressing outcomes on main effects of early-life and adult
SES and cross-product terms representing interaction between early-life and adult SES, accounting for adult SES, confounders, and risk factors by stabilized

inverse probability weights
Life-course CHD: Marginal structural Diabetes: Marginal structural Stroke: Marginal structural
socioeconomic status model (Model 4)° model (Model 4)" model (Model 4)"
Beta SE p-value Beta SE p-value Beta SE p-value
Early-life SES*
A2 0.156 0.084 0.065 -0.088 0.123 0.475 -0.275 0.218 0.208
A3 0.198 0.146 0.176 0.515 0.167 0.002 0.755 0.247 0.002
A4 (lowest SES) 0.153 0.229 0.503 0.258 0.289 0.373 -0.148 0.618 0.811
Adult SES?
M2 0.020 0.092 0.827 0.008 0.120 0.949 0.171 0.188 0.362
M3 -0.010 0.167 0.952 -0.022 0.217 0.920 0.220 0.311 0.479
M4 (lowest SES) 0.677 0.318 0.034 0.362 0.518 0.484 0.797 0.746 0.285
Early-life * Adult SES
A2*M2 -0.161 0.131 0.218 0.286 0.175 0.102 -0.337 0.318 0.290
A2*M3 -0.284 0.200 0.157 0.096 0.263 0.715 0.339 0.393 0.387
A2*M4 -0.928 0.376 0.014 0.075 0.559 0.894 -0.820 0.881 0.352
A3*M2 0.067 0.178 0.707 -0.630 0.224 0.005 -0.546 0.323 0.091
A3*M3 -0.113 0.224 0.614 -0.246 0.275 0.372 -0.555 0.396 0.161
A3*M4 -0.879 0.357 0.014 -0.446 0.547 0.415 -0.967 0.789 0.220
A4*M2 -0.081 0.283 0.776 -0.004 0.349 0.990 -0.234 0.737 0.751
A4*M3 0.001 0.290 0.998 -0.109 0.371 0.770 0.460 0.698 0.509
A4*M4 -0.663 0.392 0.090 -0.068 0.591 0.909 0.093 0.966 0.923

& Factor scores from confirmatory factor analysis with maximum likelihood estimation, split into quartiles of early-life and adult SES
® Stabilized inverse probability weights used to account for potential confounding by the sets of confounders and risk factors



eFigure 1. Standardized model coefficients and standard errors (in parentheses) from confirmatory factor
analysis for measurement of early-life and adult SES; n=9,760 Health and Retirement Study enrollees
followed from 1992-2006%
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eFigure 2. Histogram and summary statistics showing distribution of stabilized weight, W, for heart disease,
n=8308
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eFigure 3. Histogram and summary statistics showing distribution of stabilized weight, W, for diabetes,
n=8267
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eFigure 4. Histogram and summary statistics showing distribution of stabilized weight, W, for stroke, n=9041
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COMMENTARY

Marginal Structural Models
The Way Forward for Life-course Epidemiology?

Bianca L. De Stavola and Rhian M. Daniel

he study of life-course socioeconomic disadvantage and health raises several impor-

tant conceptual and methodologic problems. Nandi and coauthors' attempt to address
some of these in this issue of EpiDEMIOLOGY. In this commentary, we review them and
discuss whether their proposed solution is sufficiently broad to be invoked more generally
in life-course research, and we highlight the caution required when doing so.

CONCEPTUAL MODELS

Definitions

Three main conceptual models underpin research in this field**: the cumulative
exposure, the critical/sensitive periods, and the pathways model. The first model assumes
that current risk is related to cumulative exposure over an extended time interval, with
every period in that interval equally influential. The critical/sensitive periods model
instead allows for certain sections of the time interval to be the only (“critical”) or the
most important (“sensitive”) contributors to risk, whereas for the pathways model,
sensitive periods interact in their impact on risk.

Empirical Evidence and Its Limitations

Empirical support for any of these models across a range of adult health outcomes
is inconsistent>* for several reasons. The analytic methods commonly used may not be
adequate, as discussed later in the text, but also the data used to assess the various
conceptual models may not be appropriate for the task in hand. Socioeconomic position/
status/condition is somewhat loosely defined and its meaning (and impact on health) has
changed considerably during the past century in high-income countries and is now
changing even more rapidly in low- and middle-income countries. Its measurement is
particularly prone to error, often relying on self-reported income, access to assets, attained
education, occupation, etc, with several heterogeneous groups merged together into
somewhat arbitrary categories. Furthermore, socioeconomic data are rarely available at
>2 time points over a person’s life-span, limiting the ability to identify critical periods,
or indeed to examine the effect of individual socioeconomic trajectories.

Nandi and colleagues' acknowledge these difficulties when analyzing the US Health
and Retirement Study to examine the effect of life-course exposure to adverse socioeco-
nomic status (SES) on 3 related adult diseases: coronary heart disease (CHD), diabetes,
and stroke. They address the difficulty of measuring SES by adopting a latent variable
approach and assuming (implicitly) that missingness in manifest indicators occurs at
random, and that data on childhood exposure are not affected by recall bias. These are
often inevitable assumptions, but they should nevertheless be assessed, for example,
through sensitivity analyses.” More importantly for this discussion, Nandi and colleagues
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have access to exposure data on just 2 life periods: child-
hood and adulthood. Therefore, they can examine only
very simplified versions of the conceptual models of in-
terest. The authors use marginal structural models® to
estimate the direct effect of childhood SES on each of the
outcomes of interest, as we now describe. Evidence that
the effect of childhood SES is not completely mediated by
adult SES would support the hypothesis that “early envi-
ronmental conditions have lasting effects,”! ie, that the
critical model in which there is no effect of childhood SES
is not supported by the data (Fig., model b).

From Conceptual to Marginal Structural
Models

Assuming for simplicity that SES in childhood and
adulthood are both binary variables (the extension to 4 levels

/SESad\

SES,, D

/N

SES,, D

SES,, D

FIGURE. Diagrammatic representation of the conceptual
models discussed by Nandi et al." Model (a): general (cu-
mulative, critical/sensitive periods or pathways); Model (b):
critical period model where only adult SES has a direct
influence on D; Model (c): critical period model where only
childhood SES has a direct influence on D. SES_, indicates
socioeconomic status in childhood; SES,,4, socioeconomic
status in adulthood; D, outcome.
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of SES is immediate), the causal model—a marginal struc-
tural model—fitted by Nandi et al (on a log risk scale) is:

log[Pr{Y(a,m) = 1}] = a + Ba + ym + dam (1)

where Y(a,m) is the potential value of the binary outcome
(CHD, diabetes, stroke) under a hypothetical intervention that
sets childhood SES—the exposure—to level g, and adult
SES—the mediator—to level m.

The parameters (3,,6) of model (1) can be interpreted
in terms of simplified two-exposure versions of the concep-
tual models mentioned above, as follows. All models except
for the pathways model assume that = 0. In the cumulative
model, B = v, whereas in the critical periods model, either
B = 0 or y = 0. Finally, in the sensitive periods model, either
B=>vy>00r0<p <<y

It is important to note, however, that model (1) assumes
a particular parameterization of a direct effect, namely the
controlled direct effect, in which the value of the mediator is
fixed at m for all subjects. This raises conceptual problems
(“Can we imagine a hypothetical world in which adult SES is
high for everyone? And is this relevant?”’) as well as practical
ones, mainly that—in the presence of an interaction between
exposure and mediator in their effect on the outcome—there
exists no corresponding definition of an indirect effect, such
that the total effect of the exposure can be partitioned into its
direct and indirect components. Such partitioning is possible
under an alternative definition, namely that of the natural
direct effect.’

Nandi et al avoid these difficulties since they find little
evidence to reject a hypothesis of no interaction between
childhood and adult SES and, hence, proceed under the
assumption that 6 = 0, focusing on the parameter 3, which
could then be interpreted as both the controlled and natural
direct effect of childhood SES on the outcome, unmediated
by adult SES. In the presence of exposure—mediator interac-
tion, the natural direct effect would not, in general, be
identifiable from these data, due to the problem of endoge-
nous confounding.® Unfortunately, however, by focusing on
just the parameter 3 in a greatly simplified statistical model,
only limited conclusions can be drawn with respect to the
conceptual models.

Even within these limited confines, we nevertheless
share the authors’ pragmatic enthusiasm, although we find
some of their results surprising. We discuss a possible expla-
nation for this in the next section, and in doing so highlight
the more general need for caution when using these and
similar methods in life course research.

CAUSAL MEDIATION ANALYSIS
It is now broadly recognized’ that standard regression
models (and therefore traditional mediation analysis'®) can-
not deal with endogenous confounding (confounders of the
mediator—outcome relationship affected by the exposure),
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even if measured. This is likely to arise, however, when the
exposure occurs much earlier than the mediator, as is the case
in the present context. In addition, when both exposure and
mediator have multiple pathways of influence on the out-
come, then it is likely that variables on one pathway influence
variables on another, thus also leading to endogenous con-
founding. More specifically in this context, childhood SES is
likely to influence health behavior in early adulthood, which
in turn might affect adult SES, with the same pattern repeated
with adult SES and later health behaviors. Thus, smoking and
diet in adolescence, for example, which are important risk
factors for CHD, act both as confounders of the effect of later
SES and intermediate variables from earlier SES, ie, they are
potentially endogenous confounders.

The Problem With Standard Methods

Either conditioning or not conditioning on endogenous
confounders leads to biased estimates of the direct effect of
the exposure on the outcome. By not conditioning on the
endogenous confounders while instead conditioning on the
mediator, the estimate of the direct effect suffers from so-
called collider-stratification bias. Conditioning on the medi-
ator (a collider because it is a common effect of exposure and
endogenous confounders) alters the association between ex-
posure and endogenous confounders. Conditioning on the
endogenous confounders is not satisfactory either, because
this blocks the part of the direct effect transmitted through
them; furthermore, if there are unmeasured common causes
of the endogenous confounders and the outcome, the endog-
enous confounders are themselves colliders, and further bias
is induced by conditioning on them. Note that for the effect of
the mediator on the outcome, all confounders are upstream
of the mediator, and thus, standard adjustment can be used
(with the usual caveats of requiring a sufficient set of mea-
sured confounders).

Marginal Structural Models and Their
Application to the US Health and Retirement
Study

These considerations lead Nandi and colleagues' to
adopt a modeling approach that avoids conditioning on en-
dogenous confounders. They fit the marginal structural model
of equation (1) (extended to 4 categories of SES) via inverse
probability of treatment-weighted (IPTW) estimation'' to
obtain the controlled direct effect of childhood SES on the 3
binary outcomes of interest, ie, the effect that is unmediated
by adult SES. Contrary to the results obtained when condi-
tioning on the endogenous confounders, the authors find
evidence in support of a direct effect of childhood SES, and
therefore, against one of the 2 critical-periods models (the
one in which B = 0) for each of the outcomes considered.
Surprisingly, they neither discuss whether there is evidence
of an effect of the mediator nor the relative magnitudes of
these effects, which would potentially allow discrimination
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between the alternatives (cumulative, sensitive, or critical
[with y = 0]] models; they had already ruled out the path-
ways model). The estimated effect of adult SES, particularly
on coronary heart disease (Table 2; Nandi et al), is not in line
with what we would expect (eg, Kaplan and Keil'?). The
harmful effect of low SES in adulthood seen in the unadjusted
analysis disappears, and even looks somewhat protective, in
the adjusted analysis and in the IPTW estimation of the
marginal structural model. (Note that for the effect of the
mediator, as noted earlier in the text, we expect agreement
between the latter 2 if there is no unmeasured confounding.)
In the light of this surprising finding, the other results should
be interpreted with caution, and the assumptions made in
reaching them carefully questioned.

Assumptions

By using causal mediation analysis in the form of
IPTW estimation of marginal structural models, the authors
avoid a major potential bias: that due to endogenous con-
founding. This, of course, is to be commended. Another
advantage of using a more rigorous approach to causal
inference in this way is that the assumptions required (some-
times obscured in standard approaches) are made transparent.
These assumptions fall into 3 categories: (1) those shared
between the “standard” approach (ie, regression analysis
where the mediator is or is not included) and the “alternative”
approach, IPTW estimation of marginal structural models; (2)
those additionally required by the alternative approach; and
(3) those required only by the traditional approach. Although
Nandi et al briefly acknowledge these, they do not discuss the
potential implications of their violation.

Putting aside the assumptions concerning missing data
and measurement error, the remaining assumptions are:

i. Consistency—essentially that hypothetical interventions
on SES be well-defined;

ii. that the correct structural assumptions are (implicitly or
explicitly) made, ie, that the analysis is based on an
appropriate causal diagram;

iii. no unmeasured exposure—outcome confounding;

iv. no unmeasured mediator—outcome confounding;

v. positivity—essentially that there is sufficient movement
of persons across categories of SES (from childhood to
adulthood) and that this movement cannot be perfectly
predicted from covariates—necessary to calculate the
weights in IPTW;

vi. correct parametric specification of the models for the
exposure given the baseline confounders and of the
model for the mediator given exposure, baseline and
endogenous confounders—necessary to calculate the
weights in [PTW;

vii. correct parametric specification of the MSM.

Assumptions (i) to (iv) belong to category (1) above,
and the remainder to category (2), although an assumption
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very similar to (vii)—namely the correct specification of an
outcome model—would be needed in any approach. The
assumption of no endogenous confounding belongs to cate-
gory (3) and therefore is not needed by Nandi et al.

The veracity of assumptions (i) to (vii) should all be
carefully considered, but due to space constraints, we focus
here on 2 of them.

A major concern with regard to assumption (ii) is that
some or all of the presumed endogenous confounders are not
confounders at all, but lie on the causal pathway from adult
SES to the outcomes (ie, that the direction of arrow 6 in Fig.
1 of Nandi et al should be reversed). High blood pressure,
smoking, alcohol consumption, etc, all measured in adult-
hood, could be caused by low adult SES, rather than vice
versa. If so, what would be the implications for their analy-
ses? In the pseudo-population created by the reweighting, the
risk factors would be made independent of adult SES, elim-
inating any effect of adult SES transmitted through them. In
addition, if there were an unmeasured common cause U (eg,
underlying health status) of the risk factors and the outcome,
U would be associated with childhood and adult SES in the
weighted pseudo-population, even if no such association
originally existed in the data. Briefly, this is due to the
conditional association induced between the mediator and U
given the risk factors. Furthermore, it can be shown that these
conditional associations would act in opposite directions,
with U being positively associated with low childhood SES
and negatively associated with low adult SES in the pseudo-
population, if it were positively associated with the risk
factors. This is a possible explanation for the unexpected
apparent protective effect of low adult SES on CHD, and the
same phenomenon would inflate the estimates of the direct
effect of low childhood SES. Under this alternative diagram,
and in the absence of baseline confounding, the unadjusted
analysis would be the correct one. The truth probably lies
somewhere between these 2 extremes, with some feedback
between adult SES and risk factors that can not be disentan-
gled using the available contemporaneous measurements.
Nevertheless, the fact that the risk factors are more plausibly
on the causal pathway from adult SES to CHD than to the
other outcomes strengthens our concern.

A further concern is the form of the chosen marginal
structural model (assumption (vii)). The study is a prospec-
tive cohort study covering 14 years of follow-up (from 1992
to 2006), and the outcomes are not rare (especially CHD,
24%, but also diabetes, 18%). Despite this, Nandi et al use
log-linear marginal structural models to estimate (controlled
direct) risk ratios, ignoring the data on time to these events.
Their results are weakened by this limitation. The reason for
this modeling choice, we presume, is that causal-mediation
analysis for time-to-event outcomes is currently in its in-
fancy,'*'° and this application highlights the need for further
development.
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DISCUSSION

What lessons can be learned from examining this ap-
plication of mediation analysis to life-course data?

First, there is an urgent need to bridge the gap between
conceptual models and their statistical counterparts. Concep-
tual models are complex and their comparison far from
straightforward. The framework of causal mediation analysis
is useful in attempting to link these concepts with relevant
causal parameter(s), but also in recognizing the limitations of
this endeavor.

Second, appreciation and critical understanding of all
the assumptions required to obtain valid estimates of the
mediation parameters are paramount. These go beyond the
acknowledgment of the no-unmeasured-confounding as-
sumptions and include drawing an appropriate causal dia-
gram, and correctly selecting and specifying all the models
involved (eg, the marginal structural model and the models to
estimate the relevant weights), if the perils of a “black-box”
approach are to be avoided. Approaches that allow the relax-
ation of certain assumptions (such as “no endogenous con-
founding”) are greatly welcomed, but current limitations (as
in the case of time-to-event outcomes) sometimes necessitate
compromises on other fronts, underlining the need for the
continued development of causal-mediation methods.

Third, the questions commonly addressed in life-course
investigations are often more general than just whether a
particular direct effect is supported by the data. Lack of
appreciation of this may lead to ignoring signs that the results
from a particular analysis may be inconsistent. This is par-
ticularly evident in the lack of discussion by Nandi et al of the
apparent protective causal effect on CHD of low adult SES.

Finally, the exposures of greatest interest in life-course
epidemiology (eg, not only SES but also life-time changes in
body size, in systolic blood pressure, etc) vary over time,
have time-varying effects, and mutually affect each other.
Hence, the timing of measurement itself is crucial. However,
availability of data over the life course is often dictated by
opportunities and costs, thereby restricting our ability to
pursue many of the investigations implied by the conceptual
models.'® This is a general issue for research in this area, and
should lead to greater (but also principled) exploitation and
linkage of existing data sources, such as medical records,
school files, employment registries, census databases, and
purposely defined studies.

Despite all these problems, we still believe that causal
mediation analysis in general—and marginal structural mod-
els specifically—offer new and valuable tools to researchers
involved in life-course epidemiology. We should not be
afraid to use the language and methods of causal mediation
analysis, and we should embrace the opportunity afforded by
their formalism to be explicit about the assumptions required
when using them. If we do so, sensible applications are
possible and should be pursued.
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