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Marginal structural models (MSMs) and inverse probability weighting can be used to estimate risk in a cohort of

active workers if there is a time-varying confounder (e.g., health status) affected by prior exposure—a feature of the

healthy worker survivor effect. We applied Cox MSMs in a study of incident ischemic heart disease and exposure to

particulate matter with aerodynamic diameter of 2.5 μm or less (PM2.5) in a cohort of 12,949 actively employed alu-

minum workers in the United States. The cohort was stratified by work process into workers in smelting facilities,

herein referred to as “smelters” and workers in fabrication facilities, herein referred to as “ fabricators.” The outcome

was assessed by using medical claims data from 1998 to 2012. A composite risk score based on insurance claims

was treated as a time-varying measure of health status. Binary PM2.5 exposure was defined by the 10th-percentile

cutoff for each work process. Health status was associated with past exposure and predicted the outcome and sub-

sequent exposure in smelters but not in fabricators. In smelters, the CoxMSM hazard ratio comparing those always

exposed above the cutoff with those always exposed below the cutoff was 1.98 (95% confidence interval: 1.18,

3.32). In fabricators, the hazard ratio from a traditional Cox model was 1.34 (95% confidence interval: 0.98,

1.83). Results suggest that occupational PM2.5 exposure increases the risk of incident ischemic heart disease in

workers in both aluminum smelting and fabrication facilities.

epidemiologic methods; healthy worker effect; occupational epidemiology

Abbreviations: BMI, body mass index; CI, confidence interval; HR, hazard ratio; HWSE, healthy worker survivor effect; IHD,

ischemic heart disease; MSM, marginal structural model; PM, particulate matter; PM2.5, particulate matter with aerodynamic

diameter of 2.5 μm or less.

Exposure to particulate matter with aerodynamic diameter
of 2.5 μm or less (PM2.5) in air pollution has been associated
with cardiovascular morbidity and death (1–6). Most of the
literature on particulate matter (PM) and cardiovascular dis-
ease deals primarily with ambient air pollution and active
or secondhand smoking (7), with more limited evidence
for occupational exposures from industrial sources (8–11).
Although heart disease is not often the primary outcome of
interest in workplace-based studies (12), occupational envi-
ronments can provide a range of exposures and sources that
complement the existing research on PM and cardiovascular
health risks. Occupational studies, however, are often limited
by the unavailability of data on many potential confounders
(11), as well as by the ubiquitous healthy worker effect (13).

We recently described results from a prospective cohort in
the US aluminum industry in which elevated hazard ratios for
incident ischemic heart disease (IHD) were associated with
higher exposure to PM2.5 (14). Workers in the aluminum in-
dustry are widely exposed to PM during several stages in the
manufacturing process (15), with high exposures particularly
in smelting facilities. A statistically significant dose response
was seen in workers in fabrication facilities (herein referred to
as “fabricators”), but results in workers in smelting facilities
(herein referred to as “smelters”), in whom exposures were
almost an order of magnitude higher, were attenuated (14).
Differences in exposure composition and exposure misclassi-
fication, as well as the healthy worker survivor effect (HWSE),
a part of healthy worker effect, were cited as potential reasons
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for the differences in exposure response between the 2 subco-
horts defined by work process.

The PM to which smelters are exposed is composed of a
mixture of dusts and fumes produced during smelting opera-
tions, and personal exposures often reach high levels given
the proximity of workers to sources of combustion. Smelting
dust is composed of inorganic materials such as fluorides,
metals, and coal tar volatiles, which have been associated
with adverse heart disease endpoints in this and other indus-
tries (16–18). By contrast, PM in fabrication facilities is
composed primarily of water-based soluble and synthetic
metalworking fluids, as well as metal dust (19). Soluble flu-
ids contain mineral oils, and oil-based straight (as opposed to
soluble or synthetic) metalworking fluids have been associ-
ated with IHD risk in other manufacturing sectors (20–22).

TheHWSE is a bias caused by a time-varying confounder that
is affected by past exposure, as illustrated in the directed acyclic
graph in Figure 1. In the graph for this study, past exposure (Et,
high PM2.5) is harmful to health (the time-varying confounder
Lt+1, a comprehensive health risk score) and, subsequently, less
healthy individuals are less likely to be exposed (Et+1, high
PM2.5).Marginal structural models (MSMs)with inverse prob-
ability weighting better address this time-varying confounding
and can provide unbiased causal effect estimates under certain
assumptions (23–26). This method was recently implemented
in a prospective study of work-related asthma to address the
HWSE (27). In the present study, we address the HWSE in
the aluminum industry study mentioned above by examining
the data structure and implementing MSMs in 2 subcohorts
of aluminum workers (in smelting and fabrication facilities)
to assess the relationship of PM2.5 with the risk of IHD.

METHODS

Study population and outcome assessment

We conducted our analysis using data from hourly workers
at 11 US plants of the same aluminum company.Workers had

to be enrolled in the primary insurance plan and employed for
at least 2 years during follow-up to be eligible. To exclude
prevalent cases, we required a 2-year washout period without
any IHD claims. Follow-up began on January 1, 1998, (after
the application of the 2-year inclusion criterion) for most
plants and on January 1, 2003, for the 2 facilities acquired
by the company at a later date. Subjects were enrolled either
at the start of follow-up or on their dates of hire (plus 2 years),
whichever came first.

Incident IHD cases were identified from health insurance
claims through 2012 or until the date of active employment
termination (whichever occurred first). IHD cases were de-
fined as subjects with insurance claims for relevant procedures
(i.e., revascularization, angioplasty, bypass), hospitalization
for 2 or more days, or face-to-face visits with International
Classification of Diseases, Ninth Revision, admission codes
for IHD (codes 410–414) or death from IHD (identified by In-
ternational Classification of Diseases, Ninth Revision, codes
410–414 or International Classification of Diseases, Tenth Re-
vision, codes I20–I25) while actively employed and without
any previous incident IHD event. Deaths were identified
from theNational Death Index (National Center for Health Sta-
tistics, Hyattsville, Maryland) through 2011.

Covariate information

Information was available on age, sex, race, and job grade
through employment records. Data on smoking status, height,
and weight were collected at occupational health clinics located
at each of the facilities, and availability varied by facility. We
used multiple imputation for the missing data on smoking and
bodymass index (BMI) (weight (kg)/height (m)2). Information
was also available on dates of diagnosis of hypertension, diabe-
tes, and dyslipidemia during follow-up. In addition to these
medical conditions, we also had access to a time-varying health
risk score, derived using a third-party algorithm (Sightlines
DxCG Risk Solutions software, Verisk Analytics, Inc., Jersey
City, New Jersey) to predict future health expenditures for
insurance purposes. The scores were based on medical and
pharmacy data using Current Procedural Terminology codes,
International Classification of Diseases codes, use of health
care services, and risk-adjustment algorithms. They were com-
parable to those used by the Centers forMedicare andMedicaid
Services and other insurance bodies (28, 29), and yearly values
were available. The risk score has been found to be associated
with a variety of health outcomes, including diabetes complica-
tions, acute injury, and death (29–31); this variable was the
proxy for overall health status in our analysis.

Exposure assessment

Average annual PM2.5 concentrations (in mg/m3) were as-
signed to distinct exposure groups within each plant to create
a job exposure matrix. The estimates were based onmore than
8,000 industrial hygiene samples collected over 25 years by
the company, as well as measurements collected by our re-
search team in 2010–2011. The exposure assessment has
been described in detail elsewhere (25). Exposure estimates
for each job-year were classified by confidence level. “High
confidence” was assigned if estimates were based on direct

Et L t+1 t+1E Y

U

Figure 1. Directed acyclic graph representation of the healthy
worker survivor effect in a study population of active US aluminum in-
dustry workers, 1998–2012. An indication for poor health status (L),
which is also associated with the outcome (Y ), is affected by previous
exposure (Et) and, in turn, reduces the probability of subsequent expo-
sure (Et+1).U represents a common cause of intermittent health status
L, and the outcome Y and subscripts indicate time points in a longitu-
dinal study.

Ischemic Heart Disease in the Aluminum Industry 609

Am J Epidemiol. 2014;180(6):608–615

 at Stephen B
. T

hacker C
D

C
 L

ibrary on N
ovem

ber 4, 2014
http://aje.oxfordjournals.org/

D
ow

nloaded from
 

http://aje.oxfordjournals.org/


measurements of total PM rather than extrapolation. As in
previous analysis of these data (14), we restricted person-time
to years with a high-confidence PM2.5 exposure value, which
accounted for approximately 80% of all observations. A di-
chotomous exposure variable was defined for each subgroup
using the 10th percentile of the distribution of PM2.5 across
person-time. We also considered a categorical exposure with
values below the 10th percentile as the reference group and 4
higher categories determined by quartiles of the remaining
distribution.

Statistical analysis

Traditional analysis. All analyses were stratified by work
process (smelting or fabrication). Standard Cox proportional
hazards regression models were fitted to estimate hazard ra-
tios for the PM2.5 exposure and incident IHD. Attained age
was used as the time scale, and models were stratified so that
baseline hazards were allowed to vary by decade of age. Mod-
els also included covariates for sex, race (white or nonwhite),
job grade (dichotomous variable, defined as above or below
the median for each facility), smoking status (current, ever,
or never), plant, and BMI value. Risk score was entered in
the models as a continuous variable after it was recoded into
deciles. Approximately 8% of the observations were omitted
because of a lack of risk score data.
Multiple imputation using the MI procedure in SAS, ver-

sion 9.3, software (SAS Institute, Inc., Cary, North Carolina)
was used to impute missing data for smoking (60% missing)
and BMI (30% missing). Given the sources of the smoking
and BMI data, it was plausible to assume the data were miss-
ing at random after accounting for case status and the vari-
ables included in the main analytical models. We first
imputed BMI values using the expectation-maximization
algorithm (32). Smoking status was subsequently imputed
using the logistic regression method.
To examine whether traditional models sufficed in each

subcohort analysis, we examined pathways (Figure 1) by es-
timating associations between past exposure and subsequent
health status (i.e., risk score) and between health status and
subsequent exposure. If the latter association is not present,
there is no need to adjust for health status; if the former asso-
ciation is not present, adjustment using a conventional Cox
model is appropriate. If both associations are present, then
the MSM is a more appropriate approach. To examinewhether
exposure in the past year was predictive of risk score, we fitted
linear regression models for decile of risk score, adjusted for
the same covariates as outcome models (i.e., lagged risk
score and previous diagnoses of diabetes, hypertension, and
dyslipidemia).

MSMs and inverse probability weighting. For the MSMs,
pooled logistic models for the annual exposure were fitted to
determine the inverse probability weights. The models in-
cluded covariates for age, sex, race, smoking status, BMI,
job grade, and plant, as well as exposure status (as a dichot-
omous variable) in the previous year. Risk score estimation
was based on past data and, thus, chronologically precedes
exposure in each person-year (Figure 1); it was entered in
the model without lagging. Estimation of inverse probability
weights has been described in detail elsewhere (24, 25).

Briefly, the weights for each subject at a given time point
are proportional to the inverse of the probability that each
subject had his or her own actual exposure history at a
given time. These probabilities were estimated as the product
of the probability of a subject receiving his or her own expo-
sure in each year using predicted values from the logistic
models described above, resulting in subject-specific, time-
dependent weights (per person-year). Stabilized weights
were estimated to minimize variability and extreme weight
values (23). The same process was repeated for the categor-
ical exposure variable with the use of multinomial logistic
models.
Cox models with robust variance estimation were then fit-

ted using the pseudopopulation created by the inverse prob-
ability weights in which the pathway of exposure to outcome
is no longer confounded by intermediate health status (i.e.,
the arrow from Lt+1 to Et+1 in Figure 1 is no longer present).
As in the standard models, attained age was the time scale,
and the rest of the covariates listed above (with the exception
of risk score) were also included in the models.
Primary analyses included imputed smoking status and

BMI data. A sensitivity analysis was also conducted using
only available smoking data with a categorical smoking var-
iable coded as current, ever, never, or missing.

Inverse probability of censoring weights. Censoring oc-
curred at employment termination prior to the administrative
end of follow-up, and was due to retirement, layoff, transition
to salary (no longer working as an hourly worker), or volun-
tary quitting. Opting out of the primary health plan also re-
sulted in censoring because participation in the plan was
required for ascertainment of the outcome. The possibility
that censoring was related to both the health outcome and ex-
posure (i.e., informative censoring) was addressed through
the use of inverse probability of censoring weights. For this
purpose, we considered terminations prior to the age of 55
years, without evidence of a layoff, transition to salary, or
change in health claim eligibility as less likely to be related
to normal retirement. Censoring weights were calculated
using logistic models for the probability of remaining uncen-
sored through each year on the basis of exposure, in addition
to the same predictors as those included to estimate the expo-
sure weights. Stabilized weights were used. Cox models were
then fitted to the pseudopopulation that resulted from apply-
ing both exposure and censoring weights. We also considered
less restrictive definitions, treating all employment termina-
tions of workers under the age of 55 years as censored, and
finally, all terminations, regardless of worker age, as censored.

RESULTS

Demographic characteristics for the cohort, stratified into 2
subgroups, are summarized in Table 1. The final sample con-
sisted of 5,555 smelters and 7,394 fabricators. The cohort
was predominantly composed of white men, especially in
the smelting facilities. Overall, the characteristics of workers
in the 2 types of facility were very similar at baseline, with
fabricators appearing slightly less healthy, as indicated by a
higher risk score. The crude IHD incidence rate over the du-
ration of follow-up was also slightly higher in fabricators
(7.1%) than in smelters (6.2%). Exposures were considerably
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higher in smelting facilities, with a mean of 2.17 mg/m3

(median, 1.96 mg/m3) versus a mean of 0.33 mg/m3 (median,
0.20 mg/m3) in fabrication facilities. The 10th percentiles
were 0.26 mg/m3 in smelting facilities and 0.07 mg/m3 in
fabrication facilities.

Exposure was a statistically significant predictor in linear
regression models of risk score in smelters, with a higher
risk score associated with exposure. By contrast, past expo-
sure did not predict risk score in fabricators (Table 2). Lagged
risk score, age, and diagnosis of diabetes, hypertension, or
dyslipidemia were strong predictors of the risk score variable
in both smelters and fabricators.

On the basis of logistic regression, risk score was a statisti-
cally significant predictor of subsequent exposure in both
smelters and fabricators, with odds ratios less than 1.00. Ex-
posure in the previous year, however, was the strongest pre-
dictor for subsequent exposure in both strata. Finally, risk
score was also a strong predictor of incident IHD, with hazard
ratios of 2.24 (95% confidence interval (CI): 2.02, 2.48) and
1.99 (95% CI: 1.84, 2.16) associated with each 1-decile in-
crease in risk score for smelters and fabricators, respectively.
The means of the computed inverse probability of exposure
weights were 1.00 (standard deviation, 0.09; range, 0.29–
3.76) in smelters and 1.00 (standard deviation, 0.10; range,
0.27–4.27) in fabricators.

Hazard ratios fromCoxMSMswere higher than traditional
Cox hazard ratios in smelters, but not in fabricators (Figure 2),
with a hazard ratio in smelters of 1.98 (95% CI: 1.18, 3.32)
comparing those always exposed above the cutoff versus
those always exposed below the cutoff. The hazard ratio

from a traditional Cox model for fabricators, unadjusted for
risk score, was 1.24 (95% CI: 0.92, 1.68). A traditional
Cox model adjusting for risk score yielded a hazard ratio of
1.34 (95% CI: 0.98, 1.83). Results from a sensitivity analysis
using only available data on smoking (not imputed values)
were not substantially different. Cox MSMs yielded higher
hazard ratios than traditional models in smelters when

Table 1. Demographic Characteristics of a Cohort of Actively EmployedUSAluminumWorkers at the Start of Follow-up, Stratified by Facility Type,

1998–2012

Characteristic
Smelting Facilities Fabrication Facilities

No. % Mean (SD) Median (Range) No. % Mean (SD) Median (Range)

No. of workers 5,555 7,394

Person-years 35,554 48,119

Length of follow-up, years 6.73 (4.35) 6.93 (4.60)

No. of IHD cases 347 6.2 525 7.1

Year of hire 1989 (1944–2010) 1989 (1949–2010)

Male sex 5,250 94.5 5,962 80.6

White race 4,778 86.0 6,064 82.0

Age, years 43.19 (10.19) 44.10 (9.93)

Body mass indexa 29.29 (5.11) 29.60 (5.57)

Smoking statusa

Current 27.2 27.4

Ever 34.6 30.3

Diabetes 313 5.6 429 5.8

Hypertension 1,025 18.5 1,229 16.6

Dyslipidemia 968 17.4 1,234 16.7

Risk score 0.85 (0.15–54.98) 0.90 (0.15–51.07)

Abbreviations: IHD, ischemic heart disease; SD, standard deviation.
a Body mass index (weight (kg)/height (m)2) data were available for approximately 70% of the study population, and smoking status data were

available for 40%. The values presented here are based only on the available data.

Table 2. Associations Between Time-Varying Exposure to PM2.5

and Health Risk Score Variables in a Cohort of Actively Employed US

Aluminum Workers, 1998–2012a

Facility Type

Change in Risk Score
Associated With Past

Exposureb

Probability of Being
Exposed Associated

With a 1-Decile
Increase in Risk

Scorec

Change 95% CI OR 95% CI

Smelting 0.07 0.00, 0.13 0.94 0.91, 0.96

Fabrication 0.03 −0.03, 0.08 0.96 0.94, 0.98

Abbreviations: CI, confidence interval; OR, odds ratio; PM2.5,

particulate matter with aerodynamic diameter of 2.5 μm or less.
a Exposure defined using the 10th percentile as cutoff.
b Linear regression model controlling for risk score in the previous

year; age; sex; race; smoking status; body mass index (weight (kg)/

height (m)2); job grade; plant; and diagnosis of diabetes, hypertension,

or dyslipidemia.
c Logistic regression model controlling for exposure status in the

previous year, age, sex, race, smoking status, body mass index, job

grade, and plant.

Ischemic Heart Disease in the Aluminum Industry 611

Am J Epidemiol. 2014;180(6):608–615

 at Stephen B
. T

hacker C
D

C
 L

ibrary on N
ovem

ber 4, 2014
http://aje.oxfordjournals.org/

D
ow

nloaded from
 

http://aje.oxfordjournals.org/


the categorical exposure variable was considered. The high-
est hazard ratios were observed for the first 2 exposure cate-
gories compared with the reference category, whereas hazard
ratios for the 2 higher exposure categories were somewhat
lower (Table 3).
Most subjects who left follow-up prior to the administra-

tive end of the study did so because of termination of employ-
ment. To adjust for informative censoring, we also estimated
the inverse probability of censoring weights. Odds ratios
from logistic models for the probability of remaining uncen-
sored indicated that more highly exposed individuals were
more likely to remain uncensored. Risk scorewas also predic-
tive of censoring; healthier peoplewith lower risk scores were
less likely to be censored. However, adjustment with censor-
ing weights using the strictest definition of informative cen-
soring did not significantly affect the hazard ratio estimates
(Table 4).

DISCUSSION

We observed an increase in the risk of IHD when compar-
ing workers exposed above versus below the 10th percentile
of the PM2.5 exposure distribution in both smelting and fab-
rication facilities. Risk score, a time-varying confounder in
both the smelter and fabricator subcohorts, was associated
with prior exposure only in smelters. The hazard ratios
were higher in Cox MSMs than in traditional Cox models
in the smelter subcohort, where the pathway from exposure to
outcome more closely resembles the relationships illustrated

in Figure 1. This finding provides a partial explanation for the
weaker association previously reported in smelting facilities
than in fabrication facilities, which is the finding that moti-
vated this study (14).
By contrast, PM2.5 exposure in fabrication facilities did not

appear to affect intermediate health status, although there was
still a suggestion of higher risk of incident IHD. The absence
of an association between past exposure and the time-varying
confounder suggests there is no arrow from Et to Lt+1 (Fig-
ure 1). Therefore, results from the traditional Cox models
should be considered unbiased for the fabricator subcohort,
provided the assumptions of no unmeasured confounding
and correct model specification hold. Indeed, results from a
traditional model and a MSMwere not substantially different.
Overall, our results indicate that occupational exposure to

PM2.5 in the aluminum industry is associated with higher risk
of incident IHD. The relative risk was higher in smelters than
in fabricators when comparing exposures above and below
the 10th percentile of PM2.5 distribution. This difference is
likely explained by the much higher exposure range in smelt-
ing facilities. We also considered a categorical exposure
using multinomial logistic regression to estimate the inverse
probability weights. All hazard ratios were elevated, and sig-
nificantly so in the smelters. Results did not support a linear

Table 3. Hazard Ratiosa Associated With Categorical Exposures to

PM2.5 in a Cohort of Actively Employed US Aluminum Workers,

Stratified by Facility Type, 1998–2012

Exposure Category,
mg/m3, by Facility Type

Traditional Cox
Modelb

Cox
MSM/IPWc

HR 95% CI HR 95% CI

Smelting facilities

<0.260 1.00 Referent 1.00 Referent

0.260–1.469 1.51 0.98, 2.37 2.00 1.16, 3.45

1.470–1.959 1.73 1.06, 2.86 1.97 1.06, 3.67

1.960–2.589 1.53 0.97, 2.45 1.78 1.00, 3.18

≥2.590 1.53 0.97, 2.46 1.77 1.01, 3.11

Fabrication facilities

<0.07 1.00 Referent 1.00 Referent

0.07–0.139 1.34 0.96, 1.88 1.35 0.96, 1.88

0.140–0.219 1.29 0.90, 1.87 1.18 0.83, 1.69

0.220–0.369 1.29 0.89, 1.86 1.31 0.90, 1.89

≥0.370 1.31 0.92, 1.89 1.23 0.87, 1.75

Abbreviations: CI, confidence interval; HR, hazard ratio; IPW,

inverse probability weight; MSM, marginal structural model; PM2.5,

particulate matter with aerodynamic diameter of 2.5 μm or less.
a Observations below the 10th percentile of exposure are the

reference group.
b Cox models with attained age as time scale, including covariates

for sex, race, smoking status, body mass index (weight (kg)/height

(m)2), job grade, plant, and risk score. Baseline hazards based on

decade of age.
c Cox models with attained age as time scale fitted in a pseudo-

population created by use of inverse probability weights, including

covariates for sex, race, smoking status, body mass index, job grade,

and plant. Baseline hazards based on decade of age.

Facility Type

H
az

ar
d 

R
at

io

Smelting Fabrication

0.2

0.5

1.0

2.0

3.0

4.0

5.0
Traditional Cox
MSM Cox

Figure 2. Hazard ratios from both traditional Cox models and Cox
marginal structural models (MSMs) for the risk of ischemic heart
disease comparing those always exposed above the 10th-percentile
exposure distribution cutoff of particulate matter with aerodynamic
diameter of 2.5 μm or less with those always exposed below the cutoff
in smelting and fabrication facilities in a cohort of active US aluminum
industry workers, 1998–2012. Bars, 95% confidence intervals.
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dose response, however, and associations in the highest cat-
egories were slightly lower than in the middle categories
among smelters. The lack of trend may be partially explained
by exposure misclassification and company screening pro-
grams, as described below.

Respirator use was not considered in the estimation of
PM2.5 values. Respirators to protect against PM are more fre-
quently used in the jobs with higher PM exposure, and this
would likely lead to greater misclassification in the higher
end of the exposure range, and more so in smelting facilities.
The use of a simple binary measure of exposure is probably
less likely to be affected by exposure misclassification, espe-
cially at the lower ends of the exposure distribution, than a
categorical variable.

Furthermore, the company has a posthire job placement
program for smelters, which is designed to place higher-risk
individuals in less physically demanding and hazardous jobs
(14). Differential health screening for jobs with respect to ex-
posure may result in a “healthy hire” effect even within a sin-
gle facility, if the more highly exposed individuals are more
thoroughly screened and, therefore, at lower risk for heart dis-
ease. Both of these limitations could undermine an analysis
of continuous exposure that assumes a linear dose response.

In this cohort, no workers were truly “unexposed”; even
the 10th percentile of exposure was several orders of magni-
tude higher than the US Environmental Protection Agency
(Washington, DC) environmental air quality standard of
15 µg/m3for annual average ambient PM2.5. Our choice of ex-
posure cutoff for this internal comparison was based on the
exposure distribution and limited by power considerations.
Implementation of inverse probability of exposure weights
is more straightforward with dichotomous exposures, though
inferences about exposure-response relationships are more
limited. The distributional assumptions required for applying
inverse probability of treatment weights to continuous expo-
sure metrics (23) were not met in this study; the PM2.5 data
were highly skewed.

MSMs are 1 of several alternative g-methods that have been
developed to address time- varying confounders affected by
prior exposure (23, 24, 33–36). Assuming correct models
(both for weights andmain analysis), conditional exchangeabil-
ity given the observed covariates (or no unmeasured confound-
ing), and positivity, MSMs can provide consistent estimates of
average causal effects of exposure (25). Positivity requires that
the probability of receiving exposure is non-0 for all nonempty
combinations of covariates. In studies in which follow-up ex-
tends beyond active employment, and active employment sta-
tus is used as a proxy for a time-varying overall health variable,
there is a positivity violation because thosewho are not actively
employed are, by definition, unexposed. This, however, is not
the case in occupational studies of activeworkers (20, 23). In the
present study, the probability of receiving exposure is non-0
for all levels of the time-varying confounder (risk score), and
MSMs can therefore be used, in addition to g-estimation of
structural nested models and the parametric g-formula. MSMs
provide the advantage of being less computationally intensive
than structural nested models, and they allow the estimation of
logistic or Cox model parameters, as in traditional survival anal-
ysis (24). Follow-up in this study was restricted to active em-
ployment because outcomes were based on medical claims
available only for those still at work.

Previous studies that have attempted to control for the
HWSE as a time-varying confounder affected by prior expo-
sure have used proxies for intermittent health status, such as
time off work (30, 37, 38). In this study, a time-varying risk
score, a comprehensive health status variable designed to pre-
dict future health expenditures, was available. This risk score
is a more direct measure of health status; it was found to be a
strong predictor of the IHD outcome in this cohort study and
has also been shown to predict a variety of health outcomes
(28–31). Unlike most occupational cohort studies, the present
study included information on many other potential con-
founders, although some missing data on cigarette smoking
and BMI were a limitation.

Table 4. Associations Between Binary Exposure to PM2.5 and

Censoringa and Incident IHD Hazard Ratios for Binary Exposure

Based onCoxMarginal Structural ModelsWith andWithout Censoring

Weightsb in a Cohort of Actively Employed US Aluminum Workers

Stratified by Facility Type, 1998–2012

Definition of Censoring
Used to Create Weights,

by Facility Type

Probability of
Remaining
Uncensored

Associated With
Exposure to PM2.5

Risk of IHD
Associated With
Exposure to PM2.5

OR 95% CI HR 95% CI

No censoring weights

Smelting 1.98 1.18, 3.32

Fabrication 1.38 0.98, 1.94

All terminationsc

Smelting 1.07 0.95, 1.20 1.87 1.10, 3.18

Fabrication 1.05 0.94, 1.16 1.35 0.95, 1.91

<55 Years of age at

terminationd

Smelting 1.11 0.96, 1.28 1.96 1.17, 3.29

Fabrication 0.92 0.81, 1.05 1.36 0.97, 1.91

<55 Years of age
and not laid off,
transferred to
salary, or having
lost claims

eligibilitye

Smelting 1.25 1.05, 1.48 1.95 1.17, 3.27

Fabrication 1.09 0.92, 1.30 1.37 0.97, 1.93

Abbreviations: CI, confidence interval; HR, hazard ratio; IHD,

ischemic heart disease; OR, odds ratio; PM2.5, particulate matter

with aerodynamic diameter of 2.5 μm or less.
a From logistic models for the probability of remaining uncensored,

including covariates for sex, race, smoking status, body mass index

(weight (kg)/height (m)2), job grade, plant, and risk score.
b Hazard ratio comparing those always exposed above with those

always exposed below the 10th percentile of PM2.5 cutoff.
c A total of 2,641 workers in smelting facilities and 3,707 workers in

fabrication facilities were considered censored.
d A total of 1,446 workers in smelting facilities and 2,210 workers in

fabrication facilities were considered censored.
e A total of 956 workers in smelting facilities and 1,178 workers in

fabrication facilities were considered censored.
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Approximately half of the hourly workers in this study did
not reach the administrative end of follow-up or develop the
outcome. Retirement was the most likely reason for termina-
tion, and, therefore, the end of follow-up. Other causes in-
cluded voluntary quitting, company-initiated termination,
transition from hourly work to salary, or change in health
claims eligibility (the latter 2 being exclusion criteria for
this cohort). At certain time points during follow-up, layoffs
and accelerated retirements also occurred at various levels
across facilities because of downsizing and cuts in production
brought on by economic recession (28). As described in the
general terms suggested by Hernán et al. (39), censoring in
this study is likely related to exposure both directly and indi-
rectly through unmeasured economic and other industry-
related factors (E → C and E ← U2 → C paths, Figure 3).
This, as well as lack of detailed information on the reason
for termination of employment at the individual level,
made classifying terminations into uninformative versus in-
formative censoring especially challenging.
Potentially informative censoring (i.e., related to health

status and exposure) was examined through the use of inverse
probability censoring weighting. Inverse probability weights
create a pseudopopulation in which, under a set of assump-
tions and correct model specification, there is no bias due
to censoring. The target parameter in this pseudopopulation
is the effect of exposure “had no one been censored,”which is
unrealistic for occupational health studies if we treat normal
retirement as censoring. Therefore, we chose to define cen-
soring as termination of employment prior to the age of 55
years to capture premature retirement or voluntary quitting.
We also excluded layoffs because they were assumed not to
be caused by exposure. Unfortunately, we could not distin-
guish recession-related early retirements from those poten-
tially caused by harmful exposure.
Exposure appeared to be protective for censoring, suggest-

ing that lower-exposure jobs may have been more likely to be
eliminated because of unmeasured economic or other indus-
try-related factors. This finding should be interpreted with
caution given the challenges in distinguishing informative
from noninformative censoring, but informative censoring
may be a source of bias in some occupational studies, and
controlling for it may sometimes correct underestimates of

exposure response. Censoring did not appear to be very influ-
ential in this study.
We observed a higher risk of IHD associated with occupa-

tional PM2.5 exposure among workers in the aluminum indus-
try. We also observed a downward bias due to the HWSE in
smelting facilities, leading to attenuation in traditional models
compared with MSMs. Concentration and particle composi-
tion may account for differences in the magnitude of IHD
risk associated with exposure in the 2 different work environ-
ments, but the evidence suggests a higher risk of IHD in rela-
tion to PM2.5 exposure in both smelters and fabricators.
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